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My family moved to Windhoek, Namibia (SADC member-country) in 1993. Namibia is

absolutely stunning; plus, I loved our new adventure outside of Nigeria. Little did I know

that we had settled into the aftermath of an apartheid era government. For as long as they

could, my parents did an excellent job of shielding my siblings and I from the realities of our

new environment. Afternoons with my siblings were spent playing by the pool of our new

home. One particularly sunny afternoon, I noticed my parents were staring intensely at the

television. At the time, I had never seen them as deeply attentive to a broadcast. Although the

pool was calling, the intensity my parents directed at the TV screen was unusually intriguing.

They were watching a man addressing, through a microphone, the very large crowd that had

gathered around him. “Who is that?”, I asked my parents. It was Nelson Mandela, speaking

to the people of South Africa, during his presidential campaign.. . . It would be years later till

I understood what that fragile afternoon meant for the southern African region. It would be

years later that I would understand that my father’s intensity was centered on his work as part

of the first UN delegation sent to Namibia to ensure that the then-relatively new peace treaty

with South Africa would remain ratified; and that the new and functioning government would

continue to peacefully flourish, and contribute to a stable SADC region. It would be years later

that I would understand that my mother’s intensity that afternoon was centered on the safety

on the future of our family in a new, uncertain, yet promising environment.. . . Namibia finds

wealth in her vibrant mining and fishing sectors; yet, many citizens persist in less than ideal

economic conditions, denied access to a decent life because of economic paradigms outside of

their control. Having seen, first-hand, the aftermath of lawful economic repression, it is to

those on the Continent, those in Namibia – who, at this hour, find themselves marginalized

and economically oppressed – that I dedicate this dissertation: The Continental push towards

economic sustainability, that began long ago, is yet ongoing: May the fruits of said push, and

may the fruits of this continued labor reach the doorstep of the Continent’s forgotten.. . .
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Based on extant literature, it is unclear whether life-expectancy-at-birth estimates are im-

proved, or adversely affected, by maladapted foreign capital instruments. Accordingly, this

study presents a thematic review, guided by existing research, on the comparative effec-

tiveness and/or analogous deleterious effects of the influence of capital instruments on the

sub-Saharan economy. From an analytical perspective, the ultimate objective of this project

is to improve the scientific rigor of the observable reality of economic conditions in develop-

ing countries that are dependent on FDI and ODA as substantial capital instruments within

their national budgets. As a preliminary evaluation method, and to compensate for non-

normality, this study incorporates Bayesian P-splines into the analytical process, necessarily

for imputation, but also for smoothing, and preventing overfitting. The captured posterior

rate changes are expected to offer insight into the downstream impact of foreign capital flows

on human development indicators south of the Sahara. Overall, considering the sub-regional

infant mortality aggregate, and the expectation that ODA has no explanatory power in the

trend in infant mortality rates (Hypothesis 1), the SADC posterior outcome of the Bayesian

Structural Time Series (BSTS) specification yielded strong statistical evidence, whilst the

evidence for ECOWAS is substantial, according to the Harold Jeffery’s scale. From an ide-

vii



alistic, theoretical perspective, the ultimate expectation for the findings of this study is that

they proffer meaningful evidence that informs real-world decisions for capitalists, NGOs, and

policymakers who write and drive directives with a focus on the sub-Sahara.

viii



TABLE OF CONTENTS

ACKNOWLEDGMENTS . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . v

ABSTRACT . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . vii

LIST OF TABLES . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . xiii

LIST OF FIGURES . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . xv

LIST OF ACRONYMS . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . xx

CHAPTER 1 INTRODUCTION . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1

1.1 Preamble . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1

1.2 Development Economics vs. the Practice of Development . . . . . . . . . . . 2

1.2.1 Economic Fundamentalism in the Development Context . . . . . . . . 2

1.2.2 Economic Development in Tandem with Human Development . . . . 4

1.2.3 Human Development as a Function of Economic Development . . . . 5

1.2.4 Infant Mortality as an Indicator of Development . . . . . . . . . . . . 7

1.3 Statement of the Problem . . . . . . . . . . . . . . . . . . . . . . . . . . . . 9

1.4 Concluding Statements . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 12

CHAPTER 2 REVIEW OF EMPIRICAL LITERATURE . . . . . . . . . . . . . . 15

2.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 15

2.2 Study Significance: Identifying Development Pathologies . . . . . . . . . . . 18

2.3 Background: Sources of Foreign Capital . . . . . . . . . . . . . . . . . . . . . 21

2.3.1 Foreign Capital Inflows: ODA . . . . . . . . . . . . . . . . . . . . . . 21

2.3.2 Foreign Capital Inflows: FDI . . . . . . . . . . . . . . . . . . . . . . . 26

2.4 How Does Child Development Respond to Capital Accumulation? . . . . . . 30

2.4.1 Infant Mortality Assumption . . . . . . . . . . . . . . . . . . . . . . . 31

2.4.2 Infant Mortality Risk Review: Intertemporal Utility Function . . . . 32

2.5 Theoretical Development: Framing Under-development . . . . . . . . . . . . 34

2.5.1 ODA: Identifying Development Pathologies . . . . . . . . . . . . . . . 35

2.5.2 FDI: Identifying Development Pathologies . . . . . . . . . . . . . . . 40

2.6 Counter-theoretical Arguments . . . . . . . . . . . . . . . . . . . . . . . . . 42

2.7 Comparative Design Analysis (CDA) . . . . . . . . . . . . . . . . . . . . . . 46

ix



2.7.1 CDA: Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 53

2.7.2 CDA: Concluding Thoughts . . . . . . . . . . . . . . . . . . . . . . . 55

CHAPTER 3 METHODOLOGY: PRELIMINARY DIAGNOSTICS . . . . . . . . . 57

3.1 Research Questions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 57

3.2 Hypothetical Expectations . . . . . . . . . . . . . . . . . . . . . . . . . . . . 59

3.3 Measurement of Study Variables: Sampling Frame . . . . . . . . . . . . . . . 60

3.3.1 Measurement of Study Variables: Unit of Analysis . . . . . . . . . . . 64

3.4 Measurement of Dependent Variable: Infant Mortality . . . . . . . . . . . . 67

3.4.1 Theoretical Infant Mortality Index . . . . . . . . . . . . . . . . . . . 68

3.5 Operationalization of Study Variables . . . . . . . . . . . . . . . . . . . . . . 70

3.5.1 Data Source and Variable Definitions . . . . . . . . . . . . . . . . . . 71

3.6 Sub-regional Confidence Intervals . . . . . . . . . . . . . . . . . . . . . . . . 74

3.6.1 Missingness Overview: National Demographic Data . . . . . . . . . . 78

CHAPTER 4 METHODOLOGY: BAYESIAN IMPUTATION . . . . . . . . . . . . 87

4.1 Missing Data: An Overview . . . . . . . . . . . . . . . . . . . . . . . . . . . 87

4.2 General Bayesian Imputation Framework . . . . . . . . . . . . . . . . . . . . 88

4.2.1 Visualization of Simultaneous Imputation Modeling Process . . . . . 90

4.3 Empirical Overview: AMELIA II . . . . . . . . . . . . . . . . . . . . . . . . 93

4.3.1 Amelia Assumptions . . . . . . . . . . . . . . . . . . . . . . . . . . . 95

4.3.2 Procedural Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . 97

4.4 AMELIA II: Preliminary Round Results . . . . . . . . . . . . . . . . . . . . 98
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CHAPTER 1

INTRODUCTION

1.1 Preamble

Doctrinal theories of economics continue to meet defiance, dressed as market failures, in

developing regions. This study probes this phenomenon, through the lens of dependency

and diffusionist doctrines, by analyzing the impact of development economics on human

development. More specifically, this cross-national study addresses the nature of the rela-

tionship between foreign capital instruments and infant mortality rates, in nations south of

the Sahara, financing fiscal deficits with substantial amounts of foreign debt.

The influence of foreign debt instruments on economic development in sub-Saharan Africa

(SSA) has sparked polarizing polemics between neo-Marxist dependency and neo-Classical

diffusionist scholars. Diffusionists present strongly opposing viewpoints to those proposed

by the dependency school-of-thought, concerning the effects of market activity on the pop-

ulation. The primary conclusion of literature (Bullock, 1987; Dixon, 1984) centered on

diffusionist economic theory is that foreign investments promote economic development.

Conversely, the principal conclusion of dependency literature (Moyo, 2009; Mwenda, 2007;

Wimberley, 1990) intimates an alternate relationship, wherein the influx of foreign capital

is accompanied by underdevelopment, and a worsening of human development indicators,

including increases in infant mortality.

This study addresses the perceived contradictions, identified in the preceding, by struc-

turing a quantitative approach that is expected to contribute empirical insight to theoretical

discussions, and scholarly debates, concerning the nature of the hypothesized relationship

between foreign debt capital and modifiable infant mortality indicators, south of the Sahara.

As such, the ultimate post-analytical objective, is to examine the plausibility of assumptions

made by neo-Marxist and neo-Classical scholars, concerning the impact of foreign capital
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instruments on sub-Saharan developing economies. The theoretical asymmetries, discernible

in both schools-of-thought, warrants empirical investigation, so as to ascertain the viability

of claims made by both sides of the aisle, and, if need be, cogitate corrective policies.

1.2 Development Economics vs. the Practice of Development

Development economics and the practice of development are two separate, but inter-related

processes which have yet to find a healthy symbiosis in the context of the sub-Sahara.

Although both processes are fundamentally enmeshed – for example, key development insti-

tutions, like the World Bank, are managed and saturated by economists – the extant level of

synchrony between development economics and the practice of development in sub-Saharan

Africa is disjointed, at best, and disconcerting, at worst (Fforde, 2013).

For the developing nation, the practice of development finds fruition when national issues

are addressed in tandem with economic assistance. In other words, in newly industrializing

nations, during the planning and policy-making stages, the practice of development is fruitful

when it involves, amongst other things, laying groundwork for targeted growth, sustainable

beyond critical levels.

Further, funding industrial growth benchmarks is the principle target in the study of de-

velopment economics: Once growth targets have been identified, the fundamental elements

of development economics kick-in – beginning with a development budget, and continuing,

ideally, with plans/policies drafted to fund/support each new stage of growth, until sus-

tainability is achieved. Thus, both during and after the planning and policy-making stages,

implementation of development goals depends heavily on economic activity.

1.2.1 Economic Fundamentalism in the Development Context

Ray (1998) treats economics as functionally independent by isolating economics, but places

it within the context of development: The author suggests that when economics is isolated

2



from development, economics is bound by its own laws. Ray clarifies that functionally iso-

lating economics from development also allows for the cause and effect relationship between

development and economics to be efficiently monitored. Thus, holding development con-

stant, the degree of economic growth can be assessed, based on the level and distribution

of economic objectives, as set forth by the fundamental laws of economics; and, ultimately,

once determined, the economic growth rate can then be measured against the level of devel-

opment.

Todaro and Smith (2012) question the central role assigned to economics regarding de-

velopment. By extension, (Fforde, 2013) asserts that development cannot be restricted to

economic fundamentalism because there exists a range of peripheral factors that, given the

appropriate weight, have significant implications for human development. In other words,

there are social processes that exist on the periphery of economic activities; and, these social

processes mirror the impact that economic activities have on human development: “Socioe-

conomics evaluates how economic activity affects social processes . . . it analyzes how societies

progress, stagnate, or regress because of their local or regional economy, or the global econ-

omy” (Eatwell et al., 1987, p. xii). Said differently, a symbiosis exists between social and

economic development processes, and said symbiosis, can be evaluated using socioeconomic

indicators. Therefore, an investigation of market system functionality, especially within the

context of development, should not be limited to income related inputs because, when pe-

ripheral factors are assigned the appropriate weight, significant implications could emerge

for human development outcomes.

As such, rather than functionally isolating economics from the context of development,

a re-integration of economics into the discussion on human development is a necessary first

step towards understanding how capital intervention measures (development funding mecha-

nisms) – meant to remedy economic inequalities and weak economic progress – affect human

development measures, like health and healthcare outcomes.
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1.2.2 Economic Development in Tandem with Human Development

The neo-Classical interpretation of sub-Saharan economic development relies on the efficacy

of factor and product markets in the allocation of resources (Killick, 1980). At the granular

level, estimating income elasticities of demand, as products are allocated to the market, is

an essential part of crafting social and economic development policy (Haque, 2006).

During the interim development stage, Killick (1980) hypothesizes that income inequality

rises sharply and quickly, before declining at more advanced stages of development (p. 379).

As such, redistributive growth strategies targeting vertical equity amongst income groups

cannot rely solely on geospatial constructs within a regional setting.

In other words, economic redistribution strategies cannot solely focus on urban areas,

whilst excluding rural settings. Equally, rural settings should not be the sole beneficiaries

of redistribution policies, if equity in economic growth is expected. Further, economic cri-

teria used in evaluating income elasticities will vary per country (and even, per sub-region),

relative to the different stages of development in a specific area/region, at any given point

in time. As such re-distributive growth strategies should be flexible enough to incorporate

region-specific vulnerabilities, which should extend to rural areas. That is to say, a system-

atic relationship exists between income inequality and the different stages of development,

wherein, during the early stages of development, there is relatively less skewness in the

distribution of the interaction between income inequality and development (Killick, 1980).

From a broader perspective, as Killick (1980) clarifies, during the decades between 1960

and 1980, even though the aggregate GDP of developing nations grew faster than that of

advanced capitalist countries, today, economic disparities are still evident in many sub-

Saharan economies, where capital and factor market distortions; the availability of natural

resources; population size relative to GDP; and, capital flows relative to total trade and

investment means that, in the sub-Sahara, stages of development are not homogenous from

one country to the next.

4



All in all, whilst rapid economic growth is a necessary condition for development, it is

not a sufficient condition because economic discontinuities, which emerge because of income

inequalities, for example, are not captured in GDP indicators. Improvements in our un-

derstanding of the relationship between income elasticities, income inequality and economic

development are important; yet, these measures not the only/most important indicators as-

cribable to the broader spectrum of socioeconomic development: Measuring the non-income

dimensions of inequality is of equal importance, not only in terms of assessing inequality

at the different stages of development, but also in terms of providing relevant economic

interventions (Collier, 2007; Sachs, 2005).

1.2.3 Human Development as a Function of Economic Development

According to Agénor and Montiel (2015), standard macroeconomic assumptions are tailored

to accomodate developed – not developing – economies. Further, the economic-centered

approach to development relies on the income dimension as the litmus test for development

– for example, gross domestic product (GDP) measures are commonly used to determine

economic growth margins. Fforde (2013) explains that the popularized “one size fits all”

approach to using GDP as a measure of development is myopic because factors contributing

to GDP growth are not always contextually scalable. By extension, gross national product

per capita (GNP/N), as the sole measure of national development, cannot adequately capture

the progressive distribution of economic benefits, nor can it provide distinctions concerning

the number of those living in poverty, their health status, or the myriad other distinctive

features of human welfare (Kelley, 1991; Sen, 1981).

Scholarly efforts to find ways of thinking about the individual within the context of

the development matrix forged human development theories (Lerner, 2001). The argument

that GNP and GDP measures are reasonable proxies that adequately aggregate the several

dimensions of human welfare to provide human development measure has been upended
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and countered by human development approach – which allows for variants in empirical

inputs that characterize the more robust realities of human development to be conceptualized

and measured, using the human development index (HDI) (Kelley, 1991; United Nations

Development Programme [UNDP], 2009).

As a whole, the human development approach allows for a more expansive definition of

development versus GDP analyses (Tridico, 2011). Also, the human development approach

is a more appropriate development tool (in comparison to the GDP) because it allows for the

characterization of relevant differences within the non-income dimension – such as health,

education, accessibility to important goods, and longevity – all of which are crucial well-being

indicators (Kelley, 1991, Tridico, 2011, UNDP, 2005).

The Human Development approach prompts an evaluation of the well-being of people in

developing regions, by seeking answers the following questions: “Do they live long? Do they

escape preventable morbidity? Do they avoid mortality during infancy and childhood?”

(Anand and Ravallion, 1993, p. 135). Binary responses to the preceding questions find

numerical support in simple post-mortem counts, which usually offer raw, straightforward

infant mortality (IM) figures. Health service providers – through post-mortem fetal examina-

tions – can identify epidemiologies and determine the risk of recurrence, because oftentimes,

autopsy reports not only point to congenital abnormalities, but also pinpoint crucial epi-

demiological data, which can ascertain characteristic, biological causes of death (Cousens

et al., 2011).

Nevertheless, despite the relative feasibility of post-mortem counts, and in spite of the

near precision on morbidity and mortality information offered by scientific autopsy reports,

elusiveness reigns supreme regarding the effects of economic antecedents and their influence

on infant mortality rates (IMR) in the sub-Sahara. In the 1990s, the United Nations Develop-

ment Programme advanced the Human Development approach as a more humane alternative

to GDP measures of economic activity; and, adopted the Human Development Index (HDI)
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as the principle measure of development. HDI measures not only capture economic activity,

but also integrate social processes that exist on the periphery into indicators of development,

allowing for the relevant differences within non-income dimensions of development (which

are equally crucial well-being indicators, for example, measures of health, education, and

longevity) to be specified (UNDP, 1990, UNDP, 2005).

1.2.4 Infant Mortality as an Indicator of Development

Central to the topic of development funding – vis-à-vis income inequalities, emerging from

weak economic progress – is the issue of preventable infant mortality (PIM). To assess the

impact of socioeconomic variables on population trends, and effectively evaluate the enduring

impacts of public policy initiatives, researchers and policy-makers rely on infant mortality

data (Fosdick and Hoff, 2014) because the infant mortality rate is the most sensitive human

development indicator; and, because post-mortem counts are straightforward, surface-level

outcome disparities can be noted without complexity (Cornia et al., 2006) – affordability of

proper hospital care, for example.

When considered as a composite health index, infant mortality indices capture a range of

demographic and socioeconomic issues, from mother's age at birth and the spatial dimension

between births, to health care access, and developmental conditions related to government

investments/expenditure. As such, infant mortality rates both capture and highlight, not

only the socioeconomic, but also the healthcare status of a nation.

The first day of life for a newborn is the most dangerous; and, the first month is equally

critical – thus, for a neonate, the first four weeks of life are crucial to survival (Lawn et al.,

2005). During the neonatal period, approximately 4 million babies die per year (Lawn et al.,

2005); 3.2 million are stillborn; whilst an estimated 3.6 million die within the first month

(Vergnano, 2012). On a global scale, nearly 1.2 million intrapartum1 stillbirths are recorded

1Intrapartum stillbirths occur during labor.
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– this is in addition to around 1.4 million antepartum2 stillbirths – accounting for more

than half of all stillbirths reported (Lawn and Kinney, 2011). Worldwide, in 2004, stillbirths

accounted for over half of the 5.9 million perinatal3 deaths recorded, almost all of which

occurred in developing countries; 30% of which were in the least developed countries (World

Health Organization [WHO] – Department of Making Pregnancy Safer, 2006).

Sub-optimal socioeconomic conditions contributing to infant mortality counts in the sub-

Sahara are, oftentimes, preventable (Mokaya, 2010; Ruiz et al., 2015). Many of these recorded

unnecessary infancy-related deaths are traceable to inadequate health and neonatal4 care.

Low-and-middle income countries, unable to shoulder the burden of health care costs, pay

the price, on an annual basis, in intrapartum and antepartum deaths by the numbers. In

2010, a worldwide count revealed that 7.6 million children under the age of five died from

varying causes, and estimates suggest that most of these deaths could have been averted

through proven, low-cost interventions (Chopra et al., 2012).

Of particular importance to this study is the interplay between infant mortality and two

specific types of foreign capital instruments: i) official development assistance (ODA), and

ii) foreign direct investment (FDI). Both capital sources have come under continued scrutiny

in recent years because scholars (Frey and Field, 2000; Moyo, 2009; Sachs, 2005; Sell and

Kunitz, 1986; Shandra et al., 2004; Wimberley, 1990) have been unable to reach consensus

on the development-related performance of ODA and FDI, citing the relative ineffectiveness

of both instruments on human development correlates in Africa.

Although ODA and FDI have dissimilar objectives – in the sense that ODA mainly

targets development; whilst FDI is ROI-oriented and targets property and lasting interest

in host-country operations – many theoretical works, case studies, and historical accounts

2Antepartum stillbirths take place before labor is induced.

3Perinatal refers to deaths that occur in the number of weeks before or after birth.

4Neonatal period refers to the first four weeks of life.
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identify the detrimental socioeconomic consequences of both FDI and ODA in developing

nations (Frey and Field, 2000; Shandra et al., 2004; Wimberley, 1990). The main argument

this study presents is that, within the economic context of sub-Saharan Africa (SSA), foreign

aid feeds institutional pathologies that have deleterious consequences on human development

indicators in the long run – the most sensitive indicator being the regional infant mortality

rate.

1.3 Statement of the Problem

No nation, in the history of civilization, has become an economic success based on recurrent

donations from wealthy counterparts (Moyo, 2009; Mwenda, 2007). Since the 1940s, an

excess of US$1 trillion in ODA has poured through the borders of the sub-Sahara, yet,

despite the extent of capital influx to the Continent, many nations in the region remain

severely underdeveloped, and continue to underperform economically (Ferguson, 2014).

The Gini Coefficient for the sub-Sahara is as telling as it is troubling. Artadi and Sala-i-

Martin (2003) detail several aspects of SSA inequality, explaining that the Gini Coefficient

climbed upward from 0.58 in the 1970s, to 0.68 in 2000 – indicative of a fast-paced, upward

trend in income inequality. Further, the authors explain that in 1972, 48% of sub-Saharan

Africans lived in poverty, and this number had climbed to 60% by 1995. Around the globe

– and, in contrast to the climbing rate of poverty in Africa – poverty ratios fell from 37%

(1970) to 16% (2000) (Artadi and Sala-i-Martin, 2003).

What is evident, from the preceding discussion, is that economic development does not

materialize in isolation from human development: The reality of SSA foreign capital invest-

ments has shown an overall decoupling from socioeconomic indicators. Since the 1970s, when

philantrocapitalist countries pledged to donate 0.7% of their GNI (Gross National Income)

to developing nations, this target pledge has rarely been met. In some years, aid pledge-
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fulfillments range between 0.2% and 0.4% of donor-country GNI – notably, this still amounts

to hundreds of billions in aid (McGoey, 2014; Shah, 2010).

However, in light of growing de-globalization and increased protectionism (Barbieri, 2016;

Moyo, 2009), and faced with the reality that donor countries can experience liquidity con-

straints (as evidenced with the 2008 global financial crisis) developing economies cannot

afford to remain dependent on donor countries to finance basic social programs that ought

to be the normal function/job of any responsible government.

Post-independence, many African countries adopted a state-owned, interventionist eco-

nomic regime (Nellis, 2005). This means that national resource and wealth channels are

mostly state owned/controlled. Espousing socialist policies – which viewed placing govern-

ment at the helm of economic activities and endorsing the nationalization of private industry

– as the fastest means of establishing the wealth base, meant that policymakers became fun-

damentally ingrained into the structuring of market activity.

Instead of acting as development catalysts, Moyo (2009) explains that government over-

reach gradually has evolved – not only into a structural impediment to market functions –

but government overreach has also emerged as the primary hindrance to healthy economic

expansion, particularly with the introduction of foreign aid into SSA. Consequently, African

governments dependent upon aid, tend to abdicate their roles and neglect responsible fiscal

planning, in favor of easier foreign aid donations that do not require said governments to

answer to their citizenry.

This level of dependency enables “rentier” states to amass revenue or “honey pots”

without have to impose direct taxes on their citizens (Brainard and Chollet, 2007; Moyo,

2009). For states that are poor/failing, foreign aid represents a substantial portion of the

national budget, and has become the primary source of federal budget revenue. In Gambia

and Ethiopia, for instance, foreign aid makes up a staggering 97% of the national budget

(Moyo, 2009).
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Also, at the center of this aid development narrative, is the expectation that foreign

direct investment will outpace ODA, and become an alternative to development financing.

Extant evidence (Kristjansdottir, 2007; Moyo, 2009) is indicative of a gradual transition from

ODA to FDI, as regional per capita income levels climb higher. In other words, FDI is fast

becoming a substitute for ODA (Kristjansdottir, 2007). This transition could, potentially,

be problematic for economies in weak states.

A weak state is often plagued with ineffective governing institutions and a lean or mal-

adapted tax base, making it difficult for such a state to benefit from a stable tax structure

that can draw tax revenue from all sectors of the economy, including FDI streams. A state

that is missing a stable tax structure is also likely to operate without financial accountability,

which further hinders economic stability (Brainard and Chollet, 2007).

ODA mainly targets infrastructural development. On the other hand, FDI is (return-on-

investment) ROI-oriented; targeting property and lasting interest in host-country operations.

Although ODA and FDI have dissimilar objectives – in the sense that ODA development-

centric, whilst FDI is ROI-oriented – many theoretical works, case studies, and polemics

identify the detrimental socioeconomic consequences of both ODA and FDI in developing

nations (Frey and Field, 2000; Shandra et al., 2004; Wimberley, 1990). Several scholars (Bul-

lock, 1987; Cutright and Adams, 1984; Frey and Field, 2000; Jackman, 1975; Shandra et al.,

2004; Shen and Williamson, 1997; Wimberley, 1990) have found that, as capital instruments

of development, both ODA and FDI have deleterious consequences on development indices

in sub-Saharan Africa.

Nevertheless, within the confines of development literature, uncertainty shrouds the claim

that the relationship between foreign capital instruments and life-expectancy-at-birth esti-

mates breeds deleterious outcomes. South of the Sahara, concerning FDI and its influence

on development activities, dependency and world-system theorists argue that foreign aid de-

pendency, combined with a disadvantaged position in the world system, creates distortions
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of most of the “usual” consequences, when the role of FDI is examined in the context of

economic development (Cardoso and Faletto, 1979; Chirot, 1977; Portes, 1976; Frank, 1971,

cited by Bollen, 1983).

In other words, although FDI has heralded economic growth for several developing

economies – China and Vietnam being prime examples – the primary conclusion of de-

pendency perspectives is that FDI has shown characteristically unusual deleterious effects

in, ODA-dependent countries, south of the Sahara.

1.4 Concluding Statements

The ultimate objective of this study is to test competing dependency and diffusionist hy-

potheses – with respect to economic growth and human development outcomes – by exam-

ining the relationship between foreign capital instruments and modifiable infant mortality

counts, south of the Sahara. Haggard and Kaufman (1992), explain that towards the end

of the 1980s, a shift in intellectual paradigms meant that domestic politics took precedence

over international variables, “just as international (financial) variables became especially im-

portant in the 1980s, they disappeared as the key factor from theories of development. As

often happens, theory is out of phase with reality” (p. 43).

Thus, an added expectation of this study is that it updates extant development theory

on the relationship between international variables and development, by highlighting the

regional growth rate of two distinct types of foreign capital instruments – FDI and ODA –

and the influence of these capital instruments on modifiable infant mortality counts within

the sub-Saharan context. The end-goal is to shift the development discourse towards policy

that favors capital restructuring in the region.

To meet said objective, this study presents a development-centered thematic review of

the long-term consequences of foreign debt financing on modifiable infant mortality rates

(MIMR), in high mortality settings, within the geographical confines of the Southern African
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Development Community (SADC) and the Economic Community of West African States

(ECOWAS) zones.5

To map out causal mechanisms that explain intra-country and intra-regional variations

in infant mortality rates, correlational inferences are drawn from mortality measurements

based on an exploitable infant mortality index housed within a single6 economic dimension of

development. The study design is non-experimental retrospective correlational and involves

a dynamic analysis7 of national and sub-regional socioeconomic data.8 To investigate inter-

and-intra regional variation in IM counts in the SADC and ECOWAS sub-regions,9 the

independent nation-state is treated as the unit of analysis.10

Post model-testing, using study-based empirics, inferences drawn from study outcomes

will be examined against dependency and diffusionist tenets with the goal of broadening

perspectives presented by both sides of the aisle. This expectation towards theory contribu-

tion will require a successful comparison of competing dependency and diffusionist economic

growth hypotheses, within the context of study-based findings. The significance of this

study hinges on proper identification of the true nature of the relationship between capital

accumulation and child development, in order to offer study-based prescriptions.

5SADC is comprised of 15 member countries located in the southernmost sub-region of the sub-Sahara.
ECOWAS is 15-state conglomerate located in the western region of the sub-Sahara. See Section 3.3.1:
Measurement of Study Variables: Unit of analyses.

6There are four dimensions of sustainable development: economic, conservation, social, political (UN-
ESCO, 2010). Within each dimension, several categories of development can be specified. Four development
theories (economic modernization, social modernization, political modernization and the dependency per-
spective), as defined by Shandra et al. (2004), was used to specify the categories of economic development
that are relevant to this study. See Section 3.4.1, Table 3.2.

7See Section 6.2.

8The study data was retrieved from the World DataBank of World Development Indicators (Bank, 2016).

9ECOWAS and SADC are sub-regions of the entire sub-Saharan region.

10See Section 3.3.1.
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Accordingly, a thematic review, guided by existing research, on the comparative

(in)effectiveness of capital instruments on the sub-Saharan economy is expected to proffer

meaningful evidence that could inform real-world decisions for capitalists, NGOs, and pol-

icymakers. The ultimate objective of this project is to improve the scientific rigor of the

observable reality of economic conditions in developing countries that are dependent on FDI

and ODA as substantial capital instruments within their national budgets.

A post-thematic study results assessment of the SADC region is expected to provide clar-

ity and, potentially, lay the groundwork for research-based development policy prescriptions,

capable of guiding foreign instrument policy revisions. Chapter 2 continues with a discus-

sion on the regional status of foreign debt structuring, examined in terms of Neo-Marxist

dependency and neo-Classical diffusionist theoretical frames.
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CHAPTER 2

REVIEW OF EMPIRICAL LITERATURE

2.1 Introduction

Mutually exclusive events cannot exist at the same time. Similarly, and from a theoretical

perspective, foreign debt capital (earmarked as remedies for development-related shortcom-

ings) cannot coexist with retrogressing human development indicators. In other words (and

ideally), within the confines of development economics, remedies targeting development-

related shortcomings and retrogressing human development indicators are mutually exclusive

events, which ought not coexist.

Economic development focuses on the material well of the population. Ideally, economic

development hinges on the neo-classical worldview that draws a parallel between economic

growth and a gradual development process that ought to be marginalist (to inoculate against

shocks to the economic system); non-disruptive; equilibrating (versus inducing inequality);

and, largely painless (Nugent and Yotopoulos, 1979, p. 542; Hettne, 1983).

Based on this structural ideal, foreign aid is not expected, in theory, to fund/feed de-

velopment pathologies. Yet, empirical evidence (Bullock, 1987; Cutright and Adams, 1984;

Dixon, 1984; Frey and Field, 2000; Jackman, 1975; Sen, 1981; Shandra et al., 2004; Wimber-

ley, 1990) exists to the contrary, suggesting that the downstream consequence of half-baked

ODA and FDI inputs – meant to foster economic development – has been unmet social

expectations, mirrored in the infant mortality counts of foreign debt host countries in the

Third World.

Addressing increasing concerns about the effects of economic activities on sustainable

development, Hersh (2006) explains that development ought to simultaneously satisfy present

needs, and prevent adverse externalities that bar future generations from satisfying needs

of their own (WCED, 1987, cited by Hersh, 2006). Historically and globally, for a newborn
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child, life expectancy estimates – when juxtaposed with cause of death, quality of life and

socioeconomic correlates – vary in disparate proportions by reason of development at the

country level, with interregional spillover effects (Sell and Kunitz, 1986).

The global pattern of mortality has changed – the era of unprecedented gains in life

expectancy has collided with ballooning global indebtedness (Bradshaw et al., 1993; Sell

and Kunitz, 1986) leaving unfavorable consequences in the wake. More specifically, the

socioeconomic signature of development distressed countries, reveals a striking chronological

parallel between trends in (lagging) economic development and a rise in infant mortality

figures (Gwatkin, 1980).

While FDI may (arguably) advance economic growth, studies have shown (Hersh, 2006;

Kaldor, 1999; Renner, 2000) that FDI does not explicitly fuel human development indicators.

Additionally, whilst ODA may address capital insufficiencies, ODA has been found to attenu-

ate some indicators of human development (Frey and Field, 2000; Moyo, 2009; Shandra et al.,

2004; Wimberley, 1990). In other words, the neoclassical economic approach reliant upon

capital accumulation, and its humanization derivative of noblesse oblige, have not shown the

expected theoretical surge in human development in the sub-Sahara (Bradshaw et al., 1993;

Moyo, 2009). Growth disequilibrium and inequality continues to surface, and find repeated

links to development processes involving ODA and FDI (Shandra et al., 2004; Wimberley,

1990).

Further, although the concept of foreign capital, as a source of external economic de-

liverables, is a well-meaning ideal, foreign capital dependency, as an approach to economic

growth, continues to raise questions concerning its ability to deliver sustainability. Further-

more, justification for the continuation of the aid model requires substantive analytical work

that can produce measurable economic benefits for locales facing recurrent resource shortages

and liquidity constraints – despite having received millions of dollars in foreign assistance,

on an annual basis.
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Further still, if the aid model is meant to reinforce the fundamental laws of economics

concerning resource allocation and wealth distribution, this study argues that, not only is

this approach inherently flawed (economic growth via donations is ahistorical); but also,

the cardinal law of economic re-distribution, which the aid model is meant to reinforce is,

instead, defied – evident in both micro-and macro level long-run aggregates of aid-related

growth figures.

Questioning the central role applied to the foreign capital approach, embedded within

development economics, is necessary in order to weed out principle components that are

ineffective, when applied to specific contexts. In other words, separating economics from

development, and treating the two concepts as functionally independent, the economies of

developing nations can be better assessed, in terms of their individual, characteristic, and

unique responses to external capital flows.

In the early 1970s, foreign capital streams, in the form of ODA and FDI, become capital-

istic tools-of-choice for jumpstarting post-crisis1 regional SSA economic growth, and address-

ing development-related shortcomings – the effects of which remain debatable. The current

link between economic growth and human development is weak, particularly in areas where

FDI is directed towards resource extraction, but also in cases where ODA is directed towards

infrastructural development. Missing from the literature, is clarity concerning the true na-

ture of the relationship between child development and capital accumulation. Also, based

on extant literature, it is unclear whether life-expectancy-at-birth estimates are improved or

adversely affected by maladapted foreign capital instruments.

What is lacking within development literature, therefore, is a structural representation

of the transformation that takes place on the human development front within the realm

1In 1973, Arab members of the Organization of Petroleum Exporting Countries (OPEC) imposed an oil
embargo, as retribution for US assistance sent to Israel during the Yom Kippur War, which sent the global
economy into disarray (Heclo, 1974; Mann, 2013; Moyo, 2009). Soaring oil and petroleum derivative prices,
the rapid inflation uptick, and tumbling stock led Heclo (1974) to label the outcome as the most unyielding
economic downturn since 1930s Great Depression.
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of ODA and FDI influences. The failure to outline this transformation is at the heart

of the development critique of mercantilism. To address this limitation within development

literature, this study evaluates child development as a facet of the human development nexus

– more specifically, as part of said nexus, infant mortality rates will be measured vis-à-vis

FDI and ODA streams, with the goal of providing a clearer representation of the interplay

between capital streams and SSA human development outcomes.

2.2 Study Significance: Identifying Development Pathologies

Development takes place in a time-dependent continuum; and, during its many stages, cer-

tain developmental pathologies emerge, evolving simultaneously, and manifesting in the form

of either weak or non-existent institutions. Fundamentally, the concern about SSA capital

structuring is not limited to short-term foreign aid pathologies alone. The long-term conse-

quences of FDI on economic growth, as well as the socioeconomic utility of ODA, continues

to be heavily contested in discussions about both the diffusion of economic growth and the

reduction of income inequality in developing nations (Frey and Field, 2000; Kristjansdottir,

2007; Moyo, 2009; Preston, 2010; Shandra et al., 2004; Wimberley, 1990).

As such, the interplay between ODA, FDI, and infant mortality is of particular impor-

tance to this study because the neoclassical diffusionist approach to development practice in

the sub-Sahara, hails foreign debt capital as an instrument of economic growth. This concept

(of foreign debt as a capital growth instrument) has reigned supreme in the SSA region since

the early 1970s – and also, notably, within the realm of SSA development economics and

government policy-making.

The foreign debt approach to development has evolved to be the most pervasive economic

growth model applied to sub-Saharan developing economies. For the academic focusing on

African development economics, it would be intellectually negligent to look at the regional
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economic landscape, over the past six decades, and not call into question the core model of

economic development at work (or perhaps, not at work) on the Continent.

Neo-liberal economic theory is rooted in a combination of normative economic nation-

alism and methodological internationalism (Gore, 2000, 792). One tenet of this school of

thought rests on the idea that policy-based agenda can influence development through an

economics-centered approach. Said approach involves state-level identification of foreign pol-

icy directives that introduce developing economies to the global capital market (Clapp and

Dauvergne, 2011, pp. 203-4).

Hettne (1983) refers to the dependency problematique as one wherein dependency schools

of thought pinpoint crucial issues, but propose ineffective remedies – the end result is a

confused debate based on conflicting development trends. Tierney et al. (2011) explain that

“aid debates have been driven by too little information, and . . . many claims are based on

limited or very poor evidence” (p. 1891).

Referencing sustainable development challenges in the sub-Saharan African context, Mu-

dacumura et al. (2006) contend that then-existing development-centered theoretical rhetoric

is “practically irrelevant, conceptually Eurocentric, theoretically impoverished, ideologically

prejudiced, paradigmatically bankrupt, and philosophically parochial” (pg. 136). This cri-

tique has been echoed by other development scholars (Amı̄n, 1976, p. 1; Braun, 1990, p. 55;

Goulet, 1983, p. 610; Mathur, 1989, pp. 470-71; Nandy, 1989, p. 35; Palmer, 1978, pp.

95-96), as cited by Haque, 1999).

Hopkins (2009) argues that research of the highest quality on the study of Africa's eco-

nomic history waxed in the 1980s, but has since waned. Paramount, therefore, is the need for

an in-depth reassessment of the development discourse pertaining to the sub-Sahara – partly

because current economic growth theories about the region are dated; mostly because of the

burgeoning dissatisfaction among scholars on the treatment of development related issues

nested within the economic undercurrent of the sub-Sahara; but wholly because intellectual

evolution mandates continual knowledge updating.
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The purpose of underscoring these critiques is to rekindle the development dialogue and

emphasize the need for continued research in this topic area. In essence, for development-

centered literature, the time for belief up-dating – concerning the effects of FDI and ODA

on human development indicators – is imminent.

Lipset (1959) suggests that deviant cases – for example, the role of ODA in development

stagnation – can advance theory because, when deviant cases are evaluated in context and

against the framework of the usual, expected relationship between ODA and development,

unveiling a pattern that goes against the grain of expectation can lend to theoretical insight.

Also, within the context of development, it is yet to be determined – based on the trending

rise of FDI in the SADC and ECOWAS regions – whether FDI will fare better in terms of

promoting development than its ODA counterpart. Whilst an argument can be made for

both instruments working in tandem, this study specifically seeks to evaluate the unique,

characteristic contributions of each individual instrument. A performance comparison of

FDI and ODA as development instruments would contribute to the academic debate on

development instruments.

Paradoxically, African development history is dominated by theories and models for-

mulated outside the Continent, with little-to-no room for contextual cultural considerations

(Mkandawire and Soludo, 1999). Through the evaluation of ODA and FDI from neo-Marxist

dependency and neo-Classical diffusionist frames, the expectation is that, by giving consid-

eration to the cultural context, study-based inferences will contribute to the broadening of

perspectives presented by both schools of thought.

Accordingly, this thematic review – guided by existing research on the influence of for-

eign capital instruments on the sub-Saharan economy – is expected to proffer a framework

of meaningful evidence concerning this topic. A study results assessment is expected to

contribute towards clarity, and possibly, lay the groundwork for research-based development

policy prescriptions capable of informing real-world decisions for capitalists, NGOs, and

policymakers.
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In essence, the significance of this study will hinge on clear identification of the magnitude

and direction of the relationship between foreign debt instruments – ODA and FDI – and

modifiable infant mortality rates. The end-goal of this assessment is to contribute study-

based prescriptions that may offer an alternate approach to structuring revenue streams that

could, over time, promote sustainable economic development at both country and-regional

levels of development.

Following is background information on sources of inbounding SSA foreign capital, meant

to provide contextual clarity, and lay the groundwork for the theoretical scaffolding on which

this study rests – that foreign capital dependency feeds development pathologies, which have

long-term deleterious effects on human development indicators.

2.3 Background: Sources of Foreign Capital

There are two main channels through which development investment capital is sourced into

Africa: The first is through ODA, and the second is via FDI. Thus, in the aggregate of

development capital inputs, ODA and FDI can be considered as disaggregated forms of

foreign development assistance/capital. Following is brief overview of both capital sources.

2.3.1 Foreign Capital Inflows: ODA

The success of the Marshall plan, which funneled roughly US$13 billion to fourteen European

countries from 1948 to 1952, fueled the Keynesian view that investment capital is an essential

ingredient for economic success. Also, as Africa's stalling economic growth met with the Cold

War, aid became the economic weapon of choice for drumming up allies on both sides of the

battle contest, between the US and USSR, for geopolitical hegemony.

Moyo (2009) suggests that aid took on a new dimension as Cold War financiers promised

economic expediency to impoverished countries in exchange for an alliance, regardless of the

nation’s creditworthiness or the presence of tyrannical government figureheads. Beginning
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in 1960, around US$100 million in aid had reached the Continent, and by 1965, Africa had

received around $950 million in large transfers, the bulk of which was used to fund public

sector projects (roads and railways) (Moyo, 2009).

Official development assistance can be deconstructed into three categories:

a) humanitarian or emergency aid;

b) charity-based aid: disbursed by non-governmental organizations (NGOs) or other char-

itable institutions;

c) systematic aid: government-to-government transfers (bilateral aid) or institutional

transfers (multilateral aid) (Moyo, 2009).

Bilateral aid represents about two-thirds of total ODA transfers from member-countries

in the Organisation for Economic Co-operation and Development (OECD) to developing

nations (OECD, 2015).

The first two aid categories – humanitarian/emergency aid and charity-based aid – are

not the concern of this study. Rather, this study spotlights the third ODA foreign receipt

category, which involves billions of dollars in large systematic cash transfers from donor to

recipient countries. Moyo (2009) explains that there are two forms of large systematic cash

transfers:

i) Concessional loans: Money tendered at interest rates much lower than regular market

rates; and, for which loan periods are lengthier than normal commercial market loan

periods;

ii) Grants: Money given without condition and without expectation of repayment.

Henceforth, references to ODA will signal the third category (large systematic transfers), as

this has evolved into the standard nomenclature for referencing foreign development assis-

tance amongst development economists. ODA disbursements are usually funneled through

Structural adjustment programs (SAPs) – which are simply austerity measures enacted to
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ensure that aid packages, not only reach the intended communities, but also that aid dis-

bursements will be used for their technical purpose (development assistance) (Mkandawire

and Soludo, 1999).

ODA: Regional SSA Assessment

In 1973, Arab members of the Organization of Petroleum Exporting Countries (OPEC)

imposed an oil embargo, as retribution for US assistance sent to Israel during the Yom

Kippur War, which sent the global economy into disarray (Heclo, 1974; Mann, 2013; Moyo,

2009). Soaring oil and petroleum derivative prices, the rapid inflation uptick, and tumbling

stock led Heclo (1974) to label the outcome as the most unyielding economic downturn

since 1930s Great Depression. According to Moyo (2009), many countries in Africa saw

skyrocketing food prices as recession kicked in.

Okolie (1995) explains that even though agricultural exports declined in oil-rich Nigeria,

the OPEC-conceived price gouging scheme led to a 90% increase in oil export earnings – this

earnings growth accounted for nearly 80% of government revenues during the crisis period

(Okolie, 1995). In 1979, when prices were hiked even further, Nigeria's oil revenues rose by

a factor approximately twenty-four times its 1970s level (Okolie, 1995).

In contrast, Moyo (2009) writes that food and commodity price shocks signaled a 12%

nosedive for Ghana's GDP, and inflation ballooned 116% over a five-year period, rising from

a meager 3% in 1970 to 30% in 1975. Inflation rates in Congo-Kinshasa reached 101% in

1979, rising from an 8% 1970 average to 80% in 1976 (Moyo, 2009).

In 1973, the International Development Association (IDA) – the World Bank arm offering

low interest loans to poor countries – was on the brink of bankruptcy (Sharma, 2013). The

U.S. House of Representatives stifled attempts to pass appropriations in favor of replenishing

funding for foreign aid because, some members of Congress believed that aid recipients would

keep the embargo intact by purchasing from the countries that imposed the embargo, which

had the potential to quadruple rising prices (World Bank Group Archive [WBGA], 1974).
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Meanwhile, OPEC countries were transferring profits from skyrocketing oil prices to in-

ternational banks (Fforde, 2013; Moyo, 2009; Sharma, 2013). Banks began lending “petro

dollars” to poor countries, increasing the risk of default and almost guaranteeing the even-

tuality of a balance of payment crises (Fforde, 2013, p. 262). The then-lax financial policies

of sending voluminous amounts to credit-unworthy countries sent lending practices (Moyo,

2009) and balance of payments to a new zenith. The free supply of money meant that in-

ternational banks could supply money at low (sometimes negative) real interest rates and

poorer economies became mired in debt – borrowing more to amortize previous debt (Fforde,

2013; Moyo, 2009).

So, although money was freely available to the global banking system, aid was (is) not

offered without conditions – it must be repaid. In 1982, petro-dollar lending stopped, com-

peling modifications in the international debt system, and yet another debt crisis ensued

(Fforde, 2013). Poor countries in the region became overburdened with debt and were un-

able to fulfill their debt obligations once loan periods reached maturity.

If the goal of aid was to strengthen macroeconomic fundamentals, (i.e., stimulate eco-

nomic growth, decrease inflation, and stabilize monetary and fiscal performance), feeding

debt to poor countries via aid, appears, oddly, to bemoan the ailment intended to be cured.

A recent 30-year economic review reported a negative 0.2% per annum growth rate for most

aid recipient countries (Moyo, 2009).

Further, Ferguson (2014) explains that during the period between 1970 and 1998, at the

height of SSA aid flows, correlational evidence shows a rise in poverty levels from 11% to

66%, during the same time period. Beyond the failure of markets, one observable failure

that can be addressed via retrospective analysis, is the response of infant mortality counts

to changing economic conditions.

During the 1970s, the under-five mortality rate in Africa was upwards of 20% – the highest

global average (Shapiro and Lockman, 2010). This rate continued to rise in the decade
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between 1980 and 1990. As aforementioned, in subsection 1.2.3, to capture a statistically

viable “count” of the influence of economic factors on infant mortality rates, pre-economic

crises infant mortality rates ought to be examined in tandem with pre-crisis economic growth

conditions for the possibility of identifying any latent correlations.

Without equivocation, it is a verifiable claim that the foreign aid model has provided

development assistance for many weak African economies. Nevertheless, the provision of aid

to the Continent has, all too often, become the single narrative, regarding development fi-

nancing. Reiterating, it is true that foreign aid has provided development assistance to many

economically weak African societies, but this single narrative is not the whole truth. Lagging

human development indicators, and rising economic inequality are puzzling phenomena that

also accompany this narrative – despite consistent streams of ODA and FDI – negating the

possibility of singularity in the overall development narrative concerning the effectiveness of

aid instruments on the Continent.

Some scholars (Clements et al., 2004) contend that when a concessional loan is tagged

with repayment conditionalities, aid-recipient countries are forced to handle loans with more

caution than grants because the prospects of repayment prompts governments to work to

sustain current revenue sources and mobilize tax streams (i.e., increase the tax-to-GDP ratio

without levying newer, higher taxes). Moyo (2009) argues against burdening struggling

economies with concessions and contends that in lieu of concessions, condition-free grants

are a better substitute for scarce domestic revenue and ought to be the instrument of choice

for the developing economy.

The push for grants is predicated on the rationale that poor countries need a longer growth

incubation period before substantial changes in the rate of GDP growth yield enough tax

revenue to service concessional loans (Clements et al., 2004). Some scholars contend that the

use of (floating rate) loans to finance public investments has placed a heavy debt burden on

developing countries, inhibiting them from achieving their development objectives (Ghura,

2002; Clements et al., 2004; Moyo, 2009; Serieux, 2011).
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Fundamentally, the issue becomes one of judgment: Based on the current structure of

economic adjustment programs, do recipient governments discern loans as different from

grants? This question is nested within the broader issue this study seeks to evaluate, which

is that aid dependency feeds development pathologies that have deleterious consequences on

socioeconomic development indicators – this is the argument of dependency scholars.

Hypothetically, if a sizeable proportion of foreign loans are financed based on concessional

terms – and if, after a protracted period of zero repayments, lenders characteristically pardon

debtor governments – developing nations may eventually become accustomed with the idea

that, both concessional loans and grants, are somewhat equivalent, essentially rendering

irrelevant the technical distinction between concession-based aid and grants (Clements et al.,

2004; Moyo, 2009).

Over recent decades, the polarizing argument between development scholars is seeded in

the structure of SSA development assistance, and rooted in the world view that governments

of developing nations are not inclined to see concessional loans as fundamentally distinct

from grants. This distinction, or lack thereof, is the main argument this study presents

against aid, which is that the instant revenue stream provided by easy aid disincentives

government officials from partnering with private sector entrepreneurs and industrialists to

find alternate means of generating revenue that would not only benefit the national economy,

but also finance public sector services, like health care.

2.3.2 Foreign Capital Inflows: FDI

Tangential but related to the discussion on foreign capital financing is the new dynamic FDI

has introduced into the global capitalist system. FDI can be defined as any host-country

investment made to secure the acquisition of property or a lasting interest in an enterprise

operating external to the economy of the investor (United Nations Conference on Trade and

Development [UNCTAD], 2003).
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Amongst a myriad of other reasons contributing to the growth of FDI to the Region

is the world’s growing need for Coltan – a metallic ore, of which the Democratic Republic

of Congo owns 80% of the world's registered reserves (Ismi, 2001). Coltan is an essential

component in the manufacturing of a wide number of consumer devices, including cell-

phones, computers, televisions, DVD players, PlayStation consoles, hospital pagers, fiber

optic cables, and capacitors. The ore is also essential in nuclear, aerospace and defense

industries; and, other large-scale consumers of coltan include: Sony, Microsoft, IBM, Nokia,

Motorola, Hewlett-Packard, Dell, and Intel (Ismi, 2001).

Further, regional foreign direct investment is estimated to have ballooned by 936%, during

the period between 1995 and 2009 – this recent surge of foreign capital into the sub-Sahara

has dramatically altered the economic realm of the African capital market (United Nations

Development Programme [UNDP], 2011). According to The Brookings Institution, in 2016,

the top five regional investors (i.e., considering FDI stock ownership) in African countries,

are as follows: U.S. ($57 billion), the U.K. ($55 billion), France ($49 billion), China ($40

billion), and South Africa ($24 billion) (Copely, 2018).

As shown in Figure 2.1a, the trending rise in FDI to the Continent saw an estimated $70

billion cap in 2008. A United Nations Conference on Trade and Development (UNCTAD)

report shows that in 2009, total SSA FDI inflows reached US$58.6 billion – in contrast, ODA

flows reportedly capped US$47.6 billion, in the same year (2010).

Furthermore, the Continent's developing and transitioning economies, drew in an esti-

mated US$1.2 trillion, in 2010 – more than one-half of net global FDI inflows (UNCTAD,

2010). Defying 2012 growth expectations, and counter-parallel to a global FDI drop of 18%,

foreign direct investment flows to African countries saw a 5% increase, capping US$50 billion

in the same year (UNCTAD, 2012).
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(a) Regional FDI inflows, 1990-2008. From “FDI Statistics” by
UNCTAD, c© 2010. Reprinted with the permission of

the United Nations.

(b) Regional ODA versus Private Capital Investments. (Re-created
bar chart, based on information sourced from

Brookings Institute 2015).

Figure 2.1: Regional ODA and FDI flows.

Agosin and Machado (2005) posit that not all FDI inputs registered in the national

balance of payments materialize into real investment. Either because a share of FDI capital
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is used to purchase extant assets, or because a share of FDI is directed towards financing

existing multinational enterprise (MNE) expenditure – calling into question the long-term

critical value of the effect coefficient of FDI on total investments (Oetzel and Doh, 2009).

FDI: Regional SSA Assessment

Customarily, ODA has served as the primary source of foreign capital flow for the African

continent, but more recently, FDI growth rates have outperformed inbounding ODA figures

(UNDP, 2011). Judging from current SSA FDI growth rates, the possibility of FDI becoming

an ODA substitute is high (UNDP, 2011). Juxtaposed to the relatively high amount of ODA

and FDI influx into the sub-Sahara has been the reality of persistent SSA income inequality.

Using the pre-existing level of within-country development as a pre-condition, some scholars

(Bornschier et al., 1978) suggest that FDI and ODA increase economic inequality, which

supports the argument of dependency scholars that foreign debt promotes underdevelopment

in the Third World. In addition, stocks originating from foreign direct investment and aid

have shown cumulative, long-term deleterious effects on relative rates of within-country

economic growth (Bornschier et al., 1978).

The essence of scientific inquiry requires the consideration of alternate possibilities within

the framework of any cause (FDI) and effect (development growth) sequence. In terms of

public policy, paying attention to the full scope of the impacts of FDI – be they positive

or negative – is not only a matter of national recognizance, but it makes solid economic

sense: If FDI is indeed beneficial, how can it benefits be harnessed and reproduced to ensure

continued contributions towards economic growth and development.

Diametrically, if FDI has adverse effects on indicators of economic wellbeing, can its

deleterious effects be identified? Subsequently, is rapid economic growth possible without

exacerbating social and regional inequalities (Alonso, 1980)? Is there evidence of a two-way

causal relationship between FDI and economic growth in the SADC region? How does human
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development respond to capital accumulation? Does ODA affect economic development? Is

one of the consequences of capital input into the sub-Sahara an exacerbation of human

development indices, as evidenced by an increase in infant mortality rates?

Within the confines of the capitalist model of economic growth, when considering nor-

mative conceptions of desirable outcomes, consensus exits – anent the economic ideals that

increases in financial capital input, along with skill upgrades, ought to lead to economic

expansion, rising real incomes, and ultimately, higher human development indicators. Some

scholars (Bornschier et al., 1978) suggest that, contrary to popular belief, both ODA and

FDI increase SSA economic inequality. Stocks originating from FDI and ODA have shown

cumulative, long-term deleterious effects on relative rates of within-country economic growth

(Bornschier et al., 1978).

2.4 How Does Child Development Respond to Capital Accumulation?

Economic conditions prevailing at the onset of an infant's early years have life expectancy

consequences, both short and-long term. Neonatal mortality rates are significant gauges of

the status of a nation's health care system. Weak health care systems (with their associated

high infant mortality figures) speak to a nation's level of development. Thus, by exten-

sion, national health care is functionally dependent on the economic status of the nation in

question.

Capital accumulation often produces dysfunctions that thrive when capital inputs intro-

duce shocks to the economic system. Declining health and inequality have shown growing

association within particular populations (Ruiz et al., 2015), specifically within the SSA re-

gion. When economic inequality is at play, symbiotic interactions between health and capital

accumulation often produce dysfunctions that thrive when capital inputs introduce shocks

to the economic system.
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Parallel to the above-outlined academic schisms on the roles of ODA and FDI on economic

development, questions must be addressed on the human development front. Infant mortality

finds parallels with the quality of national health care. IM rates are frequently used to gauge

the social, environmental and medical status of a nation (Garrett et al., 2007). Thus, infant

mortality rates are usually used as a human development proxy. A nation's ability to provide

up-to-date health care for its citizens has socioeconomic implications that defy development

odds in terms of poverty reduction and the overall well-being of the society in question.

Assessing the claims made by some development scholars that ODA (Moyo, 2009; Mwenda,

2007) and FDI (Frey and Field, 2000; Shandra et al., 2004; Wimberley, 1990) may have

deleterious effects on human development indicators in sub-Saharan Africa, is central to

the empirical core of this study – which makes paramount the need to clarify how child

development responds to capital accumulation.

2.4.1 Infant Mortality Assumption

This study makes the rational assumption that mortality varies smoothly with age (Char-

alamous, 2002, p. 8). This study also works under the core assumption of the Grossman

(1972) model, which specifies health as a stable commodity – a new born enters the world

with an intact stock of health. The Grossman model is illustrated mathematically in Section

2.4.2. Using the intertemporal utility function, Grossman makes theoretical assumptions on

the interplay between health stock and capital accumulation.

Illustrating Grossman's (1972) intertemporal utility function, is expected to provide

grounding, for this body of work, in terms of underscoring the relationship between cap-

ital accumulation and child development: The rationale driving this expectation is two-fold:

First, the intertemporal utility function establishes the foundational principle upon which

this study hinges – which is that within the realm of economic development, infant mortality

is vulnerable to capital accumulation. Second, the intertemporal utility function underscores
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a fundamental assumption made by this study, which is that capital accumulation, and the

associated infant mortality rate, is modifiable only to the extent that capital influences are

circumspectly monitored in tandem with development objectives.

2.4.2 Infant Mortality Risk Review: The Intertemporal Utility Function

Infant Mortality vis-á-vis Capital Inputs Grossman (1972) proposed a stock-based

approach to health, wherein health is the response variable that varies over time, based on

the behavior of investment and depreciation predictors. With each successive time period,

Grossman expects that health stock depreciates as a time-dependent commodity, but invest-

ments can augment the stock of health – in other words, when gross investment is at the

optimal point, health capital is expected to reach optimal capacity (pp 1-4).

The intertemporal utility function for any given individual over the course of their life

span, as outlined by Grossman (1972), is outlined as follows:

U = U(φ0H0, . . . , φnHn, Z0, . . . , Zn) (2.1)

with H0 representing the inherited stock of health; Hi is the health stock in the ith period; φ

is the level of service flow per unit of stock; n denotes a fixed length of life and is endogenous

to the system; and, Zn being the total consumption of any specified commodity in the

ith period. Grossman (1972) equates net health stock investments to the gross investment

amount less depreciation, mathematically represented as:

Hi+1 − Hi = Ii − δiHi (2.2a)

where, Io is the gross investment amount and δi is the depreciation rate during the ith

period, which is assumed exogenous, but with variations based on individual age. Death is

the expected outcome when Hi = H(min); thus life expectancy is dependent on Hi quantities
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that both maximize utility and are subject to identified production and resource limitations.

Ii and Zi can be further dis-aggregated into their unique utility functions as follows:

Ii = Ii(Mi,THi; Ei) (2.2b)

Zi = Zi(Xi,Ti; Ei) (2.2c)

where Mi is the medical care indicator, Xi represents the input of goods into the production

function of the Zi commodity. THi and Ti are time related factors and Ei is a measure of

human capital stock.

If we consider h as health or human capital when infancy phase is completed, then,

according to Almond and Currie (2010), an elementary two-period childhood can be modeled

as follows:

h = A[γI1 + (1 − γ)I2] (2.3)

where A is a factor of productivity; γ represents the share parameter; I1 is approximately

equal to the level of investment from infancy to age 5; and, I2 approximates the level of

investment beyond age 5. Almond and Currie suggest that, if the total investment level is

I1 + I2, then investment allocations between the two time periods will affect health when the

share parameter, γ, does not equal 0.5. If γ is greater than 0.5, the implication is that, for the

end of the first period, investments play a larger role on h, when compared to second-period

investments. For the scenario where is greater than 1, h may be affected at a rate greater than

1:1 with period one investments. Thus, Model 2.3 outlines the likelihood that during certain

childhood time periods, investments (capital accumulation) may exert a disproportionate

influence on health outcomes that do “not necessarily decline monotonically with age. This

functional form . . . suggests that early-childhood events may be more influential than later

childhood events” (2010, p. 5).
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Based on the preceding, the core proposition of the Grossman (1972) model “is that

health is a durable commodity” (1972, pg. 1) that varies with time and investment levels.

The response variable, health, varies with time, based on the behavior of investment and

depreciation predictors. A newborn individual is expected to inherit solid health at the onset

of life, but this stock of health is expected to depreciate over time. This depreciation is also

expected to be compounded – depending on the level of investment allocations (a capital

accumulation factor) available as time elapses. Although predicting the precise lifetime of an

individual remains an elusive task, predicting a newborn's expected lifetime is a possibility,

with the use of spline functions.

The intertemporal utility function takes a clear snapshot of the relationship between

capital accumulation and child mortality. This model may be intuitively commonsensi-

cal, however, it warrants re-iteration because, in many cases, sub-Saharan infant mortality

counts are attributable to modifiable factors (Mokaya, 2010). Further, in Africa, of the 2.9

million under-five deaths in 2013, two-thirds are attributable to preventable causes (WHO,

2015). Furthermore, in sub-Saharan Africa, nearly 15% of neonatal deaths are attributable

to modifiable health facility-related factors affecting expectant mothers during antenatal,

intrapartum, and postpartum stages.

2.5 Theoretical Development: Framing Under-development

Efforts to expand the temporal and spatial purview of socioeconomic processes birthed the

world-systems theory (Wallerstein, 1994). The world-systems/dependency tradition, as pro-

posed by Wallerstein, will be contrasted with diffusionist theories on development, to provide

contextual framework for the main arguments both-for-and against capital structuring ap-

proaches in development discourse.

Concerning the foreign debt model, the overarching arguments presented by extant de-

velopment literature is dual-faceted: The fundamental argument, of literature centered on
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diffusionist economic theory, is that infant mortality rates are improved by increases in eco-

nomic development – a positive consequence of foreign debt investment. Antithetical to

this, is the core argument within dependency literature, that foreign debt promotes Third

World underdevelopment, accompanied by a retrogression of human development indicators,

including increases in infant mortality. Do these theoretical perspectives hold, when consid-

ering structures of economic (dis)incentives in the sub-Sahara? To answer this question, this

study tests competing claims made by dependency and diffusionist perspectives for validity,

in the realm of sub-Saharan economics. Following is a closer examination of the arguments

put forth by both schools-of-thought.

2.5.1 ODA: Identifying Development Pathologies

Comparing developing regions around the world, since the 1980s, the sub-Saharan region

has seen the highest amounts of inbounding ODA – both in absolute terms, and as a pro-

portion of GDP (Serieux, 2011). Nevertheless, for the many decades that we have seen these

instruments applied to developing nations in the sub-Saharan context, in many cases eco-

nomic regression (not growth) has been the norm (Brainard and Chollet, 2007; Moyo, 2009).

Across a myriad of critical indicators, Moyo explains that, although Africa has experienced

an average 5% per annum growth rate in recent years, the Continent has shown a negative

decoupling from global progress, falling 7% (2007 estimate) short of the mark needed to

show substantial inroads on poverty reduction measures (2009).

On the surface, dismal regional savings and investments rates, down since the 1980s, seem

to imply that inbounding aid has mostly been consumed by the recipient countries. However,

some empirical studies suggest the contrary, i.e., that SSA aid-consumption is empirically

lower than the overall developing country average (Doucouliagos and Paldam, 2009). To

explain this oddity, Serieux (2011) proposes a testable hypothesis that, even though aid is a

strong contributor to investment, the base investment rate (prior to the receipt of any aid)
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is not only subject to factors that are not aid-related, but has been so consistently low that

aid contributions do little to move the overall investment rate.

Nonetheless, this would still not account for the fact that between 1960 and 1970, SSA

investment ratios were at their peak and aid contributions were a fraction of what they have

been since (Serieux, 2011, pp. 1080-1; Mkandawire and Soludo, 1999). Although current

aid contributions are a fraction of what they once were, the Organisation for Economic Co-

operation and Development [OECD] contends that net ODA contributions have seen a 66%

rise over the past 15 years (2015). In contrast, arguments contrary to OECD reports outline

a decline in aid transfer amounts over the past 20 years (OECD, 2012, Moyo, 2009, Smith

and Steer, 2015). OECD member-countries pledged, in the 1960s, to donate 0.7% of their

GNI in aid each year (UN Millennium Project, 2002).

It is noteworthy that, despite billions in aid transactions per year, this pledge target

is rarely met (Moyo, 2009; UN Millennium Project, 2002). Be that as it may, the point

of contention is not that OECD member-countries fall short of their pledged amount on a

yearly basis; the main argument this study makes is that aid is fungible – easily diverted

from the public purse and is often tagged with growth inhibiting conditionalities.

Empirical evidence shows that the regional consumption of aid is lower than the global

average possibly because of debt servicing, capital flight, and reverse accumulation) (Serieux,

2011). While some aid has been consumed, aid-consumption does not altogether explain the

failure of aid to impact regional economic development on a much larger scale than its

current performance (Moyo, 2009; Bradshaw and Huang, 1991; Elbadawi and Uwujaren,

1992; Mkandawire and Soludo, 1999; Mwenda, 2007). Serieux's (2011) empirically-based

conclusion is that a substantial amount of aid is neither consumed or invested.

The disproportion between data on foreign debt investments and economic growth figures

in SSA continues to provoke enquiry about the utility of debt financing, especially with the

trending rise of foreign direct investment and what it could portend in terms of remedying
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the socioeconomic short-comings of ODA in the region. Overall, the main charge against

aid, brought by dependency scholars, is that ODA falls short of its technical purpose, which

is to drive sustainable economic growth and development.

ODA: Neo-Marxist Dependency Frame

Underdevelopment in the Third world has been framed in neo-Marxist dependency terms.

One conventional economic development argument is that, within the global mercantilist

microcosm, the resources generated from market activities create dependencies fed by mar-

ket interactions. Dependency scholars posit that, in the global capitalist market system,

foreign investment dependence contributes to Third World underdevelopment because the

relationship between core (developed) and non-core (underdeveloped) countries has been

marked by unequal divisions of labor, unbalanced trade agreements, and growth inhibiting

characteristics that damage the capital structure of incentives. For a Third World country

working to keep pace with the global industrialization, foreign debt financing is, oftentimes,

the default solution to liquidity constraints.

For an underdeveloped country already grappling with unstable internal financial struc-

tures, the addition of foreign debt financing to the national budget is a supplemental financial

burden that tends to beget poverty-inducing economic distortions. Dependency scholars ar-

gue that ODA is not a useful remedy for capital market distortions and that using ODA

as capital input to remedy market distortion only exacerbates existing distortions, which

then adversely affects the overall economic structure of incentives (Amı̄n, 1976; Frank, 1980;

Moyo, 2009; Ogbu, 2014; Wallerstein, 2011). Vertically, these distortions trickle down to-

wards the general population – inhibiting capital growth, widening income inequality gaps,

and adversely affecting the health measures of a sizeable segment of the population (Gereffi,

1989a; Frank, 1967; Wallerstein, 2011, cited by Shandra et al., 2004, p. 323).

A nation's ability to leverage influence on the global stage is inversely related to its level

of dependency because extreme poverty exhausts governing institutions, depletes resources
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and weakens the agentic capacity of state actors (Brainard and Chollet, 2007; Kahl, 2008).

Investment dependence is a core dependency narrative, and the main point is this: The core

controls investment flows, whilst the non-core becomes increasingly investment dependent.

Investment dependence puts the non-core country at a disadvantage because most Third

World countries often face recurrent shortages of foreign exchange, and “capital-starved

countries experiencing foreign exchange shortages” (Bradshaw and Huang, 1991, p. 336),

are vulnerable to exploitation (Wimberley, 1990) as non-core countries must agree to the

terms set by the core lender, if a bilateral/multilateral financial agreement is to be secured

(Bradshaw and Huang, 1991). Not only does foreign debt (ODA) further distort the usual

structure of economic incentives for a country struggling to develop economically, but also,

the distortion of economic incentives is hypothesized to have deleterious downstream conse-

quences on socioeconomic development indicators (Shandra et al., 2004).

Wimberley (1990) posits, from a dependency perspective, that foreign investment has

direct, harmful effects on infant mortality in the Third World, particularly. The author con-

ceptualizes “development as basic needs satisfaction”, and identifies harmful links between

underdevelopment, foreign aid dependency, and infant mortality. Using a cross-national

study on the effects of inequality and foreign investment in the Third World, and arguing

from a dual theoretical perspective that incorporates the world-systems and dependency

schools-of-thought, Wimberley conceptualizes infant mortality as the adverse side effect of

capitalist investment inflows from developed countries to the developing world.

Wimberley's (1990) study-based conclusion is that, in the eventuality, significant, harmful

effects can be identified in two measures of mortality (infant and under-five), and these

deleterious effects show a trending increase with time. Wimberley's (1990) findings echo

the clarion call of some dependency scholars (Amı̄n, 1976; Frank, 1967, 1980; Gereffi, 1989a;

Moyo, 2009; Ogbu, 2014; Shandra et al., 2004; Wallerstein, 2011) against foreign aid as an

instrument of sustainable development.
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If, according to dependency scholars, foreign aid is, indeed, counterproductive to devel-

opment objectives, then should foreign aid continue to be an economic staple for developing

economies striving towards sustainability? An empirical study by Frey and Field (2000)

used United Nations (U.N.) and World Bank data to measure the infant mortality rate,

operationalized as the number of children who died within their first year of birth per 1,000

live births in 1991. Ordinary least squares (OLS) regression was used to derive econometric

estimates of the of the predictor variables of infant mortality.

Overall, from the dependency perspective, Frey and Field found support for the de-

pendency argument that foreign direct investment feeds adverse development outcomes in

non-core nations, including increases in infant mortality (2000). However, of the four de-

pendency measures specified by the authors, only debt dependence had a significant positive

effect on infant mortality - and only after the other three dependency measures had been

excluded from the last models in both testing phases (See output in Frey and Field (2000)

study, particularly Table III, Model 4; and, Table IV, Model 8). Frey and Field explain

that their “failure to find a link between infant mortality and the other three measures of

dependence (foreign investment, trade, and export commodity concentration) ... contradicts

several studies, but it is consistent with other cross-national research” on the issue (2000, p.

229).

The extant lack of consensus within the literature is further confounded by alleged non-

findings (Frey and Field, 2000; Widner and Mundt, 1998) concerning the potentially dele-

terious downstream consequences that foreign capital inflows may have on SSA human de-

velopment indicators. Unanimity is elusive on this issue because the expectation that rising

capital influx is synonymous with human development is not always realized (Hersh, 2006;

Kristjansdottir, 2007; Preston, 2010), particularly in underdeveloped regions.
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2.5.2 FDI: Identifying Development Pathologies

Kenny and Williams (2001) argue that economies opened up to foreign investment, will likely

trade a higher proportion of their output and will experience sluggish growth, as a result.

Oftentimes, for a fledgling economy, a premature introduction into the global capital market

can do more harm than good. This notion finds support in the infant industry concept, which,

in part, involves a period of economic inoculation; wherein a newly developing economy is

allowed time to develop a strong internal wealth base, prior to global free capital market

exposure (including exposure to FDI).

Further, for a fledgling economy, ODA can only address the symptoms of economic

malaise and should not be expected to sustain the national budget of any sovereign na-

tion. The expectation that ODA should form a substantial portion of the national budget

of a sovereign nation is both impractical and out of synch with what we know about basic

economic principles of wealth creation and distribution. Furthermore, baked into the need

for developing a locally sustainable wealth base, is a consideration of globalization, current

global trade metrics, and global market instability. As global economic growth slows and

income inequality widens, especially since the 2008 global financial crisis, global trade has

seen a decline because of rising protectionism – of which, the outcome has been an increasing

trend towards de-globalization (Moyo, 2009).

Although ODA and FDI have dissimilar objectives – in the sense that ODA targets devel-

opment, whilst FDI is (return-on-investment) ROI-oriented; targeting property and lasting

interest in host-country operations – many theoretical works, case studies, and polemics

identify the detrimental socioeconomic consequences of FDI in developing nations (Frey and

Field, 2000; Shandra et al., 2004; Wimberley, 1990).

If, over-time, the effects of investment dependence proves adversarial, and outweigh the

benefits expected by diffusionists, then foreign capital instruments (both ODA and FDI) are

expected to negatively affect infant mortality, and other development correlates (Bornschier
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et al., 1978; Oetzel and Doh, 2009; Wimberley, 1990). In more specific terms, the downstream

consequence of half-baked FDI inputs has been unmet social expectations pointing to the

deleterious effects of FDI on infant mortality counts (Bullock, 1987; Dixon, 1984; Frey and

Field, 2000; Jackman, 1975; Shandra et al., 2004; Shen and Williamson, 1997; Wimberley,

1990).

FDI: Neo-Classical Diffusionist Frame

Underdevelopment in the Third World has also been framed in neo-classical diffusionist

terms. Elucidating the concept of development from the diffusionist perspective, Ogbu (2014)

explains that diffusionists expect unobstructed flows of capital, goods, and technology – via

international trade channels – to pave the way for optimum efficiency in resource alloca-

tion. Wimberley (1990) posits that, for the diffusionist, FDI is the key to rapid economic

development (Clausen, 1985; Freeman, 1980) because foreign investment optimizes resource

allocation and facilitates the free flow of capital. Free capital flow is also expected to diffuse

development-related growth as core (developed) nations invest in non-core (less developed)

nations (Amı̄n, 1976; Frank, 1980; Ogbu, 2014; Wallerstein, 2011). The hypothetical expec-

tation for capital free-flow is that, spurts in economic growth and development, are presumed

to have beneficial effects on socioeconomic indicators.

Also, according to the diffusionist perspective, an important socioeconomic outcome of

FDI has been the decline of the infant mortality rate (IMR), the under-5 mortality rate

(U5MR) and an increase in life expectancy at birth (LEB) estimates – both in absolute and

relative terms, based on global mortality trends observed in the two most recent decades

(Cornia et al., 2006). This perceived decline in mortality rates, vis-à-vis an outgrowth of FDI

inflows from core to non-core, has led to greater demands for FDI from those outside political

and economic power groups, and from those within central groups of power, particularly in

underdeveloped countries, that depend on foreign cash instruments as an essential economic

growth component.
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Nevertheless, some scholars (Agosin and Machado, 2005; Arellano and Bond, 1991; Boren-

sztein et al., 1998; Windmeijer, 2005) have presented counter-arguments that FDI either

crowds out domestic investments, or leaves domestic investments unchanged for several sub-

periods, which has forced some nations to limit foreign investment inflows into certain sectors

of the economy (Amsden, 1992; Wade, 1990). Shandra et al. (2004) examine sociological

models detailing cross-national variation in infant mortality levels. Using panel regression

analysis of a sample of 59 developing countries, the authors tested four theoretical models

for the effects of economic and social modernization on infant mortality (Shandra et al.,

2004). One of the four models evaluated was based on the theory of dependency, which

posits that in a world system that supports a global division of labor, poverty-inducing

economic distortions trickle down to the domestic economy of many developing nations,

inhibiting growth, increasing inequality, and adversely affecting population well-being (p.

323). Preliminary testing, based on additive models, yielded evidence in support of the hy-

pothesized expectation of deleterious correlation between capital accumulation activities –

like MNC penetration – and high infant mortality rates Shandra et al. (2004, pp. 326-8).

These findings erode the investment benefits expected by diffusionists.

2.6 Counter-theoretical Arguments

Although the influence of foreign capital instruments on economic development in sub-

Saharan Africa has drawn polarizing polemics from classical dependency and world systems

scholars. Several researchers (Hettne, 1983; Palmer, 1978; Kiely, 2008) have called into ques-

tion the validity of the dependency and world systems approach to development. In both

the SADC and ECOWAS zones, FDI and ODA impact debates remain relevant for those

sectors that have experienced development growth, as a result of foreign investment in the

region, despite dependency and world systems theoretical expectations to the contrary.
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The dependency perspective expects foreign investment dependence to foster Third World

underdevelopment – this is discordant with development orthodoxy, which expects FDI to

foster socioeconomic growth and infrastructural development (De Mello Jr, 1997, Iwasaki

and Tokunaga, 2014, Joia and Huidumac-Petrescu, 2012, Ren, 2006, Rodrik, 2004, Romer,

1997, Sowell, 1983, UNCTAD, 2002). FDI has progressively become a more significant

source of external capital financing for Africa. In recent years, FDI has gained record,

upward traction in the sub-Saharan African region, with particularly heavy investments

concentrated in extractive sectors.

Also, FDI has become an increasingly useful to development efforts on the Continent, in

terms of knowledge and technology transfers (Lall et al., 1997, McGillivray et al., 2005, Moyo,

2009, UNCTAD, 2003). Overall, the expectation for FDI is that it benefits the economies

of developed, developing, least developed and underdeveloped nations alike; and, in many

cases, herald economic growth (African Development Bank [ADB], 2009; Andersen et al.,

2013; Asasen, C. and Asasen, K., 2003; Barro, 1991; Humphreys et al., 2012; Johanson and

Vahlne, 1977; Perks, 2012; Thai and Chong, 2008, 2013; United States Agency for Interna-

tional Development, Vietnam Competitiveness Initiative [USAID, VNCI], 2005). Further,

irrespective of extant evidence identifying unfavorable socioeconomic outcomes – specifically,

high infant mortality counts – associated with both ODA and FDI, some scholars (Cornia

et al., 2006) contend that one positive socioeconomic outcome of foreign capital instruments

has been an overall decline in the global infant mortality rate. Foreign direct investment is

touted as beneficial to the economies of developed, developing, least developed, and under-

developed nations alike; and, in many cases, FDI heralds economic growth. The traditional

approach to development views socioeconomic growth and infrastructural development as

outgrowths of FDI, which can have lasting benefits for the developing economy.

According to the diffusionist perspective, FDI is the key to rapid economic development

(Wimberley, 1990); and, an important socioeconomic outcome of FDI has been the decline
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of the infant mortality rate (IMR), the under-5 mortality rate (U5MR) and an increase in

life expectancy at birth (LEB) – both in absolute terms and relatively, based on the global

trends observed in the two most recent decades (Cornia et al., 2006).

Moreover, studies (Lall et al., 1997, McGillivray et al., 2005, Moyo, 2009, UNCTAD,

2003) touting the benefits of FDI, point its role in strengthening market system functionality,

and its increasing usefulness in terms of knowledge and technology transfers – a substantive

development-related argument. A study by Daly and Wilson (2013) aggregated U.S. county-

level data on mortality rates and compared this information to Census data tracking local

U.S. income inequality (using the Gini index and three income percentile ratios). For the

years 1990 and 2000, Daly and Wilson used a panel data estimation model, and found

evidence of a statistically significant negative relationship between mortality and inequality

– contrary to dependency expectations.

Reinert (2017) points to the counter-intuitive possibility that foreign aid may attract FDI.

The author explains that if – in addition to supportive traditional variables, like government

policy – aid is invested in human capital, infrastructure, and institutional capacity, the

possibility of aid magnetizing FDI is high. Empirical evidence regarding global mortality

trends, observed in the two most recent decades, suggests that one important socioeconomic

outcome of FDI has been an overall decline in the worldwide infant mortality rate (IMR);

a global decrease in the under-5 mortality rate (U5MR); and, a universal increase in life

expectancy at birth (LEB) estimates – both in mean absolute error and mean absolute

relative error terms (Cornia et al., 2006).

This strengthens the diffusionist perspective that foreign debt investment promotes rapid

economic development. However, does this argument hold in underdeveloped regions? If the

answer negates the diffusionist perspective, should the natural conclusion be that foreign debt

is counter-productive to development objectives? The need for further empirical analysis on

this issue is justified by the current, inconclusive findings within development literature as
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debates concerning the costs and benefits of FDI and ODA remain academic, political, and

national points of contention (Lankauskienė and Tvaronavičienė, 2011). Although existing

literature on this subject appears to be inconsistent, and even contradictory at times, certain

significant findings cannot be swept aside: Empirical studies have found that both FDI and

ODA register deleterious long-term outcomes for the infant mortality index (Shandra et al.,

2004; Wimberley, 1990).

Evidence of the same also exists within qualitative and historical development literature

(Tierney et al., 2011; Clemens et al., 2007). What can be conceded, without equivocation,

is that both optimistic and pessimistic observations have been used to describe the current

macro and-micro economic state of affairs in the sub-Sahara, within the context of foreign

capital inflows. Parallel to the above-outlined academic schisms on the roles of ODA and FDI

on economic development, questions must be addressed on the human development front. As

aforementioned in Chapter 1, Section 1, the claims made by some development scholars that

ODA (Moyo, 2009; Mwenda, 2007) and FDI (Bullock, 1987; Dixon, 1984) portend potentially

deleterious effects on human development indicators in sub-Saharan Africa warrant further

examination, in order to ascertain validity.

To assess the validity of these claims, three empirical studies – by Frey and Field (2000),

Shandra et al. (2004), and Wimberley (1990) – are examined, in the proceeding section. The

purpose of examining these three particular empirical studies is three-fold. First, it is an

assessment of empirical rigor, which provides basis for evaluating the strength of inferences

put forward in their respective development analyses – these inferences are weighed against

the theoretical expectations of this study. Second, it highlights comparative strengths and

weaknesses – in terms of key design and methodological features – across the three published

studies. Third, it serves a design template, through which this study identifies opportunities

for improving on key model features, that may have (adversely) affected the empirical findings

of the three studies being assessed.

45



2.7 Comparative Design Analysis (CDA)

The first empirical study to be evaluated in this comparative analysis is by Wimberley (1990),

who cites many theoretical works, case studies, and polemics focused on the harm effected

by investment dependence in developing nations. Wimberley posits, from a dependency per-

spective, that foreign investment has direct, harmful effects on infant mortality in the Third

World. The author conceptualizes “development as basic needs satisfaction”, and traces

deleterious links between underdevelopment, dependency and infant mortality. Repeated

multi-model regression analyses on panel data gathered on 63 underdeveloped countries

yielded results indicating that, although “aid dependence ha[d] no effects . . . multinational

corporate penetration has significant harmful effects on mortality that tend to increase with

time” [p. 75]. In addition to the harmful effects on infant mortality, Wimberley reports that

multinational corporate penetration has marginal benefits for infant mortality, in terms of

health expenditures.

The second study to be evaluated was written by Shandra et al. (2004), who test

four theoretical sociological models for the effects of economic and social modernization

on cross-national variations in infant mortality rates. Based on panel regression analyses of

59 developing countries, Shandra and colleagues evaluated the dependency expectation that,

in developing nations, economic distortions trickle down to the domestic economy, stunt-

ing growth, exacerbating inequality, and adversely affecting human development indicators

(Shandra et al., 2004, p. 323). Preliminary testing, based on additive models, yielded ev-

idence is support of hypothesized relationship between MNC penetration and high level of

infant mortality.

The third study being evaluated is written by Frey and Field (2000) who explain extant

variations in infant mortality rates within less developed regions, using “five macro-social

change theories: modernization theory, dependency/world-systems theory, gender stratifica-

tion theory, economic disarticulation theory, and [the] developmental state theory” (p. 216).
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Frey and Field also examined the concurrent impact of industrialization juxtaposed against

four different factors believed to have explanatory power concerning the root causes of eco-

nomic dependence: female educational attainment, economic disarticulation, state strength,

and Sub-Saharan African status (a control variable) (p. 215). These four alternative indi-

cators of dependence were measured against infant mortality rates, based on 1991 data for

a sample of 59 less developed countries. Eight regression models and five theoretical narra-

tives later, Frey and Field conclude that debt dependence, economic disarticulation, female

education, and Sub- Saharan African status have deleterious effects on infant mortality.

For the sake of comparison, the three above-mentioned studies have been dissected along

several empirical design elements, as adapted from Hicks (2015). The following list identifies

and explains each design element:

1. Unit of Analysis [U/A]: Measurements applied to the study will be evaluated for

potential for empirical issues related to attribute measurements.

2. Dependent Variable [DV]: Conceptualization and operationalization of DV in each

study – evaluated for potential measurement error.

3. Main Independent Variable [IV]: Conceptualization and operationalization of main

IV in each study – evaluated for potential measurement error.

4. Time/Temporal Order [T]: Treatment of temporal order, as it relates to causation

(vis-à-vis Mill’s 2nd temporal order criterion) (Mohr, 1995).

5. Elaboration Model Testing [EP]:Model testing progression traced to identify con-

trols and outline outcomes of specification sequencing.

6. Model Fine-tuning – MAXMINCON 2 principle [MMC]: Model Fine-tuning –

MAXMINCON principle [MMC]: Assessment of how each study creates, controls, and

2MAXMINCON principle, as proposed by Kerlinger and Print (1986), expects that empirical research
should: Maximize the variance due to the independent variable; minimize error variance; control for extra-
neous variance.
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accounts for variance. MAXimizing required systematic variance, MINimizing error

variance due to random fluctuations, and CONtrolling unwanted variance are crucial

parts of this process.

7. Sampling Design and External Validity [SD]: Characteristic sampling and design

approaches highlighted to assess external validity conditionalities.

8. Data development: Examination of degree to which data cleaning techniques af-

fect/contribute study strengths/weaknesses.

Based on the categories enumerated above, the main findings of the three-study CDA are

presented in Table 2.1, which offers brief descriptions of how each of three selected studies

addresses each design element. The ultimate goal of this CDA is to conclude the evaluation

of the specified articles with a prescriptive design alternative (expanded upon in Chapter

3), that is expected to improve upon study-based findings, when examining the relationship

between foreign capital streams and infant mortality.
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CDA Evaluation.

Wimberley (1990) Shandra et al. (2004) Frey and Field (2000)

Unit of Analysis3

Multi-country level of analysis4, involving
evaluation of 63 underdeveloped Third World
countries. Disaggregating from the
multi-country level, countries included in study
sample were restricted on based on reliable
infant mortality (IM) data. IM and foreign
dependence measures were based on past
research and OECD indices, respectively.

Ex post facto review of several
quantitative, cross-national IM
studies. Economic, political, and
social factors used in previous
studies used to identify
cross-national variation in infant
mortality rates(IMR).

U/A is the independent nation
state. Disaggregation from
macroeconomy: Focused on 59 low
and middle-income countries. Use
single unit year: 1991, with lagged
independent variables over a 15-year
time span.

Dependent Variable5

Two age-specific mortality measures used as
one composite DV6: IMR and life expectancy at
age one (LEO) – both lagged and measured
over two time periods: 1970-75 and 1975-80.
Long-run hypothetical expectation is that IM
and LEO will reflect significant, harmful effects
of foreign investment dependence, trending
towards increased IMRs over time. Results of
both LDVs were scored in opposite7directions.
LEO calculated using IM estimates, based on
ex-post facto analyses. Thus, if selection-P8bias
is present in the first DV (IM), said bias is
likely to have been transferred to the lagged DV
(LDV). To mitigate selection-P bias, first-stage
mortality models used LDVs obtained from the
same source, and measured between 1965 and
1970. Log transformations used in LEO models
to normalize the data and achieve linearity.

Conceptualizes IM as function of
core-nation activity in
underdeveloped regions (the
dependency and world systems
theories). DV based on World
Bank data; operationalized as
1997 IMR; lagged dependent
variable (LDV) is 1980 infant
mortality rate. IMR
operationalized as “the number
of infants who die before
reaching the age of 1 year per
one thousand live births” (p.
324). Four theoretical
perspectives used to
conceptualize DV, based on
notion that FDI leads to adverse
development outcomes, such as
increased infant mortality rates,
in non-core9nations.

Using U.N. and World Bank, IMR
operationalized IMR as number of
children who died within the first
year of birth per 1,000 live births in
1991. 15-year lag on DV.

Continued on next page

3CDA studies focus on IM socioeconomic correlates at macroeconomic level of analysis (within multi-country framework of

developing countries). Single Third World country is the unit; and, IMRs associated with each unit measures effect of foreign

capital on Third World macroeconomies. Thus, macroeconomy serves as an additional U/A in all three studies.

4Social scientists identify a level of analysis in reference to research location, size, or scale. Examines integrated set of

relationships between 63 Third World countries.

5All three authors recognize IM can involve several intervening factors, thus add controls, and establish IM as an exploitable

index, placed within a single dimension of development, to reduce exogenous influences, and decrease endogenously generated

systematic bias and random errors, within their respective models.

6Composite IMR and LEO measure captures two differential effects of IM: 1) cause of death, varying by age, and 2)

investment dependence differences evident between IMRs and adult mortality rates.

7Makes intuitive sense: High IMRs expected to cause drop in population of infants over age one; conversely, high LEO at

age one population indicates low mortality levels in the population under one.

8Selection-P bias “is bias that results because . . . two groups started out in different places on the outcome-of-interest

dimension when this initial difference was not measured or accounted for in the analysis . . . a measured pretest . . . use[d] as a

control variable [can remedy this issue] . . . ” (Mohr, 1995, p. 78).

9LDCs provide “cheap” factors of production for MNCs in core nations. In the bid to attract foreign resources, host

countries offer MNCs relaxed social policies, as well as wage and tax reductions, which ultimately erodes tax revenues used to

fund basic social service programs – the ultimate consequence of which is an increase in infant mortality (p. 323).

49



CDA Evaluation.

Wimberley (1990) Shandra et al. (2004) Frey and Field (2000)

Independent Variable

Examines the net impact of FDI flows from
stocks and MNC investments, and debt
generated by foreign aid on IM. Uses foreign
investments as a uni-dimensional measure of
development (p. 75). Separates 10FDI into
three measures: 1) MNC penetration, 2) MNC
investment flows, and 3) foreign aid
dependence. Measures MNC investment stocks
using Bornschier and Chase-Dunn (1985)'s
MNC penetration index,11based on 1967 stock
(book value) of direct investment flows from 16
OECD member nations. Recent (short-term)
investment flows incorporated into the
operationalization of investment stocks.
Investment stocks used to operationalize
investment dependence, based on the
dependency perspective. Initial residual
analyses indicated MNC penetration needed log
transformation. Operationalizes the foreign aid
dependence variable as the net official bilateral
non-military loan amount disbursed from 1960
to 1967.

Reference Frey and Field (2000)
and Wimberley (1990), amongst
other researchers, in explaining
that the predictors associated
with both the modernization
and dependency theories are
essential in underscoring
cross-national variation in LDC
IMR. Level of economic
development is conceptualized
based on the world-system
theory. Level of commodity
concentration, level of
International Monetary Fund
(IMF) conditionality, and level
of MNC penetration, are
conceptualized based on the
theory of dependency. Data was
obtained for a five-year time
period between 1975 and 1980.

Capture the simultaneous effect of a
multi-dimensional macro-social
change determinants and their
congruent influence on infant
mortality. They examine the effects
of the variation in infant mortality
rates in less developed countries
from the conceptual perspective of
the following five12different
macro-social change theories.
Allocated maximum explanatory
power to lagged IVs, which allowed
for conservative tests of the influence
of the IVs (adds conclusion validity
to t-value estimates; gives license to
evaluate hypothesized effects at the
5% and 10% confidence levels).

Time/Temporal Order

Tested panel models, controlling for
spuriousness with increasing time lags on the
two time-dependent/age-specific mortality
measures (IM and LEO). Admits that
socioeconomic and political distortions
associated with investment dependence takes
time to surface, and that the initial beneficial
results of foreign investment have a suppressor
effect on mortality rates, which eventually
emerge, but only after lengthy time periods.
Aid dependence had no statistically significant
effects, whilst MNC penetration showed
significant, harmful trend effects on infant
mortality that appears to increase with time.
No case made for causal precedence, nor is
there any evidence presented to counter the
possibility of reverse causality, i.e., the
possibility that high infant mortality rates
perhaps invites aid earmarked for healthcare.

Infant mortality in 1997 is
lagged against 1980 infant
mortality figures and data for
the independent variables were
obtained circa 1975–1980.
Spuriousness is controlled for by
the inherent nature of the panel
design, however, causal
precedence remains unclear.

Explain that effect being measured
happened before study began,
suggesting that per annum IM
counts in under-developed countries
has seen a recent thirty-year decline,
although rates vary with dramatic
highs in some regions. To evaluate
the impact of the predictor variables
on IMR over time, all IVs were
lagged approximately 15 years.

Continued on next page

10Cites studies by Bornschier et al. (1978) and London and Williams (1988) as rationale for threefold separation of FDI.

11For individual member nations, the Bornschier and Chase-Dunn (1985) index multiplies the ratio of MNC investment

stock to population in millions (a proxy for labor force size) by the ratio of MNC investment stock to total domestic capital

stock in billions of U.S. dollars, and takes the square root of this product to find the MNC penetration index. London and

Williams (1988) used the same index in a similar cross-national study of basic needs satisfaction.

12Theories used: 1) Modernization (captures influence of industrialization); 2) Dependency/world-systems (based on four

measures of economic dependency: i) foreign investment, ii) trade, iii) export commodity concentration, and iv) debt); 3)

Gender stratification (captures role of female education); 4) Economic disarticulation (measures role of economic stagnation

and unequal development); 5) Developmental state (evaluates effect of a Sub-Saharan African status on mortality).
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CDA Evaluation.

Wimberley (1990) Shandra et al. (2004) Frey and Field (2000)

Elaboration and Model Testing

Explains that presence of health
measures (or lack thereof) could
moderate effects of investment
dependence on mortality, since health
measures differ geographically; created
controls for health services. Despite
health services control, MNC penetration
remains statistically significant, showing
a detrimental effect on LEO. Lagged
regressors excluded from right-hand side
(RHS)13of equations. After initial testing
phase, to counter effects of missing
data.14Insignificant regressors excluded
from subsequent models, to preserve
degrees of freedom, as sample size
decreased. Initial models show LEO
affected by health expenditures and
presence of physicians (in the expected
hypothetical directions), however, effects
not statistically significant.

Panel testing of contextual
models, based on four theoretical
frameworks. Included LDVs on
RHS.15During second testing
round, control for interaction
between measures of dependency
and political democracy. Results
show harmful effects of MNC
penetration increases in strength,
with variations depending on
democracy level.16Findings
interaction effect presented as
internally consistent. Major
results from initial first testing
stage showed expected
hypothetical directions, remaining
consistent, even after new model
specifications.

Reweighted least squares regression
(RLS) used as robust check of OLS
estimates, to compensate for OLS
sensitivity to sample outlier distortions
(since RLS is not affected by unusual
observations in IVs or residuals). Of the
four composite measures of economic
dependence, debt dependency was sole
measure showing statistical significance
at the 1% level. debt dependency only
showed significance in Model 4 (in both
testing phases), after foreign invest, trade
and commodity were eliminated,
indicative of the suppressor17effect of
these three variables on debt measure
within the economic dependence
composite.

Model Fine-tuning (MAXMINCON)

Statistically insignificant relationships
between foreign aid dependence and IM
in Model 1. LEO showed no detrimental
effect linked to foreign aid dependence in
Model2. Thus, foreign aid dependence is
removed as a regressor in all subsequent
models. T-stats for FDI in Models 1 and
2 small and insignificant – null hypothesis
that foreign aid coefficient is significantly
different from zero, and has a detrimental
effect on IM, can be rejected. Based on
Models 1 and 2 results, foreign aid
dependency theorists are either wrong or
foreign aid is simultaneously harmful and
beneficial, to the extent that a null effect
is produced. Corrects for
heteroskedasticity using White's (1980)
standard error estimates as a partial fix,
but heteroskedasticity persists – raising
possibility of inefficient beta coefficients.
Could invalidate reported effects

DV and LDV for IM and LEO log
transformed – standardization
procedure (to reduce high
correlation between DV and LDV,
since they are close measures of
the same phenomenon, thereby
minimizing heteroscedasticity).
Both unstandardized and
standardized coefficient estimates
are reported for every coefficient
in all models tested.

No mention of diagnostic checks for
heteroskedascity – calls t-value estimates
into question. By extension, null tests of
hypothesis must be taken with a grain of
salt. Skewness distribution and VIF
checks used to assess multicollinearity in
the DVs. RLS used as robust check of
OLS estimates; to compensate for OLS
sensitivity to sample outlier distortions.
Appears RLS approach did not capture
latent autoregression effects: “RLS
regression is an alternative to OLS that
is not affected by unusual observations in
the independent variables or residuals”
(p. 224). Unmodeled autoregression
effects lead to serial correlation, which
subsequently leads to inefficient
estimation (i.e., standard errors look too
good) and biased inferences. Ignoring
signs of serial correlation is not a remedy
for it – calls into question the internal
consistency of their estimated effects.

Continued on next page

13Clearest sign that explanatory variables are missing is a low Adjusted R2 value (Frost, 2013). Both the Wimberley and

Shandra et al. report consistently high Adjusted R2 values, compared to the Frey and Field study, which reports relatively

lower OLS Adjusted R2 values.

14Before and after introduction of health services control. Table 3: Model 2: MNCpenetration(log) = −0.62, S.E . =

1.34, p0.10.

15Ibid. 13

16E.g., Equation (2.3) shows that at moderate levels of democracy, MNC penetration effect estimate on IM is approximately

0.011 (t = 2.837, p< 0.05), ceteris paribus. At low levels of democracy, all other variables held constant at their means, MNC

penetration is related to a 0.042% increase in infant mortality rates in non-core regions.

17Suppressor variables are purely statistically driven, thus a causal intervention cannot be assumed to have produced

suppressor effects (Ludlow and Klein, 2014).
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CDA Evaluation.

Wimberley (1990) Shandra et al. (2004) Frey and Field (2000)

Data Development

Since infant mortality and life expectancy at
age one are components of
life-expectancy-at-birth data set, countries with
low reliability on the two DV measures were
removed to minimize within-group bias and DV
estimation errors. Used heavily criticized
change score18approach to evaluate the results
of their mortality models. Change score models
used LDVs as regressors, but were excluded
from the right side of the equation – this
approach is potential for concern,19but the
remedy is not so straightforward

Explain that use of lagged panel
model (LPM) is believed to be
optimal and more advanced
than the popular fixed
effect20model, because LPMs
allow examination of trending
and persistent predictor impact
through time.

Lagged all IVs, but do not lag the
IM variable - potential for
misspecification. Ultimately, one
remedy involves beginning with a
generalized model, then adding
additional LDVs, as needed, keeping
a watchful eye on autocorrelations
in the disturbance term (Wilkins,
2018)

Sampling Design and External Validity

Closes the chasm of multiple development
dimensions by focusing solely on foreign
investments as a uni-dimensional measure of
development (p. 75). Accounts for differentials
in IM estimates by controlling for education,
birth rates, and a number of other spurious
explanations of mortality (p75, 76). Internally
consistent United Nations demographic
estimates on IM averages per 1,000 live
neonates yielded normally distributed DV
estimates for periods being assessed. Sample
restrictions placed on countries with unreliable
IM estimates. Countries with disparities in
LEO estimates within sample time period were
eliminated from the analysis. Used the
Bornschier and Chase-Dunn (1985) MNC
penetration index as an additional sample
standardization measure.21

Study had data for a general
model that included 50 -59
developing countries. Varied
sample size from one model to
the next, based on data
availability on the effects of
interest. This approach could
the door to historical and
selection bias – Shandra et al.
caution care in interpreting the
differences between their models.

Sample of 59 low-and-middle income
countries, for which only countries
with complete data on all variables
were used to make estimates. Used
World Bank estimates, however,
Wimberley (1990) suggests that,
although the World Bank is a
well-known source for data on
cross-national mortality, United
Nations data are subject to more
meticulous estimation and
documentation procedures.22

17A change score subtracts the value of a variable measured at time Yt from the value of the variable for the same unit at

a previous time point Y(t−1). Change scores are central to panel analysis of and the goal to model how changes in Y are related

to levels or changes in the predictors over time.

18Liker et al. (1985) references Bohrnstedt (1969) and Cronbach and Furby (1970) in explaining that change scoring can be

problematic because change scores cannot adequately represent continuous process and can produce inherently biased results if

the latent correlation between the dependent variable's initial state and final state is not modeled.

19The fixed-effects method removes time invariant characteristics from a model, which aids in evaluating the net effects of

predictors on the dependent variable, which has heavy potential for creating omitted variable bias.

20Based on the stock value of direct investment from 16 Organization for Economic Cooperation and Development (OECD)

member countries to standardize FDI variable.

21See Footnote 1 on page 77 of Wimberley (1990) study.
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2.7.1 CDA: Discussion

This study seeks to improve upon some of the limitations addressed by the CDA authors.

A discussion of and concluding thoughts on the CDA are presented in this section, with the

goal of identifying design specifications that can either be adapted to this study, or otherwise

modified, to fine-tune results.

There are important socioeconomic implications that go beyond the abstract theoretical

development issues assessed in the CDA, which can find application in the real-world settings

from which the data used for these studies originated. The dynamic data generating structure

of the Shandra et al. (2004) study allows it to be classified under the Random Effects

umbrella. However, the changing sample sizes from one model to the next, based on data

availability could the door to historical and selection bias – Shandra et al. caution care in

interpreting the differences between their models. A joint hierarchical structure, within a

Bayesian framework, wherein missing data is imputed (as opposed to throwing out cases),

could help compensate for the need to vary sample sizes from one model to the next.

In terms of sample standardization and controls, all three studies gathered data from

a centralized, locus; however, only Wimberley (1990) and Shandra et al. (2004) appeared

to have applied rigorous sample selection and data inclusion methods. The strength of the

Wimberley approach lies in contrast to the Shandra et. al approach, which was weaker in

this sense. An Infant Mortality Index, accounting for other mortality causes, which were not

controlled for by these studies, would help standardize the mortality count by clarifying the

choice of each mortality component included in the index as well as the associated weight of

each component, which could improve overall infant mortality measure.

Since foreign direct investment affects nations differently, depending on the category of

development, FDI is a proxy for development in each study and standardizing the relationship

between FDI and infant mortality can be problematic as, at the country level, development

itself is not standardized and varies substantially, even within the three main categories of
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development. Wimberley (1990) was able to normalize the two dependent variables used

because data for the first dependent variable, infant mortality, was taken from a centralized

source (UN Data), which provided an “internally consistent set of demographic estimates”

(p. 77). The second dependent variable, life expectancy at one year of age, was estimated

using Morris’ formula (uses infant mortality and life expectancy at birth UN data in the

LEO calculation) (Morris, 1979, cited by Wimberley, 1990). By controlling for alternative

explanations of infant mortality and using two age-specific measures of mortality (infant

mortality and life expectancy at one year of age) the study by Wimberley (1990) effectively

captures the net impact of FDI inflows on infant mortality, using cross-national multivariate

analytical methods.

Mohr (1995) emphasizes that external validity is a reflection of the generalizable nature

of a study. Maximizing specificity diminishes generalizability: A model that allows for

increased external validity will simultaneously widen the reach towards and address the

concerns of its audience (Bingham and Felbinger, 2002). An external validity threat, thus,

casts presents doubts concerning replicating the same study, either under similar initial

conditions or with alternate “measured indicators of the main conceptual variables”(Mohr,

1995, 56). Fforde (2013) asserts that absolutizing a model is a standard empirical mistake

because the terms in a model are context-reliant, thus, no absolute model exists. The tradeoff

between a broadly defined model and one that is narrowly defined is a model flexible enough

to accomodate methodological approaches that requires a constant process analysis that is

not only integrative, but allows for the incorporation of more balanced, more empirically

nuanced theoretical perspectives, upon which study-specific models can be generated.

One advantage of using Bayesian learning is the flexibility it affords with information

updating, as new information is derived from the data. As a case in point, joint mortality

projections can be updated to incorporate new information across continuous time and risk

profiles. Adebayo and Fahrmeir (2002, p. 1) assess child mortality in Nigeria, using Bayesian

54



geo-additive survival models, which allow for small sample, district-specific spatial effects to

be measured simultaneously with non-linear, time-varying factors. The model effectively

aggregates data with varying temporal and spatial dynamics by allowing for the specifica-

tion of smoothness priors appropriate for approximating spatial and non-linear effects – a

configuration not accessible with conventional parametric models.

2.7.2 CDA: Concluding Thoughts

“Dirty data” is one of the main issues that must be addressed in the process of regression

analysis. All three CDA studies used secondary data collected via non-experimental methods.

The CDA studies sourced data from either the World Bank (i.e., Frey and Field, 2000), the

United Nations (i.e., Wimberley, 1990), or used a combination of both (i.e., Shandra et al.,

2004). Although some rigor may have been applied during the collection process that allow

the data used to pass strict methods of collection, contamination is always lurking and is

an ever-present threat to internal validity, no matter how stringent the data development

process.

“Dirty data” is present in dynamic modeling because the data generating process in

not stationary, and as such, has high propensity for autocorrelation. Regression model

misspecifications are likely to result in bias and inconsistent effect coefficient estimates.

Keele and Kelly (2005) argue that to correct for autocorrelation, model specifications that

includes lagged dependent and several lagged independent variables will produce the least

biased coefficient estimators.

Keele and Kelly (2005) posit that excluding LDVs from the data generation process

introduces omitted variable biases as LDVs carry weight as an important part of the data

structure (as cited in Wilkins, 2018). Keele and Kelly (2005) extend their stance by using

a Monte Carlo simulation, and employing a variety of parametric values to test for model

specifications that produce the best linear unbiased estimates (BLUE) of the regression

coefficients.
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Results from Keele and Kelly's (2005) assessment showed that – with the exception of

highly correlated error terms – regressing Yt on its lagged values generates estimates that

have lower bias, in relative comparison to other models. However, since Keele and Kelly

(2005) does not specify a more precise regression model for a data generating process that

simultaneously controls for autocorrelation whilst generating BLUE coefficients, room exists

to fine tune a model that can.

This study illustrates how the use of a Bayesian (as opposed to a frequentist) approach to

examine the relationship between infant mortality and capital accumulation (as a structured

Bayes belief network) offers modeling flexibility – in terms of permitting parameter uncer-

tainty, assigning deterministic probabilities to unknown model parameters, and allowing for

higher precision and predictive accuracy when handling sample estimation of populations

with missing data.
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CHAPTER 3

METHODOLOGY: PRELIMINARY DIAGNOSTICS

AND DATA PROCESSING

Sub-Saharan infant mortality rates mirror the Continent's delayed progress towards then

Millennium Development Goals (Tlou et al., 2016) (now, Sustainable Development Goals

[SDGs], as of 2016). Every year, millions of infants born in low-and middle-income countries

[LMIC] do not survive infancy, many-a-times owing to preventable developmental factors.

The Africa Centre Demographic Surveillance Area [DSA] works to understand said factors.

Tlou et al. (2016) use advanced spatial-temporal clustering techniques to identify mortal-

ity “hotspots” in the DSA, from 2003 to 2014, with the goal of defining a refined intervention

model that targets disease burdens in rural populations. Rochat et al. (2018) track a unique

cohort as part of a Vertical Transmission Study [VTS] initiated by Africa Health Research In-

stitute [AHRI] (formerly the Africa Centre for Population Health (Africa Centre)), with the

goal of identifying health-related factors affecting early-and later child development. Causal

determinants of infant mortality can be elusive, particularly as it relates to epidemiology.

This study charts a more focused approach in trying to identify mortality risk factors that

are preventable.

3.1 Research Questions

To guide model-building within the context of development assistance financing and its scale

effect on infant mortality, this study seeks to answer the following research questions:

1. Does official development assistance have explanatory power when considering infant

mortality trend behavior in the SADC and ECOWAS regions?

2. Does FDI have predictive power in forecasting mortality estimates in the SADC and

ECOWAS regions?
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(a) In other words, is the presence of FDI a signal of region-specific trend declines in

infant mortality rates?

(b) Within the ECOWAS and SADC trading blocs, if FDI inflows continue to grow,

can observable trend declines in infant mortality be expected to continue?

To answer the study-defined research questions, a performance-based comparison of FDI and

ODA as development instruments is proposed. Mahmood and Chaudhary (2012) identified

three dimensions through which FDI can diametrically impact the host country:

1. Scale effect:

(a) Positive scale effect: Economic growth is accompanied by measures that address

social and environmental issues, e.g., improvements to healthcare access/facilities

as economy expands.

(b) Negative scale effect: Economic growth is shadowed by social and environmental

issues that have not been given careful consideration, e.g., health facility deterio-

ration as economy contracts.

2. Technology effect:

(a) Positive: Foreign investors use environmentally friendly technologies that have do-

mestic investment spillovers via competition that attracts labor and employment

opportunities.

(b) Negative: Technology investments have adverse environmentally damaging so-

cioeconomic effects.

3. Policy effect:

(a) Positive: Host government strictly regulates social and environmental protections

to promote and protect market integration.

(b) Negative: Competition among developing countries to attract FDI force host

country to relax social, economic and or environmental regulations.
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This study will focus primarily on the scale effect of both FDI and ODA on economic growth

measures that affect the social issue of healthcare: Specifically, inter-and-intra regional in-

fant mortality rates in the SADC and ECOWAS region. To map out causal mechanisms

that explain intra-country and intra-regional variations in infant mortality rates, correla-

tional inferences will be drawn from mortality measurements based on an exploitable infant

mortality index housed within a single1 economic dimension of development, as outlined in

Table 3.2.

3.2 Hypothetical Expectations

This study assesses the hypothesized differential effects of two separate phenomena – state

dependency on ODA and the growing influence of FDI – on human development indicators

in the SADC and ECOWAS regions. The main study objective is to assess the effect of both

phenomena on infant mortality, a human development proxy.

The central presupposition of this study is that, within the realm of economic develop-

ment, infant mortality is vulnerable to capital accumulation. Speaking strictly in terms of

preventable infant mortality rates, the following hypothetical expectations are pre-supposed:

Concerning ODA:

Hypothesis 1: Considering regional mortality aggregates, ODA has no explanatory

power concerning the trend in infant mortality rates in the SADC and ECOWAS regions,

ceteris paribus.

Hypothesis 2: ODA has a significant, positive correlation to the rise in infant mortality

rates in the SADC region, ceteris paribus.

1There are four dimensions of sustainable development: economic, conservation, social, political (United
Nations Educational Scientific and Cultural Organization [UNESCO], 2010). Within each dimension, several
categories of development can be specified. Four development theories (economic modernization, social
modernization, political modernization and the dependency perspective), as defined by Shandra et al. (2004)
will be used to specify categories of economic development that are relevant to this study. See Table 3.2
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And, concerning FDI:

Hypothesis 3: FDI inflows have no effect on infant mortality rates in the SADC and

ECOWAS regions, ceteris paribus.

Hypothesis 4: FDI inflows vary inversely with infant mortality rates for countries in

the SADC region, ceteris paribus.

STUDY VARIABLES

3.3 Measurement of Study Variables: Sampling Frame

“A sampling frame is required for stratified sampling . . . ” (Acharya et al., 2013, p. 333). I

removed2 Seychelles from the SADC sub-group; and, the two zones (SADC and ECOWAS)

not only represent roughly two-thirds of the total sub-Saharan population, but also represent

roughly 50% of the total Continental populace. Figure 3.1 is a snapshot of the study sampling

frame. The SADC sub-region, pictured in purple, is an economic and monetary alliance of

the 153 southernmost countries in the sub-Sahara.

The Southern African Development Community was spearheaded as a strategic initiative

to integrate the economies of its member countries – the driving goal of the Conglomerate is

to narrow income inequality gaps, strengthen the regional economy, and promote develop-

ment in the southernmost region of the Continent. Beyond trading primarily with each other

SADC member-countries also work towards macroeconomic convergence (SADC, 1992).

2Owing to lack of Primary FDI data

3For the panel configuration (with Country along the rows and variables in columns), Seychelles was
removed from the study sample because there was no data available for the Primary FDI variable, so the
SADC panel would be balanced. In the Time Series configuration (with Year along the rows and country-
variable observations are in the columns), Primary.FDI.Seychelles was deleted: This left Seychelles in the
mix, but with no Primary FDI data for this country, as opposed to the panel set-up, where Seychelles (and
all its associated data) was removed completely.
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In other words, SADC member-nations work to stabilize regional economic and financial

indicators for countries in the southernmost region. The SADC member countries are as

follows: Angola, Botswana, Democratic Republic of Congo, Lesotho, Madagascar, Malawi,

Mauritius, Mozambique, Namibia, Seychelles, South Africa, Swaziland, the United Republic

of Tanzania, Zambia, and Zimbabwe.

Figure 3.1: Sampling Frame: SSA Economic Sub-regions. (Created using mapchart.net).

The SADC economic conglomerate, birthed in 1980, was conceived from the classical

economic integration theory that regional integration:

1. strengthens market integration;

2. increases levels of macro-economic convergence;

3. promotes financial and capital market gains;

4. encourages cooperation among monetary authorities;

5. attracts investment growth; and,

6. fuels global competitiveness (Schoeman, M. , 2009).
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The SADC charter made provisions for trade, industry, finance, and investment directorate

to oversee the municipal areas of integration and develop a trade protocol (SADC, 1992).

Between 2010 and 2014, SADC balance of payment averaged a total of $37 billion. In

2014, inter-regional trade within the SADC topped $39.5 billion and FDI inflows capped

$18.4 billion (Global Edge, 2014). Within the region, country to country economic varia-

tion is such that, whilst Angola saw a 7% GDP per capita growth rate in the last decade,

Zimbabwe experienced an annual decline of 2.8% in per capita GDP over the same 10-year

period (South Africa Institute of International Affairs [SAIIA], 2015). South Africa dom-

inates the regional share of total GDP at 55.5% (2013 estimate), down from 63% in 2010

(SAIIA, 2015). The estimated total SADC sub-regional GDP was approximately $575.5

billion in 2010 (SADC, 2012). In 2011, South Africa's GDP reached $416 billion, its highest

yet (Trading Economics, 2017).

To the west of the Continent, ECOWAS member nations enacted a working charter

with a similar economic agenda to that of the SADC states, which involves strengthening

the western sub-regional economy through interregional trade and central banking alliances

(Economic Community of West African States [ECOWAS], 2016). Much like the SADC

economic conglomerate, ECOWAS is a west African business community of 15 multilateral

trade partners. The 15 ECOWAS member countries are: Benin, Burkina Faso, Cape Verde,

Cote d’ Ivoire, The Gambia, Ghana, Guinea, Guinea Bissau, Liberia, Mali, Niger, Nigeria,

Sierra Leone, Senegal and Togo. Through the establishment of a common market and

through the enactment of an economic integration mandate, the goal of the alliance was to

establish a collectively self-sufficient trading bloc (ECOWAS, 2016).

Further, this study focuses on the SADC and ECOWAS regions because, relative to other

sub-Saharan African states, both regions have a notable mix of investment and indebtedness.

In the global category of Least Developed Countries [LDCs], according to UN global devel-

opment classifications, 75% of West African states are listed as LDCs (Gupta, A., 2015).
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The 15 ECOWAS states account for 35% of Africa’s LDCs – Ghana, Nigeria, Cape Verde

and Cote, d’Ivoire are lower-middle-income countries and are not listed as LDCs (Gupta,

A., 2015; United Nations Department for Economic and Social Affairs [UN DESA], 2014).

Nigeria is the wealthiest state in ECOWAS, with a 65.2% share of the regional GDP and an

average annual GDP of $396 billion (World Bank, 2014).

ECOWAS countries are growing at an average GDP rate of 7.1 percent, (2014 estimate),

up from 6.3 percent in 2013 (Gupta, A., 2015). GDP growth has primarily been driven

by increased activities in natural resource industrial sectors (gas, oil and various minerals)

and improvements in agricultural production (Gupta, A., 2015). The West Africa Mone-

tary Institute [WAMI] and the ECOWAS Bank for Investment and Development [EBID]

coordinate financial activities to ensure the macroeconomic stability of the ECOWAS region

(Elliott et al., 2007). France, UK, US, Germany, the EU, Canada, Denmark, the African

Development Bank and the World Bank contribute to development efforts in the ECOWAS

zone (Gupta, A., 2015).

Both trading zones were chosen for analysis specifically because their established re-

gional trade alliances can be seen (from a theoretical perspective) as an empirical threshold,

wherein certain macroeconomic fundamentals can be held constant, e.g., health care sector

advancements, foreign investment levels, geographic proximity, ODA status. Further, within

both zones there exists a substantial amount of economic heterogeneity. (See Table 3.1). In

other words, for many of the member-countries in both sub-regions, one finds that there is

a noteworthy amount of rising, sector-specific investment activity, coupled with heavy in-

debtedness (see Figure 2.1), mostly traceable to high ODA balance of payments, or (unpaid)

out-standing foreign debt.

Additionally, in terms of justifying the choice of sampling frame for this study, the SADC

and ECOWAS regions present a high level of economic heterogeneity, which ensures an

adequate amount of variability within the variable structuring, particularly with respect to
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the economic series. Also, in terms of study generalizability to the rest of the Continent,

both regions account for almost 70% of the total sub-Saharan regional population – the sub-

regional 2012 population estimate for SADC is 277 million (Southern African Development

Community [SADC], 2012). For ECOWAS, the sub-regional population total registered at

approximately 335 million in 2014 (Knoema, 2016). Together, both zones form a sizably

representative sample of more than 70% of the sub-Saharan populace; and, taking the entire

Continent into context, both zones represent one-half of the total African population, of

approximately 1.03 billion inhabitants.

Considering both SADC and ECOWAS working mandates, one central objective is pro-

moting development through interregional trade. The theoretical discussion presented in

Section 2.5 has established that FDI and ODA differ in their technical development-related

goals: FDI targets sectors that can generate wealth – mining, energy services, commercial,

etc. – with the end goal of any targeted investment being a profitable return on investment

(ROI). This ROI orientation registers an effect on human development outcomes, as a nat-

ural consequence of economic activities. Thus, it may be safe to say that the immediate,

primary goal of FDI is a profitable ROI and that any registered effect on human development

is secondary. On the other hand, the immediate goal for ODA disbursements is to register ef-

fect on human development outcomes through investments in healthcare, education, projects

that fund public works, etc.. Based on growing criticisms of both capital steams in the sub-

Saharan region – some of which associate both capital streams to deleterious consequences

on human development – it is worth investigating which of the two (FDI or ODA) registers

a larger effect (positive or negative) on human development. Said investigation necessitates

defining the unit of analysis.

3.3.1 Measurement of Study Variables: Unit of Analysis

Social scientists identify a level of analysis in reference to the location, size, or scale of

their research. For example, the Wimberley (1990) study examines an integrated set of
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relationships between 63 Third World countries, which involved the evaluation of countries

within said set, for which data was available. Level of analysis identified in this study

encompasses the SADC and ECOWAS multi-country economic regions. Disaggregating from

the multi-country level, this study restricts the countries in the sample, and the variables

selected for inclusion in analyses, based on the availability of reliable mortality data.

If governments are considered as national-level actors, with their ODA and FDI interven-

tions occur within states, then the spatial unit of observation is the country. To investigate

inter-and-intra regional variation in IM counts in the SADC and ECOWAS sub-regions, the

independent nation-state is defined as the unit of analysis. The variables of interest are

defined at the level of the nation-state. To leverage available country-level data, this study

uses the year as the temporal unit of observation. The temporal domain of the study covers

the 36-year period from 1979 to 2014. Together, the unit of analysis and level of analysis

serve as the foundational analytical framework for this study.

The SADC and ECOWAS trading blocs were chosen specifically because, at the country-

level, income-specific heterogeneity is present in both zones. This allows for a closer exam-

ination of neo-Marxist dependency and neo-Classical diffusionist principles at work in the

region through an investigation of cross-national variation in infant mortality rates across

trading blocs. Further, as aforementioned in Section 3.3, the trade alliances in both eco-

nomic zones will allow this study to hold constant certain macroeconomic fundamentals,

such as foreign investment levels, geographic proximity, political regime, and ODA status.

Also, as identified by Lankauskienė, T. and Tvaronavičienė, M. (2011), the impact that FDI

can exert on development is dependent on the level of development a country has attained.

Table 3.1 shows the income classifications for individual SADC and ECOWAS countries.

As illustrated in Table 3.1, low per capita income countries are linked with high poverty

rates and less development. Within the SADC and ECOWAS conglomerates, the income

classification of individual countries varies from country to country, however, when exam-

ining both economic zones, their economic performance differs significantly from that of
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other countries in the sub-Saharan region. This allows for sub-regional variation to be ac-

counted for, as distinct from the overall sub-Saharan aggregate. Said differently, the SADC

and ECOWAS zones are a representative mix of the variations in income classifications at

the country-level. This is important in terms of generalizability of study findings to other

countries in the Continent.

Table 3.1: Income Classification4of Individual SADC and ECOWAS Countries.

Income Group5 SADC Country ECOWAS Country

Low
Congo, Dem. Rep. Benin

Madagascar Burkina Faso

Malawi The Gambia

Mozambique Guinea-Bissau

Tanzania Liberia

Zambia Mali

Zimbabwe Niger
Sierra Leone

Lower Lesotho Cape Verde

Swaziland Côte d'Ivoire

Middle Zambia Ghana
Nigeria
Senegal

Upper Angola

Botswana

Mauritius

Namibia

South Africa

4Classification information sourced from Team (2016)

5Fiscal year 2016 classification are based on GNI per capita estimates, calculated using the World Bank
Atlas method (World Bank, 2014). Low-income economies had GNI of $1,045 or less in 2014; middle-income
economies saw per capita GNI of more than $1,045 but less than $12,736; high-income economies averaged
a GNI per capita of $12,736 or more. The GNI per capita difference between lower-middle-income and
upper-middle-income economies is estimated at $4,125 (World Bank, 2014).
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Not recognizing the sui-generis economic stratifications within the African continent is

not only atheoretical (in terms of Continent-specific theory development) but it also hinders

meaningful comparisons of phenomena that are theoretically asimilar: Phenomena which

would otherwise go unnoticed because of the tendency to view the Continent as economically

homogeneous (Agnew, 2001). For example, ECOWAS and SADC trading bloc-countries

differ in annual trade volume and transaction, both at the local and international level.

Also, as aforementioned, both sub-regions account for almost 70% 6 of the total sub-Saharan

regional population (and represent 50% of the Continental populace).

3.4 Measurement of Dependent Variable: Infant Mortality

Dialogue in Section 1.2.3 began with a series of questions concerning human development.

For continuation of the human development discussion, and to outline how the study de-

pendent variable is theoretically conceptualized, the discussion that began in Section 1.2.3

is re-visited: The Human Development approach prompts an evaluation of the well-being

of people in developing regions, by seeking answers the following questions: “Do they live

long? Do they escape preventable morbidity? Do they avoid mortality during infancy and

childhood?” (Anand and Ravallion, 1993, p. 135).

As aforementioned, in Section 1.2.3, binary responses to the preceding questions can easily

find numerical support in simple post-mortem counts, which usually offer raw, straightfor-

ward infant mortality figures. Through post-mortem fetal/neonatal examinations, health

service providers can identify epidemiologies and determine the risk of recurrence. often-

times, autopsy reports, not only point to congenital abnormalities, but also pinpoint crucial

epidemiological data, which ascertain characteristic, biological cause of death (Cousens et al.,

2011).

6Approximately 612 million [2014 est.] (see Knoema (2016)) – representing roughly two-thirds of the
total sub-Saharan population.
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Nevertheless, in spite of the relative feasibility of post-mortem counts, and in spite of the

near precision on morbidity and mortality information offered by scientific autopsy reports,

elusiveness reigns supreme regarding the effects of economic antecedents and their influence

on infant mortality rates in the sub-Sahara.

Generally speaking, if we want straightforward answers to these questions, in the form of

raw statistical data, post-mortem counts of binary responses to these questions will suffice.

If we need epidemiological answers to these questions, a scientific autopsy report can provide

insight on disease or congenital anomalies contributing to mortality counts. However, looking

beyond post-mortem reports, empirical evidence on the influence of economic antecedents on

infant mortality rates requires in-depth analyses of the socioeconomic correlates of IM. The

need for further empirical analysis on this issue is justified by the current findings within

development literature.

As discussed in Chapters 1 and 2, the most sensitive human development indicator is the

infant mortality rate – in order to assess the impact of socioeconomic variables on population

trends and effectively evaluate the enduring impacts of public policy initiatives, researchers

and policy makers rely on infant mortality data (Fosdick and Hoff, 2014). The socioeconomic

correlates of infant mortality are measured at the macroeconomic level (within a multi-

country framework), where the singular Third World country is the unit. Thus, in this

study, the infant mortality rate associated with each unit (i.e., each Third World country)

will be used as the dependent measure in response to SSA macroeconomic variables, ODA

and FDI.

3.4.1 Theoretical Infant Mortality Index

Table 3.2 illustrates how, theoretically, the multiple dimensions of development can be housed

within a single-dimensional index that is sensitive enough to reflect unfavorable development

outcomes.
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Table 3.2: Theoretical Infant Mortality Index: Operationalization of Study
Dependent Variable.

Theoretical
Tenet

Development Implications
Derived Study
Variables

Economic
Modernization

Economic growth drives development; economic
development then leads to industrial growth and
urbanization. Industrialization and urbanization fosters
advancements in medical technology; higher living
standards; access to healthcare – infant mortality rate
declines (Frey and Field, 2000; Shandra et al., 2004).

Level of industrialization
(Firebaugh and Beck,
1994; Frey and Field,
2000; Lena and London,
1993; Shen and
Williamson, 1997).

Social
Modernization

As education levels increase, labor market wage
earnings increase as does economic growth. Economic
expansion strengthens industrial growth and living
standards increase, resulting in better access to health.
Well educated female population leads to improvements
in childcare and reductions in infant mortality
(Boehmer and Williamson, 1996; Frey and Field, 2000;
Shandra et al., 2004).

Level of education; level
of industrialization
(Bellew and Raney, 1992;
Boehmer and
Williamson, 1996; Frey
and Field, 2000; Lena
and London, 1993).

Political
Modernization

Democratic societies are expected to be more
supportive of social movements and special interest
groups dedicated to the health of mother and child
(Shandra et al., 2004). Non-democracies have been
found to embrace transnational business relations that
are less responsive to civic concerns (Crenshaw and
Jenkins, 1996a; Fischer, 1999; Karliner, 1997; Rich,
1994). Level of state involvement in economic activities
affects economic growth and living standards in
developing countries; state expenditure on health and
social services also affect infant mortality rates
(Friedman and Friedman, 1980; Lena and London,
1993).

Political regime; state
healthcare expenditure
(Bradshaw and Tshandu,
1990; Crenshaw and
Jenkins, 1996b; Friedman
and Friedman, 1980;
Lena and London, 1993;
Shen and Williamson,
2001).

Dependency
Perspective

Imbalanced trade relations between core and periphery
affects ability of developing state to raise revenues via
international trade (Frank, 1967; Gereffi, 1989b;
Shandra et al., 2004; Wallerstein, 1994). Weak revenue
streams affect funding for health and social services;
infant mortality will likely increase (Boehmer and
Williamson, 1996; Cutright and Adams, 1984; Lena and
London, 1993; Shen and Williamson, 2001).

Official development
assistance; foreign direct
investment (Bornschier
and Chase-Dunn, 1985;
Bradshaw and Huang,
1991; Evans, 1979; Frey
and Field, 2000; Lena
and London, 1993; Shen
and Williamson, 2001;
Wimberley, 1990).
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Considering the political modernization theoretical tenet (Table 3.2, third row) as an

example, one hypothetical expectation that can be tagged to this tenet is that, an inverse

proportionality relationship exists between state expenditure and infant mortality rates.

As such, the theoretical expectation associated with the political modernization tenet

is that, with higher health expenditure, the overall rate of infant deaths resulting from

modifiable issues should see a decline. The main independent variables for this study – ODA

and FDI – are linked to perspectives originating from the dependency school-of-thought.

Concerning ODA, for example, the main point of contention amongst dependency scholars

concerns the fungibility of aid, or the tendency of aid-recipient governments to re-direct

funds away from the public purse.

From an over-arching point-of-view, the single-dimensional index presented in Table 3.2

brings to the fore four specific layers of development, which allows for the specified dimensions

of development to be simultaneously gauged by continuously referencing the infant mortality

rate, which is sensitive enough to pick up on lags in development within each dimension.

For example, if we consider the concept of development from the social dimension per-

spective – Table 3.2, second row – the theoretical expectation is that, as the education levels

increase, i.e., and as females become better educated about health and infant care, the end-

result should be a reduction in preventable child mortality cases associated with insufficient

information about child care – Sudden Infant Death Syndrome (SIDS), for example.

STUDY DATASET

3.5 Operationalization of Study Variables

The eleven series comprising this data set can roughly be separated into two groups: National

economic series and national demographic data. Of the 5 economic series in the dataset,

two (health and education expenditure) are expressed as percentages of total government
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expenditure, whilst the remaining three (industry, net FDI, and ODA) are expressed in raw

USD units. The definitions and sourcing information for the 11-indicator series in the dataset

are presented verbatim (as provided by the study dataset archives and codebook), and are

outlined in Table 3.3.

Using year as the temporal unit of observation, this study leveraged available country-

level data, over a temporal domain of 36-years (1979 to 2014), to capture the historical

behavior of the study covariates. The study sample consists of 30 countries – or 30 sampling

units – 15 SADC and 15 ECOWAS. At the early stage of analyses, within each study dataset,

there were eleven rows (series) of variables per country, with 36 column observations (time

periods) per series.

The study variables have been chosen based on the empirical designs proposed by Shan-

dra et al (2004) and Wimberley (1990). The main variables of interest for this study are

operationalized as shown in Table 3.3, which contains verbatim definitions sourced from the

World Databank (2016), where the study data originated.

3.5.1 Data Source and Variable Definitions

This study uses secondary data compiled form the World Bank databank (archive) of world

development indicators (WDI). The data are measured based on sourcing standards outlined

in Table 3.3. The information provided in Table 3.3 is provided verbatim from the World

Bank data archive and from the UN Inter-agency Group for Child Mortality Estimation (UN

IGME). There are 30 sampling units – 15 SADC and 15 ECOWAS. Each sampling unit has

11 contemporaneous series/variables associated with it, several of which have missing data.

(See Missingness Line Charts, Appendix A.3).
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Table 3.3: Main Variable Definitions and Sources.

Variable Definition Source

Mortality
rate,
under-5
(per 1,000
live births)

“Under-five mortality rate is
the probability per 1,000 that a
newborn baby will die before
reaching age five, if subject to
age-specific mortality rates of
the specified year”.

“Estimates developed by the UN
Inter-agency Group for Child
Mortality Estimation (UNICEF,
WHO, World Bank, UN DESA
Population Division) at
www.childmortality.org. UN
IGME estimates are based
available data sourced from
national censuses, surveys or vital
registration systems” UN IGME,
2017.

Mortality
rate, infant
(per 1,000
live births)

“Infant mortality rate is the
number of infants dying before
reaching one year of age, per
1,000 live births in a given
year.”

“Nationally representative
estimates of under-five mortality
derived from several different
sources, including civil registration
and sample surveys” (United
Nations Inter-agency Group for
Child Mortality Estimation [UN
IGME], 2017, p. 2). Excludes
data from demographic
surveillance sites and hospitals, as
they are rarely representative
(United Nations Inter-agency
Group for Child Mortality
Estimation [UN IGME], 2017, p.
2). Preferred data source is a civil
registration system – records
births and deaths continuously
(United Nations Inter-agency
Group for Child Mortality
Estimation [UN IGME], 2017, p.
2).(See Mortality rate, Under-5)”.

Health ex-
penditure,
public (%
of
government
expendi-
ture)

“Public health expenditure
consists of recurrent and capital
spending from government
(central and local) budgets,
external borrowings and grants
(including donations from
international agencies and
nongovernmental
organizations), and social (or
compulsory) health insurance
funds”.

“World Health Organization
Global Health Expenditure
database”. (See http:
//apps.who.int/nha/database
for the most recent updates).
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Table 3.3 ct'd: Main Variable Definitions and Sources.

Variable Definition Source

Industry,
value added
(current
US$)

“Includes value added in
mining, manufacturing (also
reported as a separate
subgroup), construction,
electricity, water, and gas.
Value added is sector net
output, after adding up all
outputs and subtracting
intermediate inputs: Calculated
without making deductions for
depreciation of fabricated assets
or depletion and degradation of
natural resources. Origin of
value added is determined by
the ISIC, revision 3. Data are
in current U.S.D..”

“World Bank national accounts
data, and OECD National
Accounts data files.”

Net official
develop-
ment
assistance
received
(current
US$)

“Net official development
assistance consists of
disbursements of loans made on
concessional terms (net of
repayments of principal) and
grants by official agencies of the
members of the Development
Assistance Committee (DAC),
by multilateral institutions, and
by non-DAC countries to
promote economic development
and welfare in countries and
territories in the DAC list of
ODA recipients. It includes
loans with a grant element of at
least 25 percent (calculated at a
rate of discount of 10 percent).
Data are in current U.S.
dollars”.

“Development Assistance
Committee of the Organisation for
Economic Co-operation and
Development, Geographical
Distribution of Financial Flows to
Developing Countries,
Development Co-operation
Report, and International
Development Statistics database”.
Data are available online at:
www.oecd.org/dac/stats/
idsonline.

Primary
income on
FDI
(current
US$)

“Primary income on foreign
direct investment covers
payments of direct investment
income (debit side), which
consist of income on equity
(dividends, branch profits, and
reinvested earnings) and income
on the intercompany debt
(interest). Data are in current
U.S. dollars”.

“International Monetary Fund,
Balance of Payments Statistics
Yearbook”.
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Table 3.3 ct'd: Main Variable Definitions and Sources.

Variable Definition Source

Foreign
direct
investment,
net (BoP,
current
US$)

“Foreign direct investment are
the net inflows of investment to
acquire a lasting management
interest (10 percent or more of
voting stock) in an enterprise
operating in an economy other
than that of the investor. It is
the sum of equity capital,
reinvestment of earnings, other
long-term capital, and
short-term capital as shown in
the balance of payments. This
series shows total net FDI. In
BPM6, financial account
balances are calculated as the
change in assets minus the
change in liabilities. Net FDI
outflows are assets and net FDI
inflows are liabilities. Data are
in current U.S. dollars”.

“International Monetary Fund,
Balance of Payments Statistics
Yearbook and data files”.

3.6 Sub-regional Confidence Intervals

Prior to model testing, diagnostic tests were performed to check variable data completeness;

ascertain normality; and, assess inter-variable correlation. To examine whether overall dif-

ferences exist among countries averaged over time (cross-sectional effect) and to examine

whether overall differences exist across time,7 mean plots with 95% confidence intervals (CI)

were graphed to represent: i) the mean of each country, and ii) the group mean, averaged

over time. Figures 3.2a through 3.2b illustrate the 95% confidence intervals of the infant

mortality variable indicators for both regions. The CIs allow for (mean) variable compar-

isons across sub-regions, both at the country-level and across time (year). The complete CIs

for the initial set of study variables are in Appendix A.2.

7Averaged over country with year (time series effect) for a given series
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(a) SADC IMR, 95% CI. (b) ECOWAS IMR, 95% CI.

Figure 3.2: Sub-regional Infant Mortality Rates (per 1,000 live births, 95% CIs).

(a) SADC Under-5MR, 95% CI. (b) ECOWAS Under-5MR, 95% CI.

Figure 3.3: Sub-regional Under-5 Mortality (per 1,000 live births, 95% CIs).
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(a) SADC Industry Value, 95% CI. (b) ECOWAS Industry Value, 95% CI.

Figure 3.4: Sub-regional Industry value added (current US$), 95%.

Hicks and Streeten (1979) explain that when components are not very highly correlated

their associated measures and important inter-and-intra country differences remain in ob-

scurity because, within any variable mix, the minimum expectation of linear dependency

must be met before causal assessments can begin. Further, variables in a regression model

can be correlated but not perfectly so, as this implies that some of the variables in the

mix are providing the same information. Tables 3.4 and 3.5 show that most of the paired

correlations are moderate in size. Based on the codebook provided for the study dataset,

which details how each variable was developed, it is not clear whether the mortality under5

variable includes counts from the first year of infancy.

If the mortality under5 variable does include infancy, this may account for the high

correlation between these two variables in the ECOWAS sub-region (since first year mortality

data may have be incorporated in both the infant- and under-5 measures). (See Table 3.4).

The negative correlation between mortality under5 and infant mortality makes logical sense:

High infant mortality rates are expected to cause a drop in the under-5 mortality rate.
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Conversely, a high under-5 population is indicative of high infancy survival rates. Thus,

low mortality levels in the population under-one is expected to be synonymous with a high

under-5 mortality rates. For the ECOWAS region, the correlation between mortality under-

5 and infant mortality is in line with the inverse expectation between both variables. For

the SADC sub-region, the low correlation between mortality under-5 and infant mortality

leaves little room for surface-level speculation, but leaves plenty of room for inference, post

statistical analyses.

Table 3.4: ECOWAS Pairwise Correlations.

M.U58 M.Inf Ind E.Ex S.Bir. C.Hlt H.Exp Preg ODA P.FDI
M.U5 1.00 -0.82 -0.56 -0.83 -0.15 0.14 0.11 0.08 -0.02 0.14
M.Inf -0.82 1.00 0.38 0.97 0.29 -0.08 -0.09 -0.19 -0.08 -0.16

Ind. -0.56 0.38 1.00 0.48 0.26 -0.19 -0.28 0.11 0.06 0.03
E.Ex -0.83 0.97 0.48 1.00 0.26 -0.08 -0.05 -0.19 -0.08 -0.18
S.Bir -0.15 0.29 0.26 0.26 1.00 0.08 -0.43 -0.15 0.10 -0.25
C.Hlt 0.14 -0.08 -0.19 -0.08 0.08 1.00 -0.10 -0.76 -0.63 -0.08

H.Exp 0.11 -0.09 -0.28 -0.05 -0.43 -0.10 1.00 0.24 -0.03 -0.30
Preg 0.08 -0.19 0.11 -0.19 -0.15 -0.76 0.24 1.00 0.67 0.15
ODA -0.02 -0.08 0.06 -0.08 0.10 -0.63 -0.03 0.67 1.00 0.11

P.FDI 0.14 -0.16 0.03 -0.18 -0.25 -0.08 -0.30 0.15 0.11 1.00

Table 3.5: SADC Pairwise Correlations.

M.U59 M.Inf Ind E.Ex S.Bir. C.Hlt H.Ex Preg ODA P.FDI
M.U5 1.00 0.04 -0.28 -0.28 0.02 0.12 -0.01 -0.11 -0.06 -0.09
M.Inf 0.04 1.00 0.03 0.85 0.27 -0.09 -0.19 0.11 0.10 -0.07

Ind -0.28 0.03 1.00 0.17 -0.19 0.11 -0.16 -0.14 -0.29 0.22
E.Ex -0.28 0.85 0.17 1.00 0.32 -0.17 -0.13 0.17 0.26 0.15
S.Bir 0.02 0.27 -0.19 0.32 1.00 -0.25 -0.39 0.20 0.07 0.29
C.Hlt 0.12 -0.09 0.11 -0.17 -0.25 1.00 0.60 -0.45 -0.73 -0.22
H.Ex -0.01 -0.19 -0.16 -0.13 -0.39 0.60 1.00 1.00 1.00 0.11
Preg -0.11 0.11 -0.14 0.17 0.20 -0.45 1.00 1.00 0.55 0.22
ODA -0.06 0.10 -0.29 0.26 0.07 -0.73 1.00 0.55 1.00 -0.01

P.FDI -0.09 -0.07 0.22 0.15 0.29 -0.22 0.11 0.22 -0.01 1.00

8M.U5 – Mortality Under5; M.Inf – Mortality Infant; Ind – Industry; E.Ex – Education Expenditure; S.Bir – Skilled Birth

Attendance; C.Hlt – Community Health; Preg – Pregnant Women; ODA – Official Development Assistance; P.FDI – Primary

FDI

9Ibid. 7
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3.6.1 Missingness Overview: ECOWAS and SADC National Demographic Data

Concerning the study-variable selection process, it is noteworthy that the potential variables

highlighted in this Section (which emerged from the study Theoretical Infant Mortality Index

(Section 3.4.1), were not overlooked in the analyses. Data insufficiency (owing, specifically,

to the number of data points available) was the only rationale for excluding them from

imputation, and subsequent analyses. A complete illustration of the initial set of study

variables can be seen in Appendix A.3.

Figures 3.5 and 3.6 offer a visual overview of the status of the data sets at the onset of

the study. The study began with over 11,00010 individual data points, with a missingness

spread of about 43% of the total possible number of individual data points. Considering the

missingness spread, in terms of the variable rows, nearly 42% of the variable series in the

original data distribution had missing values.

Figure 3.5: Overview: SADC and

ECOWAS: Total number of individual cell

counts is 11,880, of which 6,570 have com-

plete cells and 4,980 cells are missing.

Figure 3.6: Overview: SADC and

ECOWAS: Total number of observational

rows (series) is 330, of which 183 are com-

plete series and 142 have missing values.

1011 variables x 30 countries x 36 years = 11,880 individual data points
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Figures 3.8a through 3.10b provide visual summaries of the missingness rates for the start-

ing set of variables under consideration, for both economic zones. For the economic series,

Figure A.13a (in Appendix A.3), shows that industry value added – a variable measure of

the level of industrialization – has an overall missingness rate of less than 0.1%. Of the 330

observations (country-year combinations), the Community Health Workers series – Figure

3.7 – has over 90% missingness in both the ECOWAS and SADC regions. Both variables

were excluded from imputation runs.

The lack of data for the community health workers series is clear – none of the 15 countries,

in both regions, appear to have collected data consecutively for this variable. (See Figure

3.7a). The missingness rate for the variable number of births attended to by skilled health

workers is approximately 88.6% for the SADC region. (See Figure A.14a in Appendix A.3).

Further, the high missingness rate for the variable number of pregnant women receiving skilled

care was present in both SADC and ECOWAS sample data, thus as a result, this variable

was not included in imputation procedures.

(a) SADC, Comm. Health Workers. (b) ECOWAS, Comm. Health Workers.

Figure 3.7: Sub-regional Community Health Workers (per 1,000 people).
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With the exception of Angola (which had no available infant and under-5 (U-5) mortality data for the year 1979), all

15 countries in the SADC region have mortality data for the period under study. For the SADC region, the Missingness

rates – for both the infant mortality (Figures 3.8) and U-5 mortality variables – ranges at approximately 0.002%.

(a) SADC Infant Mortality Rates. (b) ECOWAS Infant Mortality Rates.

Figure 3.8: Sub-regional Infant Mortality rates (per 1,000 live births).
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The variable measure for the number of pregnant women receiving skilled care has an estimated 87% missingness rate

for the both SADC and ECOWAS regions. (See Appendix A.3, Figure A.15a). For SADC, all of the economic series had

at least a few missing values. For the ECOWAS distribution, out of the 11 starting variables, only 2 series – ODA and

FDI – have no missing values.

(a) SADC, Net ODA. (b) ECOWAS, Net ODA.

Figure 3.9: Sub-regional Total: Net Official Development Assistance received (current US$).
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For most of the series with missing data, the patterns appear similar, with one or two exceptions. Angola appears

to be an outlier in the foreign direct investment and education panels, whilst the Seychelles shows some anomaly in the

health and economic panels: Aside from these outliers, in general, the economic profiles appear curvilinear – for example,

see Appendix A.3, Figure A.13.

(a) SADC, Public Health Expend. (b) ECOWAS, Public Health Expend.

Figure 3.10: Sub-regional Health Expenditure, Public (% of government expenditure).
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Table 3.6 is a numerical summary of the visual missingness charts presented in Figures

3.8 through 3.10. Figure 3.11 offers a more compact visual summary of the same, created

using the Amelia R-package.

Table 3.6: Variable Indicator Missingness Rates per Region.

Sub-regional Totals

Variable Indicator
ECOWAS
(n=54011)

SADC
(n=540)

Totals
(n=1080)

Mortality, infant (per 1,000 live births) 1 7 8
Mortality, under-5 (per 1,000 live births) 1 7 8
Industry, value added (current US$) 11 36 47
Education expenditure, total12 442 501 943
Births by skilled health staff (% of total) 451 462 916
Community health workers (per 1,000 people) 510 522 1032
Health expenditure, public 243 250 493
Pregnant women, prenatal care (%) 457 474 931
Net ODA received (current US$) 0 19 19
Primary income on FDI (current US$) 117 145 262
Net FDI (BoP, current US$) 131 128 259

.

(a) SADC, n = 540. (b) ECOWAS, n = 540.

Figure 3.11: Sub-regional Summary: Missingness Maps.

11Sample size = n = 15(countries) x 36(years) = 540(country-year units)

12Percentage of total expenditure in public institutions.
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All in all, the SADC sub-region has the highest missingness rate. For the 15 countries

in each sub-regions, the main variable indicators are shown, as well as the total number

of missing data points. Multiple imputation methods can only generate reasonable results

if up 50% to 60% of the data of interest are missing. Missingness assessments revealed

four variables – births attended by skilled health staff, community health workers, education

expenditure, and pregnant women receiving pre-natal care – that had missingness rates of

75% or greater, rendering them impractical candidate variables for imputation methods. All

four were, thus, excluded from imputation and subsequent data analyses.

Figures 3.12 and 3.13 show scatterplot matrices of the seven main covariates chosen for the

study, which includes kernel density overlays (red), Pearson's product-moment correlations,13

and their respective significance levels14. Post initial missingness assessments, the covariates

that remained in the sample (as shown in the scatterplot-matrix diagonals are): Infant

mortality rate, ODA, Primary FDI, Net FDI, health expenditure, industry value. The target

variable, infant mortality, shows signs of a statistically significant relationship with all five

covariates, with the strongest corresponding to primary FDI (0.33, in absolute value). To the

left of the diagonal, bivariate scatterplots are shown, with their fitted densities. The plots

provide information in terms of the strength, direction, linearity, and outliers associated with

the individual covariates.

In Figures 3.12 and 3.13, the diagonals show the univariate distributions, plotted as

histograms and kernel density plots. To the right of the diagonals are Pearson's pair-wise

correlations, with red stars indicting significance levels – of which the font size increases as

the correlation coefficient increases. On the left side of the diagonal are scatter-plots, with

loess smoothers (red pathline), illustrating a generalized underlying relationship, based on

the behavior of the distribution.
13Gauges the strength of the linear association between variables, and ranges between -1 and 1, where

the greater the absolute value of the relationship, the stronger the linear relationship

14Red asterisks: p-value of *0.05, **0.01, ***0.001
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(a) Pre-Log Transformation. (b) Post Log Transformation.

Figure 3.12: ECOWAS: Scatterplot Matrix of Main Covariates.

(a) Pre-Log Transformation. (b) Post Log Transformation.

Figure 3.13: SADC: Scatterplot Matrix of Main Covariates.

The loess density overlay maps the general trend/direction of the relationship. For ex-

ample, in Figure 3.13b, the SADC scatterplot of the relationship between industry value and

primary FDI is positive and increasing, which make sense for the (face-value) theoretical
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expectation – i.e., with industrial advancements, primary investments are expected to rise,

in tandem with development.

Based on the log transformation results – Figures 3.12b and 3.13b – infant mortality

improves for the SADC region, but becomes more left-skewed for SADC. The behavior of

ECOWAS infant mortality suggests said variable need not have been log transformed. Of-

ficial Development Assistance appears to have responded to log transformations, for both

the ECOWAS and SADC distributions. The remaining distributions show moderate im-

provements, but health expenditure, for example, remains right-skewed for SADC, Figure

3.13b.
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CHAPTER 4

METHODOLOGY: BAYESIAN IMPUTATION

4.1 Missing Data: An Overview

The goal of this section is to outline the Bayesian approach to compensating for missing data

idiosyncrasies. The original data showed a high percentage of missingness in several variables

and high correlation between variable pairs. Post preliminary assessments in Section 3.5,

the seven series remaining in the data set can also, roughly, be separated into two groups:

National economic series and national demographic data. Of the 5 economic series in the

dataset, one (health expenditure) is expressed as a percentage of total government expendi-

ture, whilst the remaining four (industry, net FDI, primary FDI, and ODA) are expressed

in raw USD units.1.

Little (2014) explains that missing data are not problematic, per se – it is the procedural

approach and treatment of missing data, on the other hand, that can be highly problematic

[p. 151]. “Missing data is a ubiquitous problem” (Honaker, King, and Blackwell, 2011, p. 1)

that is prone to be treated nonchalantly during data analysis: Ignoring or inappropriately

handling missing data may lead to biased effect estimates and/or incorrect standard errors.

Frequentist imputation procedures generally lead to overly precise estimates because,

once question mark values have been imputed, and analyses are run, the results of the

analytical procedure will not reflect the fact that some of the data points have been imputed,

essentially treating all of the data points as though they were known, actual observations.

As a result, any uncertainty that is generated from having missing data goes unaccounted

for, which may lead to anti-conservative estimates, i.e., smaller standard errors and/or small

p-values.

1Definitions and sourcing information for the 7 indicator series in the dataset are presented verbatim (as
provided by the study dataset archives), and are outlined in Table 3.3
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Although small p-values are often desirable, anti-conservative p-value estimates could

lead to incorrect inferences because any inference made from these estimates will be based on

the assumption that the estimates were generated from a larger dataset than reality would

support. And so, in essence, and ideally, the more desirable imputation approach is one

that accounts for the expected amount of variability inherent to the organic structure of the

data, without inflating our p-values estimates, and without underestimating standard errors.

Multiple imputation is one approach that best dances between both worlds (p-value-and

standard error-estimation) without overstepping base analytical boundaries of expectation

concerning the accuracy and precision of imputation estimates.

4.2 General Bayesian Imputation Framework

When discussing the issue of missingness, the main point to keep in mind is the distinction

between missing values and the missingness mechanism that led to the missing observations:

There are mainly two general models used by imputation algorithms, simultaneously: One

for calculating the variance-covariance [VCV] matrix, and the other for filling in the missing

point estimates. The generalized equation for the missingness mechanism is given as:

f (β, yobs) ∝

∫
ymiss

(yall |β) f (β)
∫
β
[(ymiss |β, yobs) f (β) dβ] dymiss (4.1)

Where β represents prior information; ymiss represents missing cases; yobs represents

complete cases; and, yall represents both the missing and complete cases. The left-hand side

of the proportionality symbol f (β, ymiss |yobs) is the posterior function and incorporates both

prior information and information from the observable data points. On the right-hand side

of the proportionality is the symbolic representation for the prior proportioning, which is

composed of the likelihood function –

∫
ymiss

(yall |β) f (β) – with the rest of the terms to the

right of the likelihood function in charge of governing the prior distribution.
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To find the conditional distribution of the study parameters given the data, we must find

the distribution of the study parameters in the absence of any data (Nychka, 2007) – this is

the foundational interpretation of a prior. The conditional density of the parameters given

the data represents our posterior information. There is a proportional relationship between

the posterior (left-hand side) and the prior proportion (Nychka, 2007), according to Bayes’

rule.

Thus, f (β, ymiss |yobs) is proportional to the distribution of the observed data, contingent

on data in the missing values, and some prior information about beta and the missing values.

In Equation 4.1, there are two main integral functions that calculate out the VCV matrix

for us: The first integral function integrates over missing spaces in the incomplete dataset,

and the second, integrates over the β distribution.

In short, for Equation 4.1, missing values depend on (are subset of) observed – this is the

standard multiple imputation [MI] assumption. “...what multiple imputation does is to fill

in the holes in the data using a predictive model that incorporates all available information

in the observed data together with any prior knowledge” (Honaker and King, 2010, p. 4)

The model filling in the missing data is symbolically represented as:

f (β, ymiss |yobs) ∝ f (yobs |β, ymiss) f (β, ymiss) (4.2)

The posterior, f (β, ymiss |yobs), is a function of prior information and the missing cases,

conditioned on the observational values. The posterior (LHS) is proportional to the like-

lihood (which is a function of the distribution of the observed data), contingent on prior

information and the missing values. The likelihood function (RHS) is multiplied by the

function controlling the prior information.

The key differentiator between both models is that, in Equation 4.1, the posterior is a

function of prior information and the missing values, which are conditioned based on the
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complete cases in the dataset of interest. For 4.2, the posterior information is derived from

a function that depends on prior information and the complete cases only.

The key take-away point is that the first function, Equation 4.1, works to a create beta

distribution of priors that inform the conditional datasets (see Figure 4.1); whilst the second

model performs the actual imputations of the missing values. The key mistake made most

often is not realizing that the imputation process hinges on replicating the original variance-

covariance matrix of the original data set. In other words, the imputation algorithm works

to figure out what the VCV structure of the incomplete data set would have looked like, had

there been no missing values.

4.2.1 Visualization of Simultaneous Imputation Modeling Process

Figure 4.1 is a visualization of both simultaneous modeling processes outlined in the above.

Figure 4.1: Visualization of General Imputation Framework. (Re-created flowchart, based
on example by Chhabra, 2017).

Generally, multivariate imputation has three stages. During the first stage, m-many con-

ditional datasets for imputation are created, as specified by the researcher. In the second
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analytical stage, each conditional dataset is analyzed using different combinations of math-

ematical procedures. The final imputation stage involves pooling from the analyzed results.

The pooled results (furthest to the right of Figure 4.1) represent the newly imputed dataset,

which should contain no missing values.

This framework is problematic because it tends to overfit the missingness model. A good

example of this can be seen in the initial round imputation results shown in Figure 4.4.

During the analytical stage, the general framework exhausts a wide-range of mathematical

possibilities. P-splines2 become useful in this scenario because spline algorithms contain

built-in penalty functions embedded to prevent overfitting. P-splines also use a restrictive

analytical process, based solely on polynomial functions – the significance being that each

analytical stage is treated as a functional variation of the broader polynomial specification.

In other words, for the first analytical stage, the spline algorithm might use a 15 cubic

polynomial – for example; and then use a polynomial of order 5 for the second stage, and so

on. This procedure is expanded upon in Section 4.5.

The need to make judgments about uncertainty is an intrinsic quality present in most real-

world decision-making scenarios (Kjaerulff and Madsen, 2009). A decision-making paradigm

that quantitatively provides mathematical evidence via uncertainty models, and provides

statements in support of the true state of a process, whilst also making allowances for

a method that can integrate the statements and evidence in such a way that consistent

posterior probabilities can be provided to support belief updating and decision making in

the presence of uncertainty (Kjaerulff and Madsen, 2009) would provide the optimal approach

for modeling missingness patterns. A sample with a large amount of missingness is but a

realization of “a possible reality” (Barbour and Buta, 2013).

2Splines are a family of smoothing functions, defined by/that take the form of piecewise polynomials.
See Section 4.5 for a more detailed discussion of splines.
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One example of an imputation procedure that illustrates the concept of generating “pos-

sible realities” is Amelia. By creating other realizations of the data using bootstrapping

and EMB algorithms, Amelia generates multiple data sets that can create “other possible

realities” for missingness mechanisms (Barbour and Buta, 2013). To illustrate the general

“machinery” behind the imputation method, the Amelia approach is presented next. Also,

the first set of missingness assessments (Section 3.6.1) and Näıve imputation results (Section

4.3.2) for the study are produced using Amelia. Amelia was chosen as a data processing

example for this particular study not only because it has several useful features that better

demonstrate the accuracy and effectiveness of imputation for time-series-cross-sectional data,

but also because its ECM algorithm is faster (Honaker et al., 2011) and contains diagnostics

that help tune imputation models if there are any idiosyncrasies. In other words, its ECM

algorithm closely mimics that of the Näıve and Smoothing Spline procedures used in this

study.

Further, concerning R-packages, the Amelia R-package uses a more holistic approach to

imputation that is more applicable (procedurally) than certain packages, like MI (Multiple

Imputation) and MICE (Multiple Imputation by Chain Equations). For example, the MICE

and MI packages both impute variables one at a time conditional on the remaining variables

in the candidate set, which requires that the full conditional assumption holds. For the

reasons to be outlined in this section, and also because of the study missingness mechanism,

and other idiosyncrasies observed in the study data set, using the MI or even the MICE

approaches (as generalizable examples) was abandoned in favor of Amelia, which this study

deems the more generalizable imputation approach.

Amongst other authors cited, two key studies on Amelia – Honaker and King (2010) and

Honaker et al. (2011) – are referenced repeatedly because both studies offer a theoretical

imputation framework that is applied to a workable method (Amelia algorithm). Honaker

and King (2010) and Honaker et al. (2011) illustrate the imputation process with clarity,
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using a relatively simple framework that is both theoretically sound and generalizable to

the Naïıve and Smoothing Spline approaches used for this study. The end-goal for using

Amelia as an example is to provide a clear, step-by-step framework of the overall imputation

procedure – a framework that is not only generalizable to the Näıve and Smoothing Spline

approaches used in this study, but one that also creates a theoretical template through which

the study methods can be better understood.

Generalizable Bayesian Imputation Framework: Amelia II

4.3 Empirical Overview: AMELIA II

As aforementioned, the first set of missingness assessments and Näıve imputation results for

the study were produced using Amelia. The results are presented in Sections 3.6.1 and 4.3.2.

Amelia II is an updated package in R that “multiply imputes” missing data using (Honaker

et al., 2011) the Expectation-Maximization with Bootstrapping (EMB) algorithm, which

combines both the conventional methods of expectation-maximization with non-parametric

bootstrapping (Takahashi and Ito, 2013; Takahashi, 2014). Amelia improves imputation

precision by making allowances for the use of Bayesian priors via the use of “observational

and data-matrix-cell level prior information” (Honaker et al., 2011, p. 2).

More often than not, researchers have access to additional prior information about missing

values either via subjective methods (personal experience in a certain field) or more objective

methods based on previous experimentation or academic consensus. The Amelia II algorithm

allows for the inclusion of informative Bayesian priors about each individual cell of missing

data, as opposed to other imputation algorithms that use a more generalized approach,

which has less direct meaning for each individual cell. The use of priors simulates basic

Bayesian analytical procedures wherein the imputed value returned is a weighted average

of the model-based imputation and the prior mean – the weights are, therefore, functions
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that take into consideration the relative strength of the observed data and prior, such that

when the model prediction is good, imputation will down-weight the prior, and vice versa

(Honaker et al., 2011).

Further, for single cell counts, Amelia also allows for the inclusion of noise generated

from the imputation procedure, and other potentially useful information that the researcher

might find beneficial, a feature that is impossible with other methods (Honaker et al., 2011).

In order to assess population trends, socioeconomic and evaluate the enduring impacts of

public policy initiatives, researchers and policy makers rely on infant mortality data (Fosdick

and Hoff, 2014). This study attempts to multiply impute missing values in a dataset gathered

to evaluate the effects of foreign direct investment on infant mortality. The socioeconomic

correlates of infant mortality are measured at the macroeconomic level (within a multi-

country framework), where the singular Third World country is the unit; and, the infant

mortality figure associated with each unit (i.e., each Third World country) is used as a

measure the detrimental effects of FDI on Third World macro-economies. Nevertheless,

before an assessment can be made regarding the presence of the hypothesized effects, the

dataset must be correctly processed to ensure that missing values are imputed in a way that

maintains the integrity of the original dataset.

Although a number of statistical methods have been developed with the aim of reducing

biases induced via measurement error, only a limited number of these methods are viable

for analyses because they : i) have a high level of model dependence, ii) are computationally

intensive, iii) require making improbable assumptions, or iv) are difficult to apply in scenarios

where poorly measured variables are an issue (Honaker et al., 2011). Fortunately, and unlike

past years, the existence of more sophisticated ways of dealing with missing data problems

can help alleviate some of the problems that exist when data is partially missing.

Amelia provides many imputation diagnostic functions, which aid in assessing imputation

model validity. Multiple imputation can be a procedurally taxing approach – based of the

94



complexity of the algorithms it requires; however, when addressing missing data concerns,

multiple imputation is more effective than single imputation because multiple imputation can

reduce bias in coefficient estimates and increase efficiency. Bayesian algorithms for missing

data are model based, as opposed to frequentist methods (Little, 2006) like mean value

imputation, regression, or the hot deck approach, which are estimation based and produce

highly biased estimates.

4.3.1 Amelia Assumptions

Amelia depends on both multivariate normal and the MAR assumptions. (See Appendix

A.1). All numbered equations in this section have been adopted from literature by Honaker

and King (2010) and Honaker et al. (2011), which detail the assumptions and procedural

algorithm implemented by Amelia.

At the onset of the imputation procedure, the presupposition is that the complete data

(i.e., both observed and unobserved) are multivariate normal Honaker et al. (2011, p. 4). The

first step would then be to designate a starting dataset as D, with Dobs denoting the observed

portion of the starting dataset and Dmis denoting the missing portion. Honaker et al. (2011)

explain that if D is represented by matrix nxk, where n is the number of observations and

k is the number of variables, then it can be assumed that D has a multivariate normal

distribution with a mean vector µ and a covariance matrix Σ, stated mathematically as:

D NK(µ,Σ) (4.3a)

According to Takahashi (2014), D is further defined as Yi, ...,Yp, – where i = 1, . . . , n is

the observation index, and j = 1 refers to the variable index. Yj is the j-th column in D,

and Y− j is considered a complement of Yj . Further, if R is specified as a response indicator

matrix, then D and R can be considered as having identical dimensions. Thus, when D is

observed, R = 1; otherwise, R = 0. (Takahashi and Ito, 2013).
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Evidence suggests that the preceding generalization – a rudimentary approximation of

the actual, true distribution of D – is as effective as other, more complex models (Schafer,

1997; Schafer and Olsen, 1998, cited by Honaker et al., 2011).

Based on the earlier assumption that the starting distribution, D, is multivariate normal,

the imputation approach for this study will be based on a linear model. If Yi j represents

missing values, and if Yi,− j represents all observations – with the exception of Yj in row i –

then, the linear imputation model can be stated as:

Ỹi j = Yi,− j β̃ + ε̃i (4.3b)

where, Ỹi j is any imputed value. The tilde symbol over Yi j implies a process of random

sampling from the proper posterior distribution; β is a regression coefficient; and, ε represents

uncertainty (Takahashi and Ito, 2013; Takahashi, 2014).

Essentially, since Dobs is observed, and not D in its complete form, Amelia assumes the

Missing At Random (MAR) category3 (Honaker et al., 2011). Here, the main point to keep

in mind is the distinction between missing values and the missingness mechanism that led

to the missing observations. (See Section 4.1).

This study assumes MAR as it is the standard imputation assumption. The core notion

this category supports is that missing values depend on the values that have been observed.

One can make this assumption of dependency based on an additional assumption that is

tagged to the MAR category, called the assumption of ignorable Missingness. This addi-

tional assumption of ignorability means is that since our observational values are observed

at random, our missingness mechanism can also be categorized as missing at random. Thus,

the missingness mechanism will depend on Dobs and not Dmis.

3See Appendix A.1 for missingness categories illustration
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Honaker et al. (2011) posit that if M is the missingness matrix, containing cells mi j = 1,

and if di j ∈ {Dmis, and mi j = 0 otherwise, then the matrix M will show if a cell has missing

data, and the MAR pattern of missingness can be evaluated as:

p(M |D) = p(M |Dobs) (4.4)

Expanded as:

p(R|Y,X) = p(R|Y,Xobs,Xmiss) = p(R|ψ) (4.5)

For this study, R represents the infant mortality “event” being measured, thus, the core

meaning of Equation 4.5 is that the probability that R (infant mortality event) happens –

given our observation Y, and our observed response, X – can be equated to the probability

that R happens, given the distribution of our Y values, our observational X values, and

some random variable, ψ. Equation 4.2 is where ψ is housed.

Said differently, missing values depend on the observed values. One can make this as-

sumption of dependency based on an additional assumption that gets tagged to the MAR

category called the assumption of ignorable Missingness. All this added assumption of ignor-

ability means is that since our observational values are observed at random, our missingness

mechanism can also be categorized as missing at random. This is where the random vari-

able, ψ, becomes important to us because it provides a home (so to speak) from which our

missingness mechanism can operate. (See Equation 4.2).

4.3.2 Procedural Summary

Multiple imputation involves estimating missing data values to form completed data sets

that can be subsequently analyzed. Since there is uncertainty in the imputed values, it is

often recommended to apply the imputation process several times; apply the same analysis

method to each imputed set; and then average the results to achieve a final inference.
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To summarize the procedure outlined above, the Amelia II algorithm uses the following

six-step procedure to obtain missing value estimates (Honaker and King, 2010):

Step 1: The dataset, D, is separated based on its observed, Dobs, and missing Dmissvalues,

such that D = Dobs,Dmis . Bayes’ rule is applied to the missing values, such that:

p(θ |Dobs) ∝ p(Dobs |θ) =

∫
p(D |θ) dDmis (4.6)

Step 1: The complete-data parameters are represented by (θ = µ,Σ), where µ is the

mean and Σ is the variance-covariance matrix.

Step 2: A matrix is defined with zero and one elements representing the missing and

observed values, respectively.

Step 3: M -many datasets are computed via the bootstrapping algorithm.

Step 4: The posterior θ for the M sample datasets are estimated using the Expectation-

Maximization with Bootstrapping (EMB) algorithm.

Step 5: The missing values (in each M sample dataset) are estimated using the posterior

parameter and the conditional distribution of Dobs .

Step 6: M estimates are pooled to obtain each missing value.

IMPUTATION ROUNDS

4.4 AMELIA II: Preliminary Round Results

The preliminary rounds of Náıve imputations are performed using Amelia II. During the

initial imputation rounds, the variables: education expenditure, Community Health Workers,

and prenatal care were dropped from the variable mix because they contained case with

more than 75% missingness. Figures 4.2 and 4.3 show the sub-regional missingness patterns

and histograms for the variables that have been kept for analyses.
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Figure 4.2: SADC Histogram and Pattern of Missing Data.

The missing values are represented as red squares for the SADC region. (See Figure 4.2).

The dark violet squares depict the missingness rate in the ECOWAS region. (See Figure

4.3). For both the SADC and ECOWAS regions, the health expenditure variable has the

highest amount of missingness, with over 40% of the observations missing over the 36-year

temporal domain of the respective datasets. During the preliminary imputation round, all

0.0 entries in the dataset were replaced with “NAs”/set as missing in R. Three imputation

functions – Näıve, p-spline with penalty 1, and p-spline with penalty 2 – were then specified

to fill in the NA entries.
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Figure 4.3: ECOWAS Histogram and Pattern of Missing Data.

A loop was then created for the series being evaluated. The loop first checks for missing

data, in the original dataset, then performs the following sequence: a) replaces identified

missing entries with the mean of the time series (Näıve run); b) replaces identified missing

entries using splines, with penalty of 1, then samples from spline distribution to fill in

missing values; and, c) replaces identified missing entries using splines, with penalty of 2,

then samples from spline distribution to fill in missing values. The overall missingness rates

present in the dataset (after cases with over 60% missingness were dropped) are summarized

in Table 4.1.
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Table 4.1: Study Variables Sorted by Missingness Percentage.

Percentage

Variable Indicator ECOWAS SADC
Health.Exp 0.450 0.463
Net.FDI 0.243 0.165
Primary.FDI 0.216 0.259
Industry 0.020 0.067
ODA 0.00 0.035
Mortality.Infant 0.013 0.002
Mortality.Under5 0.013 0.002

Once above-outlined process completed, i.e., the three imputation functions were success-

fully run, the three newly imputed datasets produced were then saved into three data sets

were then saved – as DF_imputed_naive, DF_imputed_pspline1, and DF_imputed_pspline2

– to be used for the analytical procedures described in the proceeding sections. A total of

six imputed datasets were created for analyses: [three imputation sets (Näıve, P-spline with

penalty 1, and p-spline with penalty 2)] x [two sub-regions regions (ECOWAS and SADC)].4

The data were separated prior to analyses mainly to facilitate comparison during diagnostic

procedures and also to preserve the unique VCV matrices of each dataset. After the impu-

tations were completed, both spline (with penalty 2) imputed data sets were combined for

empirical analyses.

4.4.1 Näıve Approach

One advantage of the Näıve (mean) application centers mainly on its ease of implementation:

the algorithm is set to ensure that imputation estimates will not shift the first moment of the

distribution within the cell. In other words, as we can continue to impute using the mean,

4The ECOWAS and SADC were later combined into one data set named “sacdandecowas”. The same
imputation procedure was applied and the imputation outcome was not different, which is a testament to
the effectiveness of the Bayesian imputation approach, irrespective of sample size. The datasets were split
during imputation procedures solely for the sake of convenience.
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and the overall mean of the data will remain unchanged. However, any statistical method

of computation seeking to detect mean differences between data points will be less likely to

detect said difference if the data set is padded with its own unique mean values.

The Näıve imputation process is a flexible paradigm for filling in missing values. The

process takes a random variable, X, and uses the expected value5 of the observed values of

X to impute the missing values. The procedural form is outlined:

For Xi, i ∈ [1,2, . . . ,N]


Xi := Xi, if Xi observed

Xi := E(Xi) ∀Xi observed, if Xi missing

(4.7)

The Näıve imputation approach does not incorporate a priori information into the im-

putation algorithm, however, it does provide information for cross-sectional and time-series

indicators, and accommodates built-in log transformations on series with negative values.

The Näıve process is considered the most statistically conservative data imputation method

(i.e., the data imputation method with the least effect on false positive rates – see, for

example, (Barnes et al., 2008)). However, this method does not account for statistical

noise/unexplained variability within the sample data. Also, this approach reduces the second

moment of the distribution, making it necessary to investigate other imputation methods.

The study makes a less restrictive MAR6 assumption for all imputations performed.

Before the imputation procedures began, variables with a missingness rate of 75% or more

were dropped from the sample.

5Näıve approaches can use mean, median, majority (for categorical variables only) or random values for
imputation. Mean and median value imputations were assessed (by alternating between the words “mean”
and “median” in the following line of R code: DFimputednaive[countryrecords, ][[variable]][is.na(values)] <
−mean(DFimputednaive[countryrecords, ][[variable]][!is.na(values)])).

The above line of code shows that each missing cell is imputed using the mean of the relevant co-variate,
for each country. The expected (i.e., mean) value was chosen here by default, since there was no observed
difference between the mean and median imputation results.

6See Appendix A.1
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Following is Amelia output, produced after 20 datasets were imputed multiply. The data

set was split here to impute values for the ECOWAS region, first. The default number of

data sets produced by most imputation algorithms is m = 5, however, 20 (in two blocks of

10) were used to compensate for the high missingness rates in several of the variables. The

Näıve approach defines cross-sectional and time variables so as to show that the imputed

data set has a panel data structure. This involves steps that ensure that the imputed data

are within acceptable bounds. Highly right skewed variables were log transformed to better

conform to the multivariate normality assumption of the EMB algorithm. Linear time effects

were used to address the spaghetti plot of missing values. (See Figures A.10 through A.20).

Following is a comparison of estimated density plots of the observed data in each series with

the estimated density of the imputed data for the ECOWAS zone.

Figure 4.4: ECOWAS Density Plot.
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Figure 4.4 represents the estimated density plots for the ECOWAS region. The blue

curves represent density estimates of the observed values (based on an estimate of the ob-

served variance-covariance matrix); whilst the red curves represent Näıve imputations, based

on the observed data. Plots that only show a blue curve indicate that no red imputation

curve was generated. In other words, for the blue plotted lines, the variable in question

had no missing data. For the red imputations, it is clear that the results range from severe

underestimation (e.g., row 1, column 1, and row 2, column 1) to severe overestimation (row

2, column 2, and row 3, column 3). Penalty-imposed splines are expected to correct for the

identified overdispertions and underestimations.

Figure 4.5: SADC Density Plot (Main Variables of Interest).

Figure 4.5 shows the SADC density plot, once variables with more than 75% missingness

were dropped from analyses. Amelia gave the following error: “Matrix is not singular or
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not positive definite. The resulting variance matrix was not invertible. Please check your

data for highly collinear variables.” In other words, it is possible that the VCV matrix is

outside the hyperplane7 of the data cluster. Increasing the sample size would only be useful

for non-redundant dimensions.8

It is possible that, despite repeatedly sampling from a known distribution, because of the

high missingness rate attributable to the data distribution, draws from such a distribution

are likely to manifest redundant clusters, with invertible matrices. The figures illustrated in

Section 4.6.1 show the final results of mean imputation on the study data. Specifically, these

figures display individual imputed time series and allow for comparison with the p-spline

imputation results. Based on the Amelia results, a B3 (Bayesian B-spline Bias reduction)

approach with penalty (P-splines) is used to check for possible improvements to the behavior

of the data. Also, at a certain stage during the first round, the Amelia runs were unsuccessful,

with the most frequent error message being: “Amelia output with 20 imputed datasets.

Return code: 2 Message: One or more of the imputations resulted in a covariance matrix

that was not invertible.” For this, and other user-related issues with the Amelia package, I

switch to Smoothing Splines during the final imputations rounds.

A Bayesian B-spline bias-adjusted (B3) model can capture short-term changes in the

under-five mortality rate (U5MR), accelerations in decline rates, annual rate declines, and

can also provide predictions of future rate fluctuations (Alkema and New, 2014). The United

Nations Interagency Group for Child Mortality Estimation has adopted this forecasting

method in producing under-five mortality estimates for member nations (You et al., 2012).

Incorporating a penalized-spline function into the smoothing process, as proposed by Currie

(2013), compensates for non-normal data, prevents overfitting, and allows for forecasting.
7In “inpute space”, N d-dimensional data points can be separated using a hyperplane. See (Rahimi and

Recht, 2004).

8A non-redundant cluster is a compact representation of data, which preserves as much of the variability
within the structure of the original data as possible, without redundant and inefficient representations that
mask the inherent dimensionality of the data (Blau and Michaeli, 2017).
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4.5 P-SPLINES

4.5.1 Empirical Overview: Spline Smoothing

The goal of spline smoothing is to address the variability produced by the imputation pro-

cess. Splines are a family of smoothing functions, defined by/take the form of piecewise

polynomials. Rodrıguez (2001) represents the pieces of a spline function as:

ξ1 < ξ2 . . . < ξk (4.8)

Where ξ symbolizes a unique piece of a spline function. The pieces represented in the

above mathematical statement (4.8), are join, smoothly, by a sequence of knots. Penalized

B3 spline (P-spline) imputation is well-tested imputation technique for missing data; and,

assuming data are missing at random, p-spline procedures are the most statically robust

method of imputation (Zhang and Little, 2009).

P-splines algorithms use multiple polynomial functions to recreate an observed data set.

Wood (2017) puts forth the following spline representation:

Si j =

∫ xl+1

xl
B |m2|

m,i (x)B
|m2|
m,j (x)dx (4.9)

Where Si j is the diagonal matrix of known coefficient. The right-hand side of Equation

4.9 is the derivation of the Spline algorithm used for computing the diagonal matrix, rep-

resented by the left-had side of the equation, where B represents a B-spline basis function,

which will house the coefficients to be estimated Wood (2017). m1 and m2 represent poly-

nomial segments between adjacent knots, x of the spline function Wood (2017). Thus, the

polynomial coefficients derived from Equation 4.9 will be the solution obtained by evaluating

Bmi,j(x) at points space evenly from i to j.
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If, for example, Bmi,j(x) represents an order m1 B-spline basis function (see Section 4.2.1),

then B |m2|
m,i (x) and B |m2|

m,j (x) are continuous polynomial functions approximating the observed

data.

Wood (2017) explains that B |m2|
m,i (x) is constructed using an order of p = m1−m2 polynomial

segments between adjacent knots, xl of the spline. (See Figures 4.6 and 4.7).

Inside B |m2|
m,i (x) and B |m2|

m,j (x) is a penalty parameter P which influences the flexibility of

the spline function, in terms of generating a curvature that fits the data set in question. The

higher the value of P, the penalty factor, the less curvature is seen the polynomial function

representing the data. Conversely, the lower the values of P, the more curvature is seen in

the data curve. (See Figure 4.7).

For this study, Ps of 1 and 2 were chosen, based on feasibility, with regards to the

study data. The p-spline imputation, with penalty factor 2, produced the best imputation

results. Within a Bayesian framework, priors are established for B |m2|
m,i and B |m2|

m,j , and Markov

chain Monte Carlo (MCMC) sampling is then initiated, over multiple iterations, until model

convergence is evident.

MCMC algorithms simulate random draws from non-standard distributions, using Markov

chains (Schafer, 1999). A Markov chain is a memoryless process that uses a stochastic model

to captures a sequence of possible events, wherein the probability of each unique event de-

pends solely on the state attained in the previous event (Gilks et al., 1995).

Wang et al. (2016) use Gaussian process regression model data global for under-5 mor-

tality. Gaussian and Gamma priors were chosen, since both are commonly used for modeling

parameter means and variances, especially when a priori information is limited or unavail-

able. During convergence checks, the MCMC sampling procedure that followed required

20,000 iterations, with 15,000 burn-in9 samples.

9Markov chains need burn-in time to reach their equilibrium state. A burn-in simply means that the
first nsamples of a chain are removed to eliminate low probability starting points, which allows the Markov
chain to find an equilibrium starting point.
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B |m2|
m,i (x),B

|m2|
m,j (x) ∼ N(0,105) (4.10)

σbi, σbj ∼ gamma(10−5,10−5) (4.11)

Where, as aforementioned, Bm1,i is an order m1 B-spline basis function; and B |m2|(x)

denotes themth
2)

order derivative of (x) (Wood, 2017, p. 985). The assumption tagged to

the derivative of the spline function is that m2 is ≤ m1, otherwise the associated penalty is

derived from a derivative that is not properly defined, with respect to the basis functions

(Wood, 2017, p. 985). The prior assumption for the spline segments in Equation 4.10 are

represented by σbi and σbj , respectively. Although the priors begin with a diffuse interval,

on subsequent runs, the model residuals generated during the initial iteration were used to

define the gamma distribution for the final imputation stage.

Imputation is achieved by fitting this model to set of data, sampling Si jl (i.e., the diagonal

matrix of known coefficient) at values which would be the missing values of a given data set,

and then replacing the missing values in a data set with the values sampled from Si jl (Wood,

2017).

Figure 4.6 captures the results from a P-spline imputation process, as illustrated by Eilers

and Marx (1992). If we consider two data points, suspended in space and time, and separated

by a missing value, a spline algorithm will use interpolation to fill in the missing values.

This would be the equivalent of a grade-school connect-the-dots exercise, where the spline

function proposes a set of dots (technically, knots), which identify the optimal location

for imputing the value missing between our two suspended data points. A simple penalty

Since the Markov chains are memoryless, burning-in the first 1,000 samples, for example, would not affect
how the next 1,000 samples are calculated because the chain's future behavior depends solely on its current
state. Thus, a burn-in allows a chain to enter a high probability region, wherein the Markov chain states are
closer, in representation, to the sampling distribution. See, for example, Gilks et al. (1995) and (Plummer
et al., 2006).
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function is then imposed to smooth out the connection. Thus, a spline interpolation with

an imposed penalty is called a P-spline.

Eilers and Marx (1992) explain that Bayesian splines (B-splines) with equidistant knots

may be suitable nonparametric modeling, but have minimal control over smoothness [p.

72]. As such, the authors propose a simple but effective remedy: Penalized B-splines, which

require incorporating a difference penalty on B-spline coefficients. As aforementioned in

Section 4.2.1, the generalized imputation framework exhausts a wide-range of mathematical

possibilities during the analytical stage – problematic mainly because the end results are

either an overdispersion, or an underestimation of the distribution of the newly imputed

data.10

For such scenarios, P-splines serve as a corrective mechanism – spline algorithms contain

built-in penalty functions embedded to prevent overfitting. Spline analytical procedures

involve a series of low order polynomials to estimate missing values, during which process,

the spline algorithm picks the most efficient, low order polynomial during each imputation

stage. For example, during the first analytical stage, the spline algorithm might use an 18

cubic polynomial, for example; and then use a polynomial of order 8 for the second stage,

and so on.

Usually, the order of the polynomial used will depend on the number of curves that the

spline algorithm had to use to make “bridges” connecting one control point to the next.

The example provided by Eilers and Marx (1992), shown in Figure 4.6, happened to have

need 18 curves, so a cubic polynomial of order 18 was specified. The blue squares represent

observational values, and the red knots are known as control points, which essentially mark

the position of the missing data points, within the data cloud. During the initial analytical

stage, the spline algorithm will determine the position of control points, based on the variance

covariance spread of the data.

10See Figure4.4, as case in point.
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Figure 4.6: P-splines: Process Visualization. Reprinted by
permission from SpringerLink: Springer. Generalized linear models

with P-splines. Advances in GLIM and Statistical Modelling by
Eilers and Marx c© 1992.

The red knots/position coordinates that identify where the missing value should be im-

puted, based on the structure of the VCV matrix. Using a restrictive analytical process,

based solely on polynomial functions, spline algorithms prevent model over(under)-fitting

by treating each analytical as a functional variation of the broader polynomial specification.

The colorful spaghetti output, at the bottom of Figure 4.6 represents the results of the third

imputation stage, as outlined in Section 4.2.1.

In the final analysis, the actual point-value that gets imputed into the empty spot (where

the red knot is located) is the second derivative of the specified polynomial, at the identified

knot (Eilers and Marx, 1992). Taking the second derivative at each red knot produces a linear

function. Into said linear function, the spline algorithm plugs in the location coordinates

of the red knots. After the relative location coordinates have been plugged into the linear

function generated from the second derivative at each knot, the output-value that is the
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produced from the derived linear function is then imputed into the empty spot, in the

incomplete data set. An example of the procedural process and results are illustrated in

Figures 4.6. Below, Figure 4.7 shows the components of data, fitted using 18 cubic Bayesian

splines (B-splines), and a second order penalty applied to the data (blue squares) (Eilers and

Marx, 1992).

Figure 4.7: P-splines: Comparison of Imposed Penalties. Left
λ = 0.01, right λ = 10. Reprinted by permission from SpringerLink:

Springer. Generalized linear models with P-splines. Advances in
GLIM and Statistical Modelling by Eilers and Marx c© 1992.

Eilers and Marx (1992) explain that when a P-spline approach is implemented, the B3

algorithm uses equally spaced knots to approximate the data environment, which is replicated

as a conditional dataset. The red, closed circles in Figure 4.7 represent the conditional

dataset, conditioned on prior information retrieved from the original dataset. A penalty

function is, then, imposed to help smooth out the predicted function (Eilers and Marx,

1992).

Thus, if we think of the blue squares as representations of the original data environ-

ment (about which we have a priori knowledge); and if we consider the red dots as our

posterior predictions, then on the left-hand side of Figure 4.7, the blue curve represents an

approximation of the original data environment, conditioned on information drawn from the

conditional data (red dots). The spaghetti plots below the blue curve are the polynomial
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functions generated during the conditional approximation process. In other words, unique

polynomial functions are generated to approximate the possible values for the missing data,

based/conditioned on information from the original data environment. It is clear, from Fig-

ure 4.7, that the blue line approximates the original data environment a lot more closely

than the scenario on the right-hand side (Eilers and Marx, 1992).

The values that the algorithm calculates and imputes into the empty spots are the second

differences of the coefficients of the corresponding B-spline function (Eilers and Marx, 1992).

Penalized splines allow for easy calculation of derivatives as one only needs to differentiate

the polynomial branches and sum them, weighted by the estimated coefficients (Eilers and

Marx, 1992). This is, very briefly, how smoothing splines attempt to account for both within

and between variable variation when imputing missing information.

The challenge presented by spline smoothing is in choosing the appropriate number of

knots and their requisite locations. When using the p-spline approach, if you the data cloud

is messy, which is usually the case with real-world data, the spline algorithm will figure out

the order for a polynomial that bests represents the data environment, and will then carry

out a procedure much like, as illustrated in the above.

The P-spline R-package and documentation by Ramsey and Ripley (2017) were used for

this stage of the project. To address the possibility of over-fitting, a penalization factor is

added to the smoothing formula, which controls the size of the cutting points. One benefit of

this method is that the penalization parameters are relatively inexpensive to compute, using

cross-validation techniques. This automated feature makes for a relatively easy procedure

that would otherwise be a computationally intensive process. The section following shows

the end results of the spline procedures applied to the dataset.
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4.6 SMOOTHING SPLINES

4.6.1 Final Round Results

For the series needing imputation, the results of the Näıve and P-spline procedures, per-

formed on both the ECOWAS and SADC datasets, are shown in Figures 4.10 through 4.11.

Knowledge we have about a system can be encoded into a prior distribution, thus, by condi-

tioning the prior distribution on the data, it is possible to make inferences on the resulting

posterior distribution. (Seeger, 2000) explains that one general solution to the problem of

encoding prior knowledge is to introduce a stochastic process on the space of latent functions

(collection of random variables) representing the finite-dimensional distribution of the data.

Seeger (2000) illustrates the notion that the process of prior specification can take on

myriad possibilities, one being a Gaussian process: Gaussian processes can be seen as an

aggregation of random variables, which can be house under X, so that each joint distribution

(of a finite number the random variables observed) has a Gaussian distribution. This Gaus-

sian process, y(·),11 is said to be completely determined by its mean function, x 7→ E[y(x)]

and its covariance kernel K(x, x
′

= E[y(x)y(x
′

)] (Seeger, 2000, p. 9). According to Seeger

(2000), this means that, given no information about our data, and asked about our opinion

on where the posterior value of y(x) would end up, we would have no inclination, in terms of

picking positive values over negative ones, or vice versa. Thus, for this stage of the analyses,

it was beneficial to allow the model-generated residuals (from the initial run of the diffuse

distribution) to inform the final stage of the imputation procedure, as explained in Section

4.5. I used the imputeTS R-package to plot the distribution of missing values (NAs) before

and after imputation.

The plotNA.distributionBar function embedded in imputeTS plots time series observa-

tions as time intervals, rather than as separate bars representing individual datasets Moritz

11Here, the interpunct in y(·) represents a placeholder for a functional argument that is yet to be defined.
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and Bartz-Beielstein (2017). On the other hand, the plotNA.distribution function plots each

time series observation from dataset separately and bars are used to represent time intervals

for the observation in question Moritz and Bartz-Beielstein (2017). One advantage of this

function is the ease with which it allows for the visualization of large time series datasets.

The plotNA.distributionBar function was used to visualize the distribution of missing values

within the study series.

The plotNA.distributionBar function generated a barplot of multiple observations for

specific time intervals are grouped together and represented as bars (Moritz and Bartz-

Beielstein, 2017). At each interval, information about the amount of missing values can be

seen in Figures 4.8 and 4.9.

Original Dataset. P-spline(2) Dataset. P-spline(1) Dataset. Näıve Dataset.

Figure 4.8: ECOWAS: Distribution of NAs for Näıve and P-spline Imputations.

Original Dataset. P-spline(2) Dataset. P-spline(1) Dataset. Näıve Dataset.

Figure 4.9: SADC: Distribution of NAs for Näıve and P-spline Imputations.

As can be seen in the x-axes of 4.8 and 4.9, each data set contains roughly 11,550 ob-

servations. The plotNA.distributionBar function groups multiple observation into intervals.
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Twenty intervals were used, which translates into approximately 577.5 observations per bar.

The first 10 intervals are completely red, which means there are missing values present. This

means that, from observation 1 up to observation 5775.0, there are missing values in the

data distribution. Both plots are a rough representation of the NA distribution in the series

prior to imputation, the outcome of which is assessed below.

Benin: Health
Expenditure.

Burkin Faso:
Health Expenditure.

Cabo Verde: Health
Expenditure.

Cote d'Ivoire:
Health Expenditure.

The Gambia:
Health Expenditure.

Ghana: Health
Expenditure.

Guinea:
Health Expenditure.

Liberia:
Health Expenditure.

Mali:
Health Expenditure.

Niger:
Health Expenditure.

Nigeria:
Health Expenditure.

Senegal:
Health Expenditure.

Figure 4.10: ECOWAS: Comparison of Näıve and P-spline Imputations (ct’d on next page).
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Sierra Leone:
Health Expenditure.

Togo: Health
Expenditure.

Cabo Verde:
Health Expenditure.

Guinea:
Industry.

Guinea Bissau:
Industry.

Nigeria:
Industry.

Guinea Bissau:
Infant Mortality.

Guinea Bissau:
Mortality Under5.

Benin:
Net FDI.

Burkina Faso:
Net FDI.

Cabo Verde:
Net FDI.

Cote d'Ivôire:
Net FDI.

The Gambia:
Net FDI.

Guinea:
Net FDI.

Guinea Bissau:
Net FDI.

Liberia:
Net FDI.

Figure 4.10: ECOWAS: Comparison of Näıve and P-spline Imputations (ct’d on next page).
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Niger:
Net FDI.

Togo:
Net FDI.

Benin:
Primary FDI.

Burkina Faso:
Primary FDI.

Cabo Verde:
Primary FDI.

Cote d'Ivoire:
Primary FDI.

The Gambia:
Primary FDI.

Ghana:
Primary FDI.

Guinea Bissau:
Primary FDI.

Guinea:
Primary FDI.

Liberia:
Primary FDI.

Mali:
Primary FDI.

Niger:
Primary FDI.

Figure 4.10: ECOWAS: Comparison of Näıve and P-spline Imputations.
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For the SADC sub-region, the results of the Näıve and P-Spline (with penalty 1 and

2) are shown in Figure 4.11. At the level of the country-variable pairs, mostly the health

expenditure and economic series needed imputation. The P-Spline with penalty 2 algoritihm

yielded the best outcome. (See Table 4.2).

Angola: Health
Expenditure.

Botswana:
Health Expenditure.

Congo, DR: Health
Expenditure.

Lesotho:
Health Expenditure.

Madagascar:
Health Expenditure.

Malawi: Health
Expenditure.

Mauritius:
Health Expenditure.

Mozambique:
Health Expenditure.

Namibia:
Health Expenditure.

Seychelles: Health
Expenditure.

South Africa:
Health Expenditure.

Eswatini:
Health Expenditure.

Figure 4.11: SADC: Comparison of Näıve and P-Spline Imputations (ct’d on next page).
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Tanzania:
Health Expenditure.

Zambia: Health
Expenditure.

Zimbabwe:
Health Expenditure.

Angola: Industry.

Mozambique:
Industry.

Namibia: Industry. Tanzania: Industry. Zimbabwe: Industry.

Angola:
Infant Mortality.

Angola: Under-5
Mortality.

Angola: Net FDI. Congo, DR: Net FDI.

Lesotho: Net FDI. Madagascar: Net FDI. Malawi: Net FDI. Mozambique: Net FDI.

Figure 4.11: SADC: Comparison of Näıve and P-Spline Imputations (ct’d on next page).
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Namibia: Net FDI. South Africa:
Net FDI.

Zambia:
Net FDI.

Namibia: ODA.

Mauritius: ODA. South Africa: ODA. Mozambique:
Primary FDI.

Madagascar: Primary
FDI.

Angola:
Primary FDI.

Congo, DR:
Primary FDI.

Namibia:
Primary FDI.

Tanzania:
Primary FDI.

Zambia:
Primary FDI.

Zimbabwe:
Primary FDI.

Figure 4.11: SADC: Comparison of Näıve and P-Spline Imputations.
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4.6.2 Imputation Error Metrics

Standard practice across imputation literature involves using the Root Mean Squared Error

(RMSE) to gauge the overall performance of the imputation algorithms (Ouyang et al., 2004;

Jörnsten et al., 2005; Schmitt et al., 2015; Qin et al., 2007; Qu et al., 2009). Root Mean

Square Error is a key performance indicator used to measure the difference between values

predicted by a model and the actual values seen in the data. RMSE measures the standard

deviation of the residuals, i.e., values referenced in this study represent the difference between

the imputed time series and the original data.

Moving beyond the realm of imputation literature, RMSE values commonly used as a

benchmark for comparing dynamic panel estimators (Blundell and Bond, 1998; Flannery and

Hankins, 2013; Kiviet, 1995; Wooldridge, 2009). One criterion for the comparison of panel-

tested dynamic model estimators involves an assessment of the differences between the mean

square error of estimated coefficients. In other words, to evaluate the outcome of a dynamic

estimation process, the mean square error values of the estimated coefficients can be used

as a threshold measure of the effectiveness of estimation measures. Flannery and Hankins

(2013) compare seven estimation methods applied to multiple datasets generated from a set

of variables that provided the same VCV structure, throughout their procedural process.

Post-estimation estimators were evaluated on the basis of their RMSEs: the square root of

the average squared coefficient estimation error [p. 5]. This study falls in-line with both

dynamic panel testing and imputation literature by using RMSEs as a base performance

measure in assessing the overall performance of the study imputation algorithms.

A grand total of 12 datasets – i.e., 6 SADC, 6 ECOWAS – were produced for evaluation.

For the SADC region, 6 data sets generated during the imputation process were named and

stored as:

• Dataset 1 SADC imputed naive stand.csv

• Dataset 2 SADC imputed naive stand log.csv
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• Dataset 3 SADC imputed pspline1 stand.csv

• Dataset 4 SADC imputed pspline1 stand log.csv

• Dataset 5 SADC imputed pspline2 stand.csv

• Dataset 6 SADC imputed pspline2 stand log.csv

The original ECOWAS dataset was also processed and numbered using a similar scheme

similar. Since the generated data sets all share the same original data set (both with missing

values), their individual VCV structures are robust across the generated panels, thereby

making the imputed panels comparable at the level of their VCV composition. This is in

line with the Flannery and Hankins (2013) study. As established above, to draw inference

based on a face value assessment of the graphical the imputation output is not appropriate,

nor are the (post-standardization) graphs as easy to differentiate, when comparing the raw,

imputed data sets with log-transformed, imputed sets. (See discussion on Normalization

(Section 7.2.3) and Standardization (Section 7.2.4)). For a more objective assessment, the

Root Mean Square Error [RMSE] values, based on the Random Effects estimation procedure,

are compared on the covariates produced from each dataset generated.

RMSE is a measure of the amount of error that exists between two data sets. In other

words, RMSE values are the resulting output of a comparison between the predicted/imputed

values in a dataset and the relevant observed/known value: This involves squaring the errors,

or residuals produced during the imputation process; finding the mean of said error values;

and taking the square root of the resulting mean. Imputations with the lowest RMSE are

considered the best. Overall, the spline imputations with a penalty factor of 2, produced the

most successful results, in terms of RMSE value-comparisons.

The function used to calculate the study RMSE values included two input arguments

as input: The first is a vector of observed values and the second is a vector of imputed

missing values equal in length to the first vector (Bokde et al., 2016). Generally, the RMSE

function must also return a single value as a summary of the errors or differences. The
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imputeTestbench R-package allows for the comparison of univariate RMSE, via several im-

putation methods. The documentation for this package outlines how the imputeerrors()

function can be used to evaluate the accuracy of different imputation methods, based on

changes in the amount and type of missing observations from the complete dataset (Beck

et al., 2018, p. 2). The mean replacement function (na.mean()) was used to capture the

error metrics for the Näıve process; and, an na.spline argument was specified to capture the

error metrics spline process. The package returns the functions specified, along with other

default imputation methods (na.approx, na.locf, na.interp) were included, for the sake of

comparison. Figure 4.12 provides visualization of the outcome of applying the imputeerrors()

function to the study dataset.

The procedures of interest for this study the na.mean values shown represent the Näıve

imputation process, whilst na.spline approximates the P-Spline procedures. With a few

exceptions (e.g., Figure 4.15, Health Expenditure in Botswana), the majority of the univari-

ate series,12 the spline imputation procedure resulted in the lowest RMSE values, as shown

briefly in Figures 4.12 through 4.15.

Guinea Bissau: Infant
Mortality.

Guinea Bissau: Mortality
Under5.

Benin: Primary FDI.

Figure 4.12: ECOWAS: Evaluation of Näıve and P-spline Univariate RMSE ct'd.

12Univariate RMSE output has been truncated here for the sake of brevity.
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Benin: Primary FDI. Guinea: Industry. Cabo Verde: Net FDI.

Figure 4.13: ECOWAS: Evaluation of Näıve and P-spline Univariate RMSE ct'd.

RMSE values quantify the performance of a method, in the sense that, the higher the

RMSE value, the worse the performance of the method being assessed, and vice versa. Over-

all, P-splines with a penalty factor of 2 deviate the least from the mean, proving to be

the best performing method, yielding the lowest RMSEs for each variable. The Näıve and

P-splines with penalty 1, produced less than ideal imputation results, as indicated by their

higher RMSE output.

Malawi:
Health Expenditure.

Tanzania:
Primary FDI.

Mauritius:
ODA.

Figure 4.14: SADC: Evaluation of Näıve and P-spline Univariate RMSE.
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Malawi:
Health Expenditure.

Tanzania:
Primary FDI.

Madagascar:
NetFDI.

Figure 4.15: SADC: Evaluation of Näıve and P-spline Univariate RMSE.

Tables 4.2 and 4.3 summarize the overall distribution of the datasets, providing infor-

mation on how the error metric for each dataset responded to the respective imputation

procedures. In line with study expectations stated in Section 4.4.1, and as theorized by

Currie (2013), incorporating a P-spline penalty function into the data smoothing process

has helped compensate for non-normality within the data structure, and has prevented over-

fitting, thereby preparing the data for analyses and forecasting.

Table 4.2: SADC Imputed Datasets: Random Effects: RMSE for Näıve, P-Spline 1,
and P-Spline 2.

RMSE of Random Effects Estimators

Dataset Mean
Std.
Dev.

Min Max RMSE Waldχ2 P > χ2

Näıve 944.65 1660.46 .0000 11097.63 31.907 103.08 0.000
Logged Näıve 652.20 915.66 .0003 6437.97 27.6630 391.08 0.000
P-Spline 1 947.06 1581.90 .0015 11173.07 31.3305 102.59 0.000
Logged P-Spline 1 682.40 1031.12 .0629 7358.38 26.6718 349.37 0.000
P-Spline 2 946.95 1581.46 .0016 11166.01 31.7771 102.66 0.000
Logged P-Spline 2 682.35 1031.18 .0641 7360.52 26.6707 349.43 0.000
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Table 4.3: ECOWAS Imputed Datasets: Random Effects: RMSE for Näıve, P-Spline 1,
and P-Spline 2.

RMSE of Random Effects Estimators

Dataset Mean
Std.
Dev.

Min Max RMSE Waldχ2 P > χ2

Näıve 302.73 468.05 .0018 3429.25 17.7072 388.72 <0.001
Logged Näıve 254.09 427.05 .0000 2212.01 16.2278 566.55 <0.001
P-Spline 1 293.33 423.84 .0018 3669.82 17.39904 471.14 <0.001
Logged P-Spline 1 228.65 385.92 .0033 2522.72 15.3821 754.62 <0.001
P-Spline 2 293.09 423.37 .0017 3666.82 17.3921 471.43 <0.001
Logged P-Spline 2 228.81 386.76 .0013 2526.96 15.3552 753.18 <0.001
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CHAPTER 5

METHODOLOGY: EMPIRICAL ASSESSMENT (I):

FREQUENTIST ROUNDS

VISUAL PRE-ASSESSMENTS OF RAW DATA DISTRIBUTION

ODA: Visual Pre-assessments of Raw Data Distribution: Hypothetical Expecta-

tions

Visual pre-assessments of the raw data, at both the country-and regional-levels are used here

as a reference point for the distributional behavior of the pre-processed data. Country-level

visualizations of the study's main hypothetical expectations show distributional behavior in

the expected directions. For example, Figure 5.1a depicts the raw-data distribution of the

health expenditure and infant mortality variables for Botswana, plotted over the temporal

domain of the study.

(a) Botswana: IM vs. ODA. (b) Angola: ODA vs. Industry.

Figure 5.1: Country-level Correlate Congruence with Theoretical Expectations.

The overall distribution of Figure 5.1 matches the study-based theoretical expectation

of declining infant mortality rate with increases in ODA (social sector) expenditure. For

Angola, Figure 5.1b, we see country-level congruence with the study-based theoretical that
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ODA disincentivizes government-to-private business partnerships, which in turn affects the

rate of industrialization. However, an early conclusion is that the observed pre-assessment

raw-distributional-behavior, can easily be attributed to happenstance - thus, it goes without

saying, that there remains the need for empirical analyses to further examine the magnitude

and direction of any potential correlations between the identified variables.

It, also, goes without saying that country-level phenomena are inextricably linked to re-

gional events. Difficult as it may be to sift country-level activity from regional trends, one

can make regional impact assessments, based on an aggregation of country-level phenom-

ena. For a broader, sub-regional assessment of the study economic series, I pre-examine the

distribution of country-level FDI data, next.

FDI: Visual Pre-assessments of Raw Data Distribution: Hypothetical Expecta-

tions

Figures 5.5 and 5.3 provide a visual assessment of the FDI hypotheticals. The figures of-

fer raw data distributional (sub-regional scope) of the interaction between FDI correlates,

plotted against infant mortality.

Overall, surface level pre-assessments of the raw data distribution reveal distributional

behavior that is anti-thetical to Hypothesis 2.1 Also, at face value, both ECOWAS and

SADC FDI correlates – Figures 5.2 and 5.4 – appear anti-thetical to Hypothesis 3.2 However,

correlational effect sizes and statistical significance are yet to be determined.

For the SADC region, based on the local confidence bands, the majority of the Primary

FDI distribution shows a negative, curvilinear association with the study dependent. (See

Figure 5.3a).

1Hypothesis 2: ODA has a significant, positive correlation to the rise in infant mortality rates in the
SADC and ECOWAS regions, ceteris paribus.

2Hypothesis 3: FDI inflows have no effect on infant mortality rates in the SADC and ECOWAS regions,
ceteris paribus.
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(a) Infant Mortality vs. Primary FDI. (b) Infant Mortality vs. Net FDI.

Figure 5.2: SADC Country-by-Country Overview: Infant Mortality vs. FDI Correlates.

(a) Sub-regional IM vs. Primary FDI. (b) Sub-regional IM vs. Net FDI.

Figure 5.3: SADC: Sub-regional Infant Mortality vs. FDI Correlates.
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(a) Infant Mortality vs. Primary FDI. (b) Infant Mortality vs. Net FDI.

Figure 5.4: ECOWAS Country-by-Country Overview: Infant Mortality vs. FDI Correlates.

(a) Sub-regional IM vs. Primary FDI. (b) Sub-regional IM vs. Net FDI.

Figure 5.5: ECOWAS: Sub-regional Infant Mortality vs. FDI Correlates.
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However, for both regions, there are some deviations that align with the second study-

based hypothetical expectation (e.g., SADC, towards the end of the study time-domain

(2009-2012); ECOWAS around 1988-1992). This contrasts with ODA country-level corre-

lates, which show more congruence (overall) with study theoreticals.

Nevertheless, for ODA, despite visual, country-level congruence between the study data

and the study-based ODA theoretical expectations, at the country-level, when considering

the broader context of this study, the more salient concern is an empirical assessment of

the region-specific interplay between infant mortality and ODA correlates. In other words,

looking at Figure 5.1, are the country-level interactions between infant mortality and foreign

capital correlates (ODA and FDI) sub-regionally expansive? And, if so, do these country-

level effects have enough power to register influence, detectable within the sub-regional

system?

Further, if sub-regional effects are present when foreign capital correlates are in the

mix, are they sizeable enough to affect downstream regional infant mortality rates? In other

words, what can we glean/predict – from sub-regional foreign capital (ODA and FDI) shocks

– about future infant mortality events?

These questions take us beyond the preceding surface-level visualizations: I re-define these

questions as hypotheticals, separating them in terms of the theoretical and empirical con-

tentions raised by this study. I evaluate the study-based, umbrella theoretical expectations

– concerning the interaction between infant mortality and foreign capital – using Hypothesis

1 (ODA) and Hypothesis 3 (FDI). The empirical expectations – concerning the magnitude

and direction of the interaction between are infant mortality foreign capital correlates – I

evaluate using Hypothesis 2 (ODA) and Hypothesis 4 (FDI).
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5.1 Frequentist vs. Bayesian Perspectives

If we were to answer the study hypotheticals from a frequentist perspective, we could begin

by identifying a population that best represents the infant mortality “event” being studied,

then proceed by randomly sampling from the identified population, assigning probabilities

to event outcomes, based on long-run frequencies. In other words, by repeatedly randomly

sampling from the identified population, frequencies are generated over the long-run – and, to

the newly-generated frequencies, we can assign specific probabilities. Thus, different samples

will result in different estimates: The distribution of these estimates (i.e., the sampling

distribution) quantify our parameter estimates, however our parameters remain fixed. In

short, in the frequentist scenario, our population parameters are fixed, no matter how many

samples we draw, but our data are not fixed because our sampling distribution changes with

each random draw from our population.

If we were to address the study hypotheticals from a Bayesian perspective, we would

need to assign probabilities to the plausibility of possible outcomes, for a particular situation

(infant mortality event), based on prior beliefs. Thus, in the Bayesian scenario, our data are

fixed (once observed) but our parameters are unknown. (For an in-depth discussion, see Gill,

2002, p.6). The Bayesian models used in this study “trea[t] all unknown parameters . . . as

random variables and deriv[e] their distribution conditional upon . . . known information”

(Czado et al., 2005, p. 262).

In a nutshell, “[f]requentist statistics assume that parameters are fixed, unknown constant

values, whereas Bayesian statistics assume that parameters follow a statistical distribution”

(Chen et al., 2016, p. 10).

For a more in-depth understanding of the study-data-environment, I begin with a fre-

quentist assessment of the study sample.
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5.2 MODEL (1): RANDOM EFFECTS ESTIMATOR

Model (I): Justification

Preliminary Distributional Assessment: I start by examining the relationship between

the dependent variable and the two main independent variables, plotted using scatterplots.

TSCS data have both time and cross-sectional dimensions. The scatterplots shown in Figures

5.6 and 5.7 present an initial assessment of the cross-sectional dimension of the study data.

ECOWAS:
IM vs. ODA.

ECOWAS:
IM vs. Prim. FDI.

ECOWAS:
IM vs. Net FDI.

Figure 5.6: ECOWAS Scatterplots with Local Polynomial Smoothing and Confidence Bands:
Dependent vs. Main IVs.

SADC:
IM vs. ODA.

SADC:
IM vs. Prim. FDI.

SADC:
IM vs. Net FDI.

Figure 5.7: SADC Scatterplots with Local Polynomial Smoothing and Confidence Bands:
Dependent vs. Main IVs.
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The main issue with residual non-normality and heteroscedasticity is that both phenom-

ena lead to error inconsistencies within the full range of the observed data (Lee and Maddala,

1985). In other words, for the study data, at the structural level of the model predictors,

error inconsistency signals that the amount of predictive ability the model predictors they

have (i.e., as determined by their individual beta weights) is unequal across the full range of

the infant mortality DV.

Theoretically, we should expect the study predictors to have different meanings, at dif-

ferent levels of the infant mortality variable. Residual non-normality and heteroscedasticity

will significantly affect the predictive ability of the predictors, vis-ä-vis the behavior of the

infant mortality variable. A log transformation of the infant mortality variable could be

helpful, in terms of correcting for non-normality and heteroskedasticity; thereby ameliorat-

ing/improving the predictive power of the study IVs. However, because linear transforma-

tions involve shifting the VCV structure of the data towards the mean values, the subsequent

predictions derived from a transformed model mask the true distribution of the original data

structure. On the other-hand, residual non-normalities and heteroskedasticity come with

the risk of making Type I errors. Thus, a value-laden trade-of becomes essential – do we

want a homogenous distribution with its true characteristics masked, or are we willing to

risk making Type I errors?

As a case in point, for a Random Effect estimation procedure, the expectation of residual

normality is particularly important, since frequentist models estimate parameter distribu-

tions based on maximum-likelihood assumptions and estimation. Therefore, to get frequen-

tist parameter estimates that reflect maximum-likelihood expectations, it makes sense to

assume/expect the residual distribution of the study data to exhibit some level of Gaussian-

ity. The alternative scenario means that we violate basic frequentist structural assumptions

of residual normality, which in turn may bias parameter estimates, at best; or lead to the

rejection of a valid null, at worst.
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Distributional Assessment: Observed Heterogeneity: Panel (a.k.a. time-series cross-

sectional (TSCS)) data have an inherent cross-sectional and time series dimension. For

example, the study data has N=293 cross-sectional units arranged over a 36-year time do-

main. This study takes advantage of the time series dimension, by creating country-variable

cross-dimensional groupings.

The inherent nature of TSCS data involves clustered data structures with multiple lev-

els for analyses, often with lower-level units of analysis nested within higher level units of

analysis (Bartels, 2008) (see Section 5.3 for nesting details). For example, the study data

contain N = 29 country-units, over a T = 36-year time domain: thus, there are 1044 mea-

surement occasions (level-1 units) nested within 29 countries (level-2 units). Bartels (2008)

explains that nesting4 induces unobserved heterogeneity across clusters, which implies that

the conditional cluster means of the dependent variable is bound to vary for unobserved

reasons.

Since the correct model choice will depend on the outcome of statistical tests for hetero-

geneity, empirical analyses continue with an informal assessment of observed heterogeneity.

Taking a general look at the mortality variables, we can establish mortality under-5 as a

robust estimator of infant mortality – based on the high Pearson's correlation value between

both variables (Pearson′s r = 0.9308434, t = 59.085, df = 538, p − value < 2.2e − 16).

This supports what we know about this variable at face value, which is that there ought

to be a high level of confluence between infant mortality and the under-5 mortality rate, in

the sense that, an under-5 count will exist, only if a neonate survives the infancy period.

Thus, in essence, the under-5 count is highly dependent on (and is, thus, a robust estimate)

of infant mortality, since both variables are inextricably linked. From the mortality overlays

3N=15 for ECOWAS; N=14 for SADC after Seychelles was dropped because data was unavailable for
the Primary FDI series.

4Independent countries observed over time within sub-regions
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(see Appendix A.3), we see that the mortality under-5 estimates provide a rough predictive

overview of mortality beyond infant years.

Looking at the per country infant mortality rates (see Appendix A.3), a quick comparison

of the under-5 mortality rates reveals trend-lines that are roughly similar in behavior to the

IM distribution, over the study time domain. Generally, and across both regions, the infant

mortality rate shows a declining trend-lines, over the study time-line, 1979-2014. From

Figure 5.8, we see Malawi has the highest IM average in the SADC region – roughly 266

infant deaths per 1,000 live births. Mauritius shows the lowest, with roughly 13 deaths per

1,000 live births. For ECOWAS, Guinea averages the highest mortality rate at approximately

173 per 1,000 live births, with the lowest rate recorded in Cabo Verde at approximately 21

infant deaths per 1,000 live births.

In meta-analyses, heterogeneity can be translated as a difference in underlying effects,

such that study estimates a level of variability that cannot be attributed to chance alone.

Statistical analyses (e.g., difference between independent summary statistics of two groups

(i.e., means, standard deviation, rates, logit probabilities) can be used to assess the extent

of heterogeneity (Anzures-Cabrera and Higgins, 2010).

SADC: Infant Mortality Average. ECOWAS Infant Mortality Average.

Figure 5.8: Horizontal Box Plots of Bi-regional IM Averages.
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Plots of the DV mean values across time – Figures 5.9 through 5.11 – are referenced

here to establish the presence of heterogeneity in the dependent variable across the countries

sampled, and over the time domain of the study (Bartels, 2008; Torres-Reyna, 2007, 2010).

Figure 5.9 offers a simple illustration of observable heterogeneity in the country clusters.

The dependent mean plots (Figures 5.9 through 5.11) show that there exists a distinct,

observable amount of heterogeneity in the dependent sample, both over the regional and

time-domain of the study. The open, dark blue circles represent values of the dependent

infant mortality variable for each unit of analysis (country) within a given cluster.

Each cluster contains thirty-six observations (both for the individual country scenario

(LHS) and across years (RHS)). For the country panel (LHS), the open, dark blue circles

represent mean infant mortality values over a thirty-six year time-period within each country.

For the TSCS (RHS), the open circles represent values of infant mortality over thirty-six time

periods. The red circles within each cluster represents the cluster mean of the dependent

variable. Statisticians and political methodologists refer to “unobserved heterogeneity” in

clustered data, it is a direct reference to variation in the red circles across clusters (Bartels,

2008).

(a) Bi-regional Comparison: Heterogeneity
across countries.

(b) Bi-regional Comparison: Heterogeneity
across years.

Figure 5.9: Bi-regional Heterogeneity.
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Said differently, there exists some unobservable phenomena within the Angola cluster

that causes said cluster, on average, to register higher values of the dependent variable than

clusters in Cabo Verde, Zimbabwe, and Mali, for example. However, these phenomena cannot

be completely captured by the observed independent variables in the study sample.

Beyond having established that heterogeneity can be seen clearly in the plot of means, the

confidence intervals for clusters (which also happen to be in the same infant age-grouping,

i.e.,0-1) show no overlap from country-to-country. (See Figure 5.9). It is important to note

that the lack of overlap between the mean estimates does not immediately suggest that

the means must be significantly different (Payton et al., 2003). For example, Schenker and

Gentleman (2001) showed that for general estimation problems, using the interval overlap

method will be the most conservative approach only when the (true) standard errors are

equal (as cited in Payton et al., 2003).

Further, the fact that there is no visible overlap in the dependent confident intervals

does not immediately suggest that the standard errors are truly equal (we can check for

heteroskedasticity to confirm). Furthermore, had there been significant amounts of inter-

country overlap in the confidence intervals of the dependent distribution (either between

countries or over time domain of the study), then one could infer that region-specific (or even

time-dependent) homogeneity will lead to the lack of correlation between the dependent and

study covariates. This is because as group homogeneity increases, variance decreases and

the magnitude of the correlation coefficient tends toward zero (Goodwin and Leech, 2006;

Sørensen, 2002).

In short, it has been established that there exists some unobservable phenomena within

the cluster that causes some of the cluster, on average, to register higher values of the

dependent variable than others. (See Figure 5.9). Although the described phenomena cannot

be completely captured by the observed independent variables in the study sample, we know

there are correlations between the IVs worth exploring – based on the visual inspection of the
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DV confidence intervals (Figure 5.10 and 5.11); and, because the Pearson's product-moment

correlations of the sample covariates are statistically significant. (See Figures 3.12 and 3.13).

(a) ECOWAS: Heterogeneity across countries. (b) ECOWAS: Heterogeneity across years.

Figure 5.10: ECOWAS Heterogeneity.

(a) SADC: Heterogeneity across countries. (b) SADC: Heterogeneity across years.

Figure 5.11: SADC Heterogeneity.

Political scientists often use Fixed Effects [FE], Random Effects [RE], or Complete Pool-

ing modeling approaches to examine the behavior of data clusters (Bartels, 2008). To ex-

amine whether the unobserved heterogeneity is caused by differences within- or between-

groups, six frequentist models were panel-tested on the study data: Pooled OLS, Population-

Averaged, Between, First Difference, Fixed Effects, Random Effects. (See Appendix A.5). I

assessed the results for individual-specific effects using the Hausman test.
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Table 5.1: ECOWAS Hausman Test Results.1, 2, 3, 4

Variable
fixed
(b)

random
(B)

Difference
(b-B)

S.E.
(sqrt(diag(Vb − VB))

ECOWAS Test Coefficients

ODA -2.21 -2.21 .008 0.055

Net FDI 2.66 2.59 .071 .202

Primary FDI -2.17 -2.15 -0.024 0.042

Industry .818 .804 .013 0.044

Health Exp. 1.65 1.66 -.0008 0.018

Mortality
Under5

.433 .433 -0.0001 0.0007

1. b= consistent under H0 and Ha; obtained from xtreg
2. B = inconsistent under Ha, efficient under H0; derived from xtreg
3. Test: H0: difference in coefficients not systematic
4. chi2(6) = (b − B)′[(Vb − VB)

−1](b − B) = 0.48 Prob > Chi2 = 0.9981

Table 5.2: SADC Hausman Test Results.i, ii, iii, iv

Variable
fixed
(b)

random
(B)

Difference
(b-B)

S.E.
(sqrt(diag(Vb − VB))

SADC Test Coefficients

ODA -.465 -.467 .002 0.053

Net FDI -.0001 -.0001 2.39e − 06 2.91e − 05

Primary FDI .946 .948 -0.0013 0.067

Industry 1.66 1.64 .019 0.032

Health Exp. -0.051 -0.049 -.0031 0.0091

Mortality
Under5

1.74 1.74 -0.0004 0.0013

i. b= consistent under H0 and Ha; derived from xtreg
ii. B = inconsistent under Ha, efficient under H0; obtained from xtreg
iii. Test: H0: difference in coefficients not systematic
iv. chi2(6) = (b − B)′[(Vb − VB)

−1](b − B) = 0.52 Prob > Chi2 = 0.9976

In order to decide between using a Fixed-Effects or Random Effects estimator, it is stan-

dard practice to run a Hausman test (Blonigen et al., 1997; Guggenberger, 2010). The
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Hausman null expects the Random Effects model to be preferred to the fixed effects alterna-

tive (Greene, 2008). Fundamentally, the Hausman test assesses whether the model-unique

errors (ui) are correlated with the regressors, with the null expectation being that there is

no correlation between ui and the model regressors. The coding structure I applied in Stata

involved three main steps: i) I ran a Fixed Effects model, and saved the outcome estimates,

followed by ii) a Random Effects model run – the RE estimates were also saved; and finally,

iii) the Hausman test was performed using the saved FE and RE estimates.

Torres-Reyna (2007) explains that, if the resultant chi-square p-value is significant (i.e.,

p < 0.05) then a fixed effects model should be used. However, if the chi-square p-value

is insignificant (i.e., p > 0.05), then a Random Effects is appropriate (Baltagi et al., 2005;

Blonigen et al., 1997; Greene, 2003; Hausman, 1978; Hsiao, 2014; Mutl and Pfaffermayr, 2011;

Torres-Reyna, 2007; Wooldridge, 2010). Tables 5.1 and 5.2 show the results of Hausman

assessments.

As shown in Tables 5.1 and 5.2, the outcome of the Hausman assessments for both sub-

groups favored the use of a Random Effects estimator for analyzing study data. The results

of the RE estimation procedure are presented in Section 5.4.5

Distributional Assessment: Heteroskedasticity: As aforementioned, the inherent

grouping characteristic of panels induce unobserved heterogeneity across clusters. This sig-

nifies that the conditional cluster means of the dependent variable fluctuates across clusters

(countries) for unobserved reasons, or because of cluster-level factors left unmeasured Bar-

tels (2008). This may account for the residual behavior noted in the proceeding, and may

explain why the study variables remained unresponsive to linear transformation procedures.

Bartels (2008) argues that unobserved heterogeneity is a core issue that should always be

addressed in panel data. It is possible to add observed variables that can explain part of the

5See Appendix A.5 for Pooled OLS, Population-Averaged, Between, First Difference, Fixed Effects out-
comes.
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unobserved variation in the dependent variable across clusters, but residual error variance

will likely always be present at the cluster level (Elliott, 1990; Geldhof et al., 2014; Larsen

and Merlo, 2005).

We can use the classical OLS structure as a starting point for residual examination:White

(1980) tests a covariance matrix estimator that proves consistent when heteroskedasticity is

present, but does not require a correct, formal model of the structure of heteroskedasticity

specific to the data in question [p. 817]. The author provides mathematical proof to support

the notion that a consistent estimator of the classical OLS parameter covariance matrix can

be obtained, regardless of the presence of heteroskedasticity in the residuals of a properly

specified model [pp. 828-829]. This is because the classical OLS estimator does not need for-

mal modeling of heteroskedasticity, nor does it require a formal model of the heteroskedastic

structure because only the regressors and the estimated least squares residuals are needed

for the computation (White, 1980, pp. 828-829). Therefore, it is safe to say that the Pooled

OLS VCV is robust to VCV of individual-specific effects estimators because their residual

estimates will be computationally equivalent. (For example, see Kezdi, 2003; Arellano, 1987;

White, 1980).

Consistent with the expectations of the above-referenced scholars, of the six frequentist

models tested for this study, Breusch-Pagan tests were only consistent for the Pooled OLS

models. Then, after the tests of individual-specific effects began, the Breusch-Pagan tests

became inconsistent, likely for the same reasons that the expanded upon in the upcoming

discussion of the within- and between-estimation output: The Breusch-Pagan contrasts the

robust VCV of the individual-specific effects with the classical VCV (assumed homoskedas-

ticity).

Therefore, under the ‘no heteroskedasticity’ null, a significant difference should not be

present between the Pooled OLS and models of individual-specific effects (Nichols and Schaf-

fer, 2007). So, if the robust individual-specific VCV is inconsistent, the null is rejected, when
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homoskedasticity is evident/present (Nichols and Schaffer, 2007). A testament to VCV ro-

bustness is evident in the outcome similarities of the within- and between-cluster R-squared

values of the fixed and Random Effects outputs.6

Taking a closer look at unobservable residual behavior is necessary at this stage because

the presence of heteroskedasticity in model residuals can “lead to consistent, but [biased

and] inefficient parameter estimates; and, inconsistent covariance matrix estimates” (White,

1980, p. 817). This can, in turn, lead to deducing incorrect inferences concerning the

outcome of statistical hypothesis testing procedures. The Augmented Component-Plus-

Residual (ACPR)7 or partial residual plots shown in Figures 5.12 through 5.23 were generated

using a Pooled OLS effects estimators. (See Kezdi, 2003; Arellano, 1987; White, 1980).

Outliers were removed in Stata based on values that fell in the lower 2.5% and 2.5% of

the distribution of each variable. Stata allows for the variable distribution to be plotted

(based on the default Epanechnikov kernel density), which gives a general overview of the

distribution of each variable. (For example, see far left-hand side of Figures 5.12 through

5.23). The values kept during the outlier removal process are those which fall in-between the

two vertical lines, i.e., the tail residual values are removed and plotted, as shown in Figures

5.12 through 5.23.

6Both partial and full models were tested. Output from the Random Effects estimation procedure (which
was confirmed as more appropriate for the study data, based on Hausman test results) is shown in Section
5.3.

7Non-linear effects in multivariate models can be observed using partial residual or parres plots (a.k.a.,
component-plus-residual plot), which use a single quadratic term in the regression. It is computationally
advantageous and easy to do this for each independent variables (Mallows, 1986). The study by Mallows
(1986) show that the set of augmented partial residual plots that result from the process offer insights that
are not available from standard parres or added-variable plots.
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SADC: ACPR for Mortality
Under5.

SADC:Mortality U5
Outlier Removal.

SADC: ACPR for Log
Mortality Under5.

Figure 5.12: SADC Mort. Under5 ACPRs: Untransformed vs. Logged.

SADC: ACPR for ODA. SADC:ODA Outlier Removal. SADC: ACPR for Log ODA.

Figure 5.13: SADC ODA ACPRs: Untransformed vs. Logged.

SADC: ACPR for
Primary FDI.

SADC: Primary FDI
Outlier Removal.

SADC: ACPR for
Log Primary FDI.

Figure 5.14: SADC Primary FDI ACPRs: Untransformed vs. Logged.
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SADC: ACPR for
Net FDI.

SADC:Net FDI
Outlier Removal.

SADC: ACPR for
Log Net FDI.

Figure 5.15: SADC Net FDI ACPRs: Untransformed vs. Logged.

SADC: ACPR for Industry. SADC: Industry
Outlier Removal.

SADC: ACPR for Log
Industry.

Figure 5.16: SADC Industry ACPRs: Untransformed vs. Logged.

SADC: ACPR for Health Exp. SADC: Health Exp.
Outlier Removal.

SADC: ACPR for Log Health
Exp.

Figure 5.17: SADC Health Exp. ACPRs: Untransformed vs. Logged.
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ECOWAS: ACPR for
Mortality Under5.

ECOWAS: Mortality Under5
Outlier Removal.

ECOWAS: ACPR for Log
Mortality Under5.

Figure 5.18: ECOWAS Mort. Under5 ACPRs: Untransformed vs. Logged.

ECOWAS: ACPR
for ODA.

ECOWAS: ODA
Outlier Removal.

ECOWAS: ACPR
for Log ODA.

Figure 5.19: ECOWAS ODA ACPRs: Untransformed vs. Logged.

ECOWAS: ACPR
Primary FDI.

ECOWAS: Primary FDI
Outlier Removal.

ECOWAS: ACPR Log
Primary FDI.

Figure 5.20: ECOWAS: Primary FDI ACPRs: Untransformed vs. Logged.
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ECOWAS: ACPR for
Net FDI.

ECOWAS: Net FDI
Outlier Removal.

ECOWAS: ACPR for
Log Net FDI.

Figure 5.21: ECOWAS Net FDI ACPRs: Untransformed vs. Logged.

ECOWAS: ACPR
for Industry.

ECOWAS: Industry
Outlier Removal.

ECOWAS: ACPR for
Log Industry.

Figure 5.22: ECOWAS Industry ACPRs: Untransformed vs. Logged.

ECOWAS: ACPR
Health Exp.

ECOWAS: Health Exp.
Outlier Removal.

ECOWAS: ACPR for
Log Health Exp.

Figure 5.23: ECOWAS Health Exp. ACPRs: Untransformed vs. Logged.
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The ACPR plots show evidence of non-linearities between the residuals and the regres-

sors, which ultimately suggests a non-linear relationship the dependent and the associated

covariates. This is with the exception of mortality under 5, which shows (heteroskedas-

tic) linear dependency with its residuals, indicative of a linear relationship with the DV, as

expected.

The green line in the ACPR plots is a smoother that highlights the mean relationship

between the partial residual and its associated IV. The orange lines represents a linear

assessment of the variance of the error terms. We expect the residuals to be constant,

and laying strictly along the orange line, for all x values, according to the Gauss-Markov

theorem, as error-term normality has not yet been considered8. From the ACPR plots, a

close examination of the mortality under5 smoothers (green pathlines) suggests a curvilinear

relationship, where y = log(x). White (1980, p. 817) explains that a linear transformation,

based on the appropriate model is an easy fix for a heteroskedasticity-generating process.

Since the mean relationship between (some of) the IVs and their associated residuals

appeared curvilinear, log transformation was deemed an appropriate fix for the residuals

needing the procedure. Also, the mortality measures show linear dependency with het-

eroskedastic characteristics, so a linear transformation was applied to all the variables in

the dataset. Taking the log, as shown in the rightmost figures, compresses the data values,

thereby contracting the amount variability the data values, and hence expected to reduce

the problem of heteroskedasticity.

Further, since it is possible that latent correlations (that are undetectable with the

surface-level Pearson's analyses) may exist, not only between variable pairings (mortality

and mortality under-5, for example), but also between the rest of the sample covariates and

the dependent variable, the Breusch and Pagan Lagrangian multiplier test was applied to the

8null of the error-term assumption for residuals expects residuals to have a normal distribution, in contrast
to Gauss-Markov constant residual expectation. See Section 5.3.1 for discussion of error term normality
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pooled OLS output. As expected, the results violated the Breusch-Pagan null of homoskedas-

ticity, thus confirming that the Pooled OLS approach is invalid, and establishing the need for

a test of individual specific effects. Hayes and Cai (2007) explains that “[a]lthough the esti-

mator of the regression parameters in OLS regression is unbiased when the homoskedasticity

assumption is violated, the estimator of the covariance matrix of the parameter estimates

can be biased and inconsistent under heteroskedasticity, which can produce significance tests

and confidence intervals that can be liberal or conservative” (p. 709).

Since model specification influences heteroskedasticity, and since the Hausman test sup-

ported the use of a Random Effects estimation procedure, post log transformation, tests of

individual-specific effects were carried out, using Random Effects estimation procedure in

Stata. The results are assessed in the proceeding.

5.3 Model (I) Specification: Random Effects Estimator

Bartels (2008) explains that cluster confounding occurs when a level-1 variable (i.e., a time-

varying variable in TSCS data) exhibits clear within-and between-cluster effects, yet both

types of variation in the variable are not distinguished/separately examined. This leads to

the confounding of within- and between-cluster as both effects will be combined into a single

effect. (See, for example, Zorn, 2001; Rabe-Hesketh and Skrondal, 2004, as cited in Bartels,

2008). One solution to this problem entails the estimation of a random intercept model (also

known as a random coefficient model) to help control for unobserved heterogeneity at the

cluster (in this case, country) level.

Bartels (2008) offers the following generalized multilevel Random Effects structure:

Yi j = β0 j + β1X1i j + β2X2i j + ei j [Level 1] (5.1)

β0 j = γ00 + γ01Zi j + u0 j [Level 2] (5.2)
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Substituting Level 2 into Level 1, we now have the following reduced form representation:

Yi j = γ00 + β1X1i j + β2X2i j + γ01Zi j + u0 j + ei j [Level 3] (5.3)

Where i is an index of Level 1 units, representing measurement occasions; and, j is an

index of units in Level 2, representing the countries in the dataset. In the cross-sectional

units (Level 2), T represents time (or the number of measurement occasions per cluster).

Thus, since N = 29 and T = 36, there are 1044 measurement occasions (level-1 units) nested

within 29 countries (level-2 units). X1i j and X2i j are time-varying, whilst Zi j is time-constant

(or country-specific). The level-1 random error term, ei j is assumed normally distributed

with mean zero and estimable variance (Bartels, 2008).

β0 j allows the intercept to vary across level-2 units, and u0 j represents unobserved het-

erogeneity across clusters. Both the β0 j and u0 j term allow the conditional means of the

infant mortality DV to vary across level-2 units for unobserved reasons (Bartels, 2008).

As a frequentist specification alternative, I revert to the conventional Random Effects

estimator – the standard estimator is used as a remedy (of sorts) at this stage of the analysis,

particularly as the initial results of the Hausman test indicated the need for a Random Effects

estimation procedure. Pillai et al. (2016) generalize the following Random Effects model:

Yit = α + β1X1it + β2X2it + µit ; i = 1,2, . . . ,N; t = 1,2, . . . ,T (5.4)

Essentially, Equation 5.4 is a pooled representation of a dataset with two variables,

wherein the cross-sectional dimension of the data, i, is specified in combination with its

time-series dimension, t. Modifying Equation 5.4 to reflect the study data, we have:

Yit = α + β1ODA1it + β2NFDI2it + β3PFDI3it + β4IND4it + β5HE XP5it + υit ;

i = 1,2, . . . ,N = 29; t = 1,2, . . . ,T = 36

(5.5a)
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Where the dependent variable, Yit , represents the infant mortality rate, with i and t

representing the cross-sectional (i.e., countries, N=29) and time-series dimensions (annual,

T=36) of the dataset, respectively. For example, ODAit is the observed value of official

development assistance in country-number-one (Angola) at contemporaneous time. The

values of β are partial regression coefficients, therefore, β1 represents the marginal effect

of ODA1it on the infant mortality rate, Yit , holding all other variables constant at their

respective means. NFDIit is the net foreign direct investment regressor; PFDIit represents

the primary FDI variable; HE XPit represents the health expenditure variable.

Cross-sectional and time-variant heterogeneity is accounted for by υit , which represents

the two-way error component assumption for the Equation 5.5a disturbance terms. With

the understanding that heteroskedasticity is potential for concern in this portion the study

analyses (in part due to possible model mis-specification here), robust standard error esti-

mates are used. Nevertheless, the Random Effects fit is expected to facilitate the calculation

of pure marginal effects (at the cluster-level), by including all the relevant covariates, whilst

controlling for panel-generated heterogeneity.

The robust fit, with mortality under5 (MU5 ) on the RHS, is represented as follows:

Yit = α + β1ODA1it + β2NFDI2it + β3PFDI3it = +β4IND4it + β5HE XP5it + β6MU56it + υit ;

i = 1,2, . . . ,N = 29; t = 1,2, . . . ,T = 36

(5.5b)

To account for heterogeneity across both the cross-sectional and time dimensions, Pillai

et al. (2016) specifies:

υit = µi + λt + νit (5.5c)

Where υit capture all latent, individual-country (cross-sectional) heterogeneity; λt denotes

latent heterogeneity across the study time domain; and, νit represents the remainder random
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error terms that are unobservable/not captured by the error model specification, Equation

5.5c. The first set of error components on the RHS of Equation 5.5c (µi and λt) are also

known as the within-components of the error residuals, whilst νit represents the panel or

between component (Pillai et al., 2016).

Pillai et al. (2016) explains that depending on the assumptions about Equation 5.5c,

the error components can be assigned fixed or random effect properties, thus, from this one

equation, we can have two sub-specifications. For example, if the parameters of µi and λt

that we need to estimate are assumed fixed, and the parameters of νit to be estimated are

assumed random (i.e., iid, mean zero, constant variance), then Equation 5.5c will be “a

two-way Fixed Effects error component model, or [plainly], a Fixed Effects model” (p. 10).

Conversely, if it assumed that µi and λt are random, in tandem with the third error term,

νit (which is already a random term), then all three RHS terms of Equation 5.5c will be

random, effectively giving us a two-way Random Effects error component model or simply

a Random Effects model (pp. 10-11).

It is also acceptable practice to assess both the fixed and random components, of Equation

5.5c, separately. This is the default configuration in Stata. So, rather than working with

both the error components, µi and λt , each component can be considered separately, hence,

the error term, υit , would be re-written as:

υit = µi + νit or . . . (5.5d)

υit = λt + νit (5.5e)

Equations 5.5d and 5.5e allow us to have one-way error components, each with their

relevant set of assumptions about their error processes. This study takes advantage of the

fact the Equation 5.5c is a two-way error component: Since this study is interested in the
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dynamic relationship between infant mortality and its study-identified correlates, and since

the fixed effect model of the error-terms is more appropriate or the error estimation, we

assume the error component portion fixed. This assumption found statistical support during

analyses because the between- and within-R-squared values of the Fixed Effects model9

yielded more-or-less similar values to the between and within R-squared values shown in

Tables 5.7 and 5.6.

In sum, this study takes advantage of the flexible nature of the two-way residual term:

Random Effects models (Equations 5.5a and 5.5b) were fit. The error components were

modeled after Equations 5.5d and 5.5e, allowing for cluster-residual assessments to be made

on both the cross-sectional and time-series dimension of the study data. From a visual

standpoint, there is a sufficient amount of heterogeneity in the DV to investigate the role of

the IVs in the study sample. I continue the pre-lim phase by re-visiting study's main research

question: Does official development assistance have explanatory power, when considering

infant mortality trend behavior in the SADC and ECOWAS regions?

MODEL (I): DIAGNOSTICS

5.3.1 Jarque Bera Extension: Test for Normality

The Jarque-Bera test is a Lagrange multiplier10. This test is, essentially, a goodness-of-fit

test (χ2) for assessing the skewness (assymetry measure) and kurtosis (peak measure) of

9As explained in Section 5.2, six frequentist models were panel-tested on the study data: Pooled OLS,
Population-Averaged, Between, First Difference, Fixed Effects, Random Effects.

The results for individual-specific effects were assessed using the Hausman test, which favored the Random
Effects estimator for the study data. Only the results of the Random Effects procedure are presented. (See
Tables 5.7 and 5.6). This mention of the Fixed Effects model is in reference to Fixed Effects output from the
testing phase that, although not shown, provided credence to the set of assumptions used for the Random
Effects model needed in this Section.

10Function optimization (Jarque and Bera, 1987; Lawford, 2005) test: This test finds the local minima
and maxima on a function that is subject to equality constraints for normality (Klein, 2004)

153



sample data, to ensure that both properties match a standard normal distribution (Jarque

and Bera, 1987). The Jarque-Bera test has the following mathematical form:

JB =
n − k + 1

6
((

1
n
∑n

i=1(xi − x̄)3

(1n
∑n

i=1(xi − x̄)2)3/2
)2 +

1

4
((

1
n
∑n

i=1(xi − x̄)4

(1n
∑n

i=1(xi − x̄)2)2
) − 3)2) (5.6)

As shown in Equation 5.6, the Jarque Bera functional form measures the concentration

of the study distribution around the mean. Within the outer-most set of parentheses, the

term to the left-hand side of the plus sign is a measure of skewness, and the right-most

term measures kurtosis (Jarque and Bera, 1987). A value at a specified point within the

distribution is represented by xi, with its corresponding mean depicted as x̄. Thus, for a given

random variable, JB is compared to a Gaussian probability distribution, then a statistical

assessment is made concerning normality.

For the study data, the results are presented in Tables 5.6 and 5.7. Significant values

indicate a deviation from a Gaussian distribution in either skewness or kurtosis. During

the initial testing phase, all variables which showed a significant deviation from the Gaus-

sian distribution were log transformed in an attempt to induce Gaussianity, before further

analysis.

Prior to transformations, the data appear right-skewed – particularly, the national demo-

graphic series are positively skewed. Since the standard normal distribution is not met with

a positively skewed distribution, log transformations were performed. The log transformed

output allow for the rejection of the Jarque-Bera null of non-normality. Transformations

were performed using a simple log transform, obtained through a Box-Cox function11. Un-

der the Jarque-Bera assumption, a normal distribution should have a skewness value of zero,

and a kurtosis value of 3.

11The Box-Cox function is included in the MASS R-package used for this portion of the analyses
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The Stata command, xtsktest, uses a range of tests to pinpoint non-normalities in standard

error components of panel models. This command implements testing procedures based on

the “moment conditions of within and between transformations of the OLS residuals” (Alejo

et al., 2015, p. 2). As such, a Pooled OLS model was run in Stata, before the Random Effects

model was run. The Random Effects portion of the procedure allows for the exploitation of

skewness and kurtosis in the individual-specific and the remainder components, separately

and jointly, using a cross-sectional bootstrapping procedure (Alejo et al., 2015).

The bootstrapping procedure computes the corresponding variance-covariance matrices

of the statistics of interest, in the Random Effects estimation portion of the procedure, based

on the OLS structure.

Said differently, the classical Bera-Jarque test (executed in Stata, using the sktest com-

mand), examines component skewness and kurtosis, both separately and jointly (Alejo et al.,

2015). However, for a panel set-up, an extension of the Jarque-Bera test (xtsktest), is needed

to address the inherent panel-modeling problem associated with individual effects estima-

tion, i.e., do the component errors originate from the within- or between-component, or both?

The Jarque-Bera extension used in this section addresses this issue by using a bootstrapping

process to identify which error component (if not both) is responsible for non-normalities

within the distribution of the data. The xtsktest also allows for both separate and joint

assessments of skewness and excess kurtosis. As shown Tables 5.3 and 5.4, the separate and

joint components are assessed, simultaneously.
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Table 5.3: SADC: Skewness and Kurtosis Test Results.a, b

Skewness and Kurtosis Estimates

Symmetry
Observed
Coef.

Bootstrap
Std. Err.

z P > |z | Normal-based 95%
Conf. Interval

Individual-specific

Skewness (SKu) 13195.98 14026.17 0.94 0.347 [-14294.81 40686.76]
Kurtosis (Eu) -983956.4 938451.6 -1.05 0.294 [-2823288 855375]

Remainder Error

Skewness (SKe) -8460.49 5101.35 -1.66 0.10 [-18458.95 1537.97]
Kurtosis (Ee) 238841.7 443465.1 0.54 0.590 [-630333.9 1108017]
Joint test f or Normality on e : χ2(5) = 3.04; Prob > χ2 = 0.219
Joint test f or Normality on e : χ2(5) = 1.98; Prob > χ2 = 0.371

a. Replications based on 14 clusters in countries; n=504
b. Bootstrap Replications (500)

Table 5.4: ECOWAS: Skewness and Kurtosis Test Results.c, d

Skewness and Kurtosis Estimates

Symmetry
Observed
Coef.

Bootstrap
Std. Err.

z P > |z | Normal-based 95%
Conf. Interval

Individual-specific

Skewness (SKu) 350.1 1882.1 0.19 0.852 [-3339.49 4041.48]
Kurtosis (Eu) -94363.82 66520.61 -1.42 0.157 [-224937.8 36210.19]

Remainder Error

Skewness (SKe) 777.68 619.57 1.26 0.209 [-436.65 1992.02]
Kurtosis (Ee) 133696.5 69827.11 1.91 0.056 [-3162.18 270555.1]
Joint test f or Normality on e : χ2(5) = 5.24; Prob > χ2 = 0.073
Joint test f or Normality on e : χ2(5) = 2.04; Prob > χ2 = 0.360

c. Replications based on 15 clusters in countries; n=540
d. Bootstrap Replications (500)
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There are four components of interest represented in Tables 5.3 and 5.4: the individual-

specific (u) and the remainder error (e), each with associated skewness (SK) and kurtosis

(E) values. The output shows the skewness and kurtosis test stats for both the “individual-

specific and remainder components, separately and jointly” (Alejo et al., 2015, p. 2). For an

underlying distribution that is normal, the general null expectation is zero skewness, and a

kurtosis value of 3 (Alejo et al., 2015; Galvao et al., 2013).

The second column in Tables 5.3 (SADC) and 5.4 (ECOWAS) shows the observed co-

efficients for the four statistics of interest – based on the Random Effects estimation. The

second column of observed coefficients is an assessment of symmetry and kurtosis for each

error component (individual-specific and remainder).

The subsequent columns show the standard errors computed by bootstrap replications,

the Z statistics12, p-values and the normality-based 95% confidence intervals. Below the

results output are the joint estimation values for normality on each component of the er-

ror term, along with their p-values. The model shows that both components are severely

asymmetric, with both left and right symmetry evident on the observed coefficients.

Both components also show excess kurtosis. Negative (excess) kurtosis speak to the

outlier characteristics of the data. Outliers can negatively influence data analyses by highly

distorting the mean, and increasing the error variance, which in turn affect test statistics.

Negative kurtosis value shown in Table 5.3 (i.e., Ee = −983956.4) suggests that the outlier

characteristics of the study data are less extreme than expected, had the data come from a

normal distribution (Seo, 2006). This is in contrast to the more extreme (positive) outlier

characteristics in the ECOWAS distribution (Ee = 133696.5). In terms of skewness, large

deviations from the mean are noted, where we expected a zero value.

12The Z-test stat is indicates that, under the null, for the distribution of the test statistic can be approx-
imated by a normal distribution (D’agostino et al., 1990). The critical value of Z, based on α = 0.05, is Z =
1.645 (i.e., 5% of the distribution is above Z=1.645) (Tomczak et al., 2014).
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Overall, Table 5.3 and 5.4 output values indicate that, whilst we can expect the occurrence

of large positive mortality shocks (Ee = 238841.7 and Ee = 133696.5, SADC and ECOWAS,

respectively), the shocks are systematic in some countries (i.e., Ee = −983956.4 and Ee =

−94363.82, SADC and ECOWAS, respectively).

The Z-values, though more-or-less ranging close to the 1.64 threshold, p-values are in-

significant – meaning the null that the distribution of the test statistic can be approximated

by a normal distribution must be rejected.

The χ2 values are small (meaning the model is appropriate), however neither associated

component (independent-specific and remainder) is statistically significant (for both regions

assessed). Thus, we fail to reject the null that the study data are consistent with a Gaussian

distribution, i.e., the study residuals are not normally distributed.

Since skewness cannot be present in “linear (or linearized) models with Gaussian shocks,

and since shocks are usually assumed to be Gaussian”, we can conclude that the error

components are non-linear or that non-Gaussian shocks exists within the error component

distribution (Grabek et al., 2011, p. 4). Error-distributional asymmetry thus allows for the

rejection of the null hypothesis of normality in both the SADC and ECOWAS skewness and

kurtosis error components error components. However, this rejection is more pronounced for

the remainder component, as compared with the country-specific component (Alejo et al.,

2015).
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5.4 Model (I): Results of Random Effects Estimation

Table 5.6 and 5.7 summarize the results of the Random Effects estimation procedure. To answer Hypotheses 1 and 3, I

test the strength of the regional infant mortality correlational estimates, vis-ä-vis the referenced predictor.

Table 5.5: Summary Statistics.a, b, c.

Variable Mean Std. Dev. Var. Min. Max.

ECOWAS
IM 97.021 35.053 .90 21.30 173.20
MU5 166.861 69.435 .513 25.20 336.90
ODA 3.589 1.191 .481 -1.584 6.602
Net FDI 6.069 .125 .085 5.294 6.819
Industry 4.281 .993 .108 .003 6.981
Health Exp. 2.184 1.312 .264 -3.173 9.237
Primary FDI 2.277 .799 .707 1.580 5.330

SADC
IM 119.754 63.121 .400 13.9 266
MU5 77.855 36.791 .157 12.20 175.10
ODA 3.867 .598 -12.33 2.503 6.052
Net FDI -58.482 569.692 -24.430 -11571.88 826.554
Industry -12.759 1.776 .281 1.293 8.088
Health Exp. 2.601 2.281 .294 -4.442 16.294
Primary FDI 6.40 .291 .396 4.682 8.399
a. Values for economic series represent per capita averages

b. ECOWAS: N=540, n=15, T=36

c. SADC: N = 504, n= 14, T=36
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Table 5.6: SADC: Random Effects GLS Regression Output.a, b, c, d

Variable Coef. Std. Err. z P > |z |
[95% Conf.
Interval]

Random Effects Estimates, Model (A)

ODA -34.802 2.822 -12.33 <0.001 [-40.334 -29.270]

Net FDI -.008 .002 -3.58 <0.001 [-.013 -.004]

Industry -12.759 1.776 -7.18 <0.001 [-16.240 -9.277]

Health Exp. -.667 .668 -1.00 0.318 [-1.976 .642]

Primary FDI -19.439 5.061 -3.84 <0.001 [-29.359 -9.519]

Constant 445.425 36.887 12.08 <0.001 [373.127 517.723]

a. Group Variable: countries; N. obs = 504; N. groups = 14

b. Waldχ2(5) = 358.94 Prob > χ2 =< 0.001
c. R2 : within = 0.420 between = 0.449 overall = 0.414
d. σ2

ν = 39.584 σ2
ε = 26.854 ρ = 0.685

Robust Model (B)1, 2, 3, 4

MU5 1.742 .011 164.25 <0.001 [1.721 1.763]

ODA -.467 .433 -1.08 0.280 [-1.316 .381]

Net FDI -.00012 .0003 -0.39 0.698 [-.0007 2.142]

Industry 1.643 .254 6.46 <0.001 [1.144 -9.277]

Health Exp. -.049 .089 -0.54 0.586 [-.223 .126]

Primary FDI .948 .686 1.38 0.167 [-.396 2.292]

Constant -28.447 6.261 -4.54 <0.001 [-40.719 -16.176]

1. Group Variable: countries; N. obs = 504; N. groups = 14
2. Waldχ2(5) = 46863.95 Prob > χ2 =< 0.001
3. R2 : within = 0.990 between = 0.972 overall = 0.977
4. σ2

ν = 11.077 σ2
ε = 3.596 ρ = .905
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Table 5.7: ECOWAS: Random Effects GLS Regression Output.e, f , g, h

Random Effects Estimates, Model (C)

Variable Coef. Std. Err. z P > |z |
[95% Conf.
Interval]

ODA -10.314 1.118 -9.23 <0.001 [-12.505 -8.124]

Net FDI 34.572 6.1971 5.58 <0.001 [22.426 46.718]

Industry -10.037 1.219 -8.23 <0.001 [-12.426 -7.648]

Health Exp. 4.210 .587 7.17 <0.001 [3.060 5.360]

Primary FDI -6.273 1.309 -4.79 <0.001 [-8.839 -3.708]

Constant -27.715 38.768 -0.71 0.475 [-103.699 48.270]

e. Group Variable: countries; N. obs = 540; N. groups = 15

f. Waldχ2(5) = 807.33; Prob > χ2 = 0.001
g. R2 : within = 0.606 between = 0.502 overall = 0.503
h. σ2

ν = 20.157 σ2
ε = 15.063 ρ = 0.642

Robust Model (D)1, 2, 3, 4

MU5 .433 .007 63.77 <0.001 [.420 .447]

ODA -2.220 .404 -5.49 <0.001 [-3.012 -1.427]

Net FDI 2.590 2.157 1.20 0.230 [-1.638 6.818]

Industry .804 .446 1.80 0.072 [-.070 1.679]

Health Exp. 1.656 .202 8.19 <0.001 [1.259 2.052]

Primary FDI -2.150 .448 -4.80 <0.001 [-3.028 -1.272]

Constant 14.815 13.481 1.10 0.272 [-11.606 41.237]

1. Group Variable: countries; N. obs = 540; N. groups = 15
2. Waldχ2(5) = 11106.20 Prob > χ2 = 0.001
3. R2 : within = 0.955 between = 0.804 overall = 0.871
4. σ2

ν = 13.589 σ2
ε = 5.098 ρ = .877
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In Tables 5.6 and 5.7, rho (ρ) represents the intraclass correlation or the percentage of

variation explained by individual-specific effects (Torres-Reyna, 2007). In other words, rho

is the proportion consistent with the estimated variance of the total error component, as

registered by the individual effect, νi; and, can be defined as:

νi =
MSb − MSw

(MSb + (k − 1) ∗ MSw)
(5.7)

Where, k is the average group size; MS is the mean square value; b and w represent

between and within effects, respectively. As such, when ρ equals zero, we know that the

amount of variablilty within data clusters is large, relative to between variation. According

to the value of ρ, for the ECOWAS region, 64.2% of the variance within clusters (or, more

precisely, what remains after controlling for observables) is due to differences across panels.

At 68.5 %, the value of ρ is much higher for the SADC region. Both of these variances are

high, suggesting the observed effects cannot solely be idiosyncratic, but are also attributable

to within cluster variances.

Model (I): Hypothesis Testing

UMBRELLA THEORETICALS: HYPOTHESES 1 and 3

5.4.1 Model (I): Hypothesis 1: ODA Predictive Power

Hypothesis 1: Considering regional mortality aggregates, ODA has no explanatory power

concerning the trend in infant mortality rates in the SADC and ECOWAS regions, ceteris

paribus.

For ODA, both the zstat and beta coefficients are significant across all four models, for both

regions. However, even though the model chi-square value is significant at every conventional

level, owing to large values of χ2(5) = 358.94 (SADC) and χ2(5) = 807.33 (ECOWAS), we
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can question the viability of the model. For an assessment of power, we look at the within,

between, and overall R2 values.

The R-squared values in Table 5.6 (Model A), indicate that, for the SADC sub-region,

the within-country variation explains approximately 42% of the variation in SADC infant

mortality. However, variation in SADC infant mortality outcome can also be accounted

for, based on variations that exist between (i.e., across) the model IVs. This is reflected in

the between R-squared value (44.9%), and supported by the Wald chi-square test of joint

significance for both the within- and between-estimations.

At 44.9%, the between-country variation explains relatively more of the variation in infant

mortality fluctuations we see in the model for the SADC region. Stated differently, it is

possible that, for each country (with)in the SADC region, infant mortality does not vary

as much, whilst the independent economic variables vary somewhat more, and are thus

responsible for the higher between-country variation. Alternatively, one could interpret these

values as meaning that the infant mortality may be attributable to cluster variations within

countries, but the independent economic variables may have slightly more influence on the

cluster variations.

These distinctions are more pronounced for the ECOWAS region, where within-country

variation explains approximately 60% of the cluster variation, with about 50% of the cluster

variation attributable to between country differences.

From Table 5.6 (Robust Model, (A)), it may be safe to infer that between SADC countries,

there is not much change in the mortality rate – either that, or the economic variables are

not changing by much – this is because, for ECOWAS (both Models (C) and (D)), within-

variation yielded larger cluster variation percentages.

For ECOWAS, Model (C) contrasts starkly with its robust counterpart, wherein 95.5%

of within-country variation in the infant mortality rate can be attributed to cluster-level

variations within countries. On the other hand, 80.4% of the variation in infant mortality is
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attributable to extra-country variations. Both the within- and between variations are very

high, indicative of clustering effects that are not uniquely idiosyncratic in the ECOWAS

sub-region.

For ECOWAS, we see a stark contrast in the R2 value of the cluster variations across

models. This high level of variation from one model to the next can likely be attributed to

endogeneity, since the under-five mortality rate is inextricably linked to the infant mortality

rate. 13 It is also noteworthy that primary FDI (SADC, Table 5.6) and industry (ECOWAS,

Table 5.7) change signs across models, evidence of multicollinearity, perhaps involving the

Net FDI variable, since linear dependency between economic variables is not an unlikely

phenomenon.

5.4.2 Model (I): Hypotheses 3: FDI Overall Effect

Hypothesis 3: FDI inflows have no effect on infant mortality rates in the SADC and

ECOWAS regions, ceteris paribus.

Hypothesis 3 is answered by default, based on the outcome of Hypothesis 4. However, we

do see some contrast between the individual sub-regions and the main hypothetical expec-

tation. Looking at the SADC results, for the correlational value for Net FDI is statistically

significant, but negligible (magnitude-wise) (Model(A) : β2 = −.008, S.E . = .002, z(504) =

−3.58, p < .001). Primary FDI, on the other hand, shows a more sizeable influence, with a

decrease of around 19 infant deaths per 1,000 live births, for every per capita dollar increase

in Primary FDI flowing into the region (Model(A) : β5 = −19.439, S.E . = 5.061, z(504) =

−3.84, p < .001).

13After running a Fixed Effect model on the study data (output not shown), it became evident that
the Fixed Effects models returned (nearly) similar between- and within-variation estimates as the Random
Effects estimations. One possible explanation is that, at their core, both models are based on the robust
VCV structure of the classical OLS model (Kezdi, 2003).
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The coefficients for ECOWAS Net (Model(C) : β2 = 34.572, S.E . = 6.197, z(540) =

5.58, p < .001) and Primary FDI (Model(C) : β5 = −6.273, S.E . = 1.309, z(504) =

−4.79, p < .001) are not negligible. Thus, Hypothesis 3 finds validity, with the exception of

the negligible SADC Net FDI variable.

EMPIRICAL CORRELATES: HYPOTHESES 2 and 4

5.4.3 Model (I): Hypothesis 2: Correlational Significance: ODA

Hypothesis 2: ODA has a significant, positive correlation to the rise in infant mortality

rates in the SADC and ECOWAS regions, ceteris paribus.

For the SADC region, the principal variable of interest, ODA, has a negative effect

on the infant mortality rate, suggesting that, ceteris paribus, for every unit increase in

ODA inflow, the infant mortality rate decreases – this remains the case across regions, and

across model fits. Looking at Table 5.6, the SADC infant mortality rate decreases by about

35 per 1,000 live births, as per capita ODA inflows increase by one USD, ceteris paribus

(Model(A) : β1 = −34.8, S.E . = 2.82, z = −12.3, p < .001). This statistic is significant

at all conventional levels; and, it is in the opposite directional expectation of Hypothesis 2,

which expects ODA to have a significant, positive correlation to regional IMR. Directionality

is supported by the robust model, however the magnitude of ODA changes dramatically in

the robust fit (Model(B) : β2 = −.467, S.E . = .433, z = −1.08, p < .001). Also notable

is that, across all four model, a change in statistical significance for ODA occurs only once:

in the SADC robust fit. Overall, changes in magnitude across models are indicative of the

presence/influence of latent/unobserved effects.

Model A: The observed SADC ODA z-value, z(6) = −34.8/2.82 = −12.3; and, the two-

tailed z-critical value is -2.425, based on a 5% level of significance. Thus zobs is less than zcrit,

zobs is statistically significant. These findings are contrary to the prior assumptions made,

and to the study hypothesis, which expects a positive association between infant mortality
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and ODA. This negative association holds for both the SADC and ECOWAS sub-regions,

and across all four models tested. Further, the statistical significance of ODA, across all

four models, implies that the hypotheses 1 and 2 should be rejected at every conventional

level of significance. Furthermore, the coefficient of ODA is sizeable (absolute value), both

for Models A and C, thus the sub-regional coefficient outcomes, for both the SADC and

ECOWAS, cannot be relegated as negligible.

As a dependent proxy, the under-five mortality robust estimate (Model (B)) contradicts

these findings in terms of coefficient magnitude and statistical significance. The z-critical

value for the SADC robust estimate is -1.893. These results cannot, therefore, substantiate

the rejection of the null for Hypotheses 1 and 2 (which both address ODA). Thus, the

Random Effects test results, concerning the correlation between regional infant mortality

rates and ODA, are inconclusive at this stage of the analyses, mainly because of extant

serial dependency in the times series dimension of the panel structure tested here.

To further assess the importance of the coefficient estimates, we can evaluate, for example,

what happens in the SADC region when ODA is increased by the standard deviation (of its

mean value), which is 0.598. Thus, the predicted effect of SADC ODA influx (on IMR) is a

decrease of 0.598 ∗ (−10.314) = −6.168. What does this value mean? The standard deviation

for SADC infant mortality is 63.121, so an increase of one standard deviation in ODA will

produce an approximate standard deviation of

−6.168/63.121 = −0.097 (0.097, absolute value), from the mean regional infant mortality

rate in the SADC region.

For ECOWAS, when ODA is increased by the standard deviation (of its mean value),

which is 1.191, the predicted effect of ODA influx (on IMR) is a decrease of 1.191∗(−34.802) =

−41.449. The standard deviation for ECOWAS infant mortality is 35.053, so an increase of

one standard deviation in ODA will induce an approximate standard deviation of nearly

−41.449/35.053 = −1.182 (1.182, absolute value), from the mean regional infant mortality

rate in the ECOWAS region.
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5.4.4 Model (I): Hypotheses 4: Correlational Significance: FDI

Hypothesis 4: FDI inflows vary inversely with infant mortality rates for countries in the

SADC region, ceteris paribus.

For SADC, the fourth hypothetical expectation finds decisive support across both Models

(A) and (B). For the ECOWAS region, the results suggest that IMR tends to be lower with

increases in per capita ODA, industry expenditure, and primary FDI inflows. However, based

on the robust fit, directionality does not hold for the industry variable, nor does this variable

remain statistically significant across models. Net FDI sees a stark change in correlational

magnitude across ECOWAS models, but the loss of statistical significance in the robust fit

de-emphasizes this stark change in correlation.

The direction of the health expenditure variables are not as expected – per capita in-

crease in government health care expenditure is expected to reduce the infant mortality

rate. Holding all other variable constant at their means, a unit increase in per capita health

expenditure is associated with 4.21% increase in the infant mortality rate (Model(C) :

β4 = 4.21, S.E . = 0.587, z = 7.17, p < .001). The robust estimator of the health

expenditure variable supports this estimate, albeit it smaller in correlational magnitude

(Model(D) : β4 = 1.656, S.E . = 0.202, z = 8.19, p < .001). The statistical evidence

for an expected inverse relationship between FDI correlates and infant mortality, although

present as expected, is not in the expected direction for Primary FDI, and is statistically

insignificant (p = 0.230) for the Net FDI correlate, in the robust fit. From the results of

the ECOWAS robust checks, we have further support against the null hypothesis concerning

both Primary FDI and ODA. Figure 5.24 illustrates these findings, by comparing Models

(A) and (C) coefficients. The relationship between the study dependent and the observed

correlates are plotted and contrasted by adjusting for proximity to the zero (red) line.
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Bi-regional Comparison.

Figure 5.24: ECOWAS and SADC: Comparison of Random Effects Coefficient Plots.

Frequentists treat probabilities as long-run proportions of repeated identical events. It

is therefore, difficult to ascertain the probability of an event taking place. For example, the

Random Effects Coefficient Plot shows that, for ECOWAS, when all other variables in the

mix are held constant, for every unit increase in ODA, the infant mortality count decreases

by about 10 per 1,000 live births (p < .001,S.E = 1.118).

To further evaluate the magnitude of the Net FDI coefficient estimates, I examine what

happens in the SADC region when Net FDI is increased by the standard deviation (of its

mean value), which is 569.692. Thus, the predicted effect of SADC Net FDI influx (on

IMR) is a decrease of 569.692 ∗ (−0.008) = −4.558. The standard deviation for SADC infant

mortality is 63.121, so an increase of one standard deviation in Net FDI will cause an

approximate standard deviation of −4.558/63.121 = −0.0722 (0.0722, absolute value), from

the mean regional infant mortality rate in the SADC region.
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For ECOWAS, when Net FDI is increased by the standard deviation (of its mean value),

which is 1.191, the predicted effect of Net FDI influx (on IMR) is a decrease of 0.125 ∗

(34.572) = 4.322.

The standard deviation for ECOWAS infant mortality is 35.053, so an increase of one

standard deviation in Net FDI will cause an approximate standard deviation of 4.322/35.053 =

0.123, from the mean regional infant mortality rate in the ECOWAS region.

5.5 Model (I): Determining Goodness of Fit: Random Effects Estimator

The Wald statistic is a joint measure of all individual effects, i.e., it tests that the coefficients

on all the regressors are jointly zero. The chi-square values across all four models are substan-

tially large, and their corresponding p-values are statistically significant, but χ2calc(5) > χ2crit .

Therefore, since our observed chi-square values are greater than the critical chi-square value

for 5 degrees of freedom, we reject the χ2 null of no association between the study variables,

in favor of the alternative that associations exist between cross-correlations of the study vari-

ables. This decision is significant at all conventional levels of statistical significance. This

outcome suggests that the data and the Random Intercepts fit are incompatible.

Nevertheless, determining the goodness of fit for a Random Effects model can be com-

plicated, particularly because the inherent error structure of Random Effects models “ acco-

modate correlations between repeated measurements taken on the same individual sampling

unit over time . . . ” (Lange and Ryan, 1989, p. 624). Beyond the issue of model specifi-

cation, there are conceptual and methodological reasons for determining the cause of panel

heteroskedasticity: From a methodological perspective, violation of Gaussian normality as-

sumptions affect estimate reliability to the extent that alternate distributional assumptions

must be made (using robust alternatives that do not depend on distributional features), if

lack of Gaussianity persists (Alejo et al., 2015).
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Skewness and/or leptokurtic14 assessments are crucial in assessing normality. Montes-

Rojas and Sosa-Escudero (2011) show how non-normalities affect panel heteroskedasticity

tests. This is a particularly pertinent issue for panel data because, unlike the cross-sectional

or time-series dimensions, in simple error-components models, lack of Gaussianity may be

evident in more than one component (Alejo et al., 2015) within a panel structure. Therefore,

beyond detecting departures from normality, it is important to pin-point which component

is the source of the error. For this part, we turn to the Jarque Bera tests for normality.

5.6 MODEL (I): FINDINGS: THE NEED FOR MODEL OPTIMIZATION

5.6.1 Re-visiting Jarque Bera Assessments.

In Section, I establish that error-distributional asymmetry, evident in the results of the

Jarque-Bera assessments, calls for the rejection of the null hypothesis of normality in the

skewness and kurtosis error components. There exists discord in the literature (Crowder,

2009; Johnston et al., 2009; Jen et al., 2010; Lange and Ryan, 1989; McCulloch and Neuhaus,

2011) concerning residual normality, when performing tests of individual-effects: The level of

discord ranges from contentions that residual non-normality is negligible, to posits suggesting

that clusters can be assigned variability ranges, to arguments that residuals must be normally

distributed. For this study, non-normality in the residual distribution is established in this

Section.

Nevertheless, to side-step extant normality contradictions in the literature – and to

further ascertain how well the Random Effects procedure addressed cluster-generated het-

eroskedasticity – post-estimation, the Breusch and Pagan Lagrangian multiplier test for

Random Effects was performed.15

14Distribution with kurtosis greater than the normal distribution.

15Breusch and Pagan LM test was ran using the xttest0 command in Stata
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5.6.2 Assessing Cross-Sectional and Time-Series Error Dependence

The Breusch and Pagan Lagrangian multiplier residual test was applied to all four Random

Effects models specified during analyses. The null on the test expects: Var(νi) = 0, i.e.,

cross-entity variation is equal to zero. In other words, across panel units, we should see no

panel effects, or no significant differences across country units (Torres-Reyna, 2007). The

ECOWAS distribution yielded a χ2 value of 6010.24 (p < 0.001), and for SADC χ2 =

5665.00 (p < 0.001). Meaning, we reject the Breusch and Pagan that panel effects are not

present.

Next, using the Pesaran Cross-sectional Dependence (PCD) test16 the Random Effects

results were tested for cross-sectional dependence/contemporaneous correlation, as this leads

to biased test results (Torres-Reyna, 2007). The null expectation being that cross-entity

residuals are not correlated. Pesaran (2015) uses Monte Carlo simulation to show that

cross-sectional dependence (CD) is strong if the value of dependence, α, is in the range

[0,1/4]. The test results for SADC (PCD = 4.069, p < 0.001) indicated that cross-sectional

dependence is not an issue with the data, i.e., the variation present in the residuals is not

originating correlation across entities (countries). In contrast, the ECOWAS test results

yielded a statistically insignificant p-value (PCD = 0.822, p = 0.4108), thereby confirming

that some residual variation is originating from cross-sectional dependence. However, the

PCD value is outside the acceptable range, therefore, the value of ECOWAS cross-sectional

dependence can be considered weak (Pesaran, 2015) or negligible.

Since cross-sectional dependence can be ruled out, Wooldridge's (2010) newly formulated

test for autocorrelation in panel models was run to check for serial dependence. Drukker et al.

(2003) assesses the reliability of the Wooldridge test by running (both fixed- and random-

effects) simulations on a variety of data samples with varying sample characteristics.

16The Pesaran CD test was carried out using xtcsd command in Stata.

171



Drukker et al. (2003) concludes that the Wooldridge test has strong size and power

properties, for moderately sized samples. Particularly, Drukker et al. finds that for the

largest sample size tested (N = 1000, T = 10), the Wooldridge test scored 100% on empirical

power; and, when paired “ . . . correlations were .2 or higher, the test has nearly 100% power

in all cases” (p. 173).

The Wooldridge null is that there is no serial correlation of the first order in the panel

distribution. Wooldridge 2010 posits that, if the εit terms are not serially correlated, then for

the first period lag, Corr (∆εit,∆εit1) = .5. For both ECOWAS (F(1,14) = p > F = 0.0001)

and SADC (F(1,13) = 4935.181, p > F = 0.0001), the Wooldridge null is strongly rejected, at

every conventional level of statistical significance.

In general, the discussion on heteroskedasticity (see Section 5.2) finds support in the

studies by Alejo et al. (2015), Kezdi (2003), and White (1980) – all of whom posit that

we can use the classical OLS structure (see Section 5.2) as a starting point for residual

examination because the OLS covariance matrix estimator has proved consistent with the

covariance matrix of individual-specific effects, when heteroskedasticity is present. Thus, in

Section 5.2, the correct, formal model of the structure of heteroskedasticity specific to the

study data was not needed, as the findings from Section 5.3.1 support White's (1980) notion

that the Pooled OLS VCV is robust to VCV of individual-specific effects estimators because

their residual estimates will be computationally equivalent. (For example, see Kezdi (2003),

Arellano (1987), and White (1980)). Further, Kezdi (2003) tests four different SE estimators

for homoskedasticity: The author compares i) a general estimator17 to ii) an estimator that

is consistent under cross-sectional homoskedasticity; iii) the original White estimator (which

is consistent under no serial correlation); and iv) a scaled version of conventional estimator

(which is consistent under homoskedasticity and no serial correlation).

17The conventional FE standard error estimator, which Kezdi (2003) defines as “the scaled version of the
conventional OLS estimator on mean-differenced data” (p. 115).
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Kezdi (2003) finds “that, it is the overall sample size, the size of the cross-sectional sample

that determines the small-sample bias [and that resisting use of the general] cluster-estimator

SE, when T is large is unjustified” (p. 111). Further, Kezdi (2003) explains that “ increasing

T increases the bias due to serial correlation”, which is supported by the findings in this

Section. Kezdi (2003) cautions that the rationale against using the general estimator is not

robust to the ‘clustered’ estimator when the time-series is long “ . . . is simply unnecessary

. . . [and] quite misleading” (p. 111).

In essence, the findings in this Chapter find analytical and inferential support in the

study by Kezdi, who shows that the: “ . . . well-known robust (‘clustered’) estimator . . . is

not only consistent but also behaves well in finite samples . . . The conventional estimator

(scaled version of the classical OLS estimator) has no substantial advantage over [the more

restrictive serial correlation consistent cluster-estimator], other than computational simplic-

ity” (pp. 111-115). This statement by Kezdi rightly captures, and is a clear distillation, of

the analytical presentation and findings in this Chapter.

5.7 Model (I): Conclusion

I use the concept of hierarchical structuring to illustrate how parameter clustering can be

mitigated (in the kind of clustered space that you would find in a RE model, for example).

Overall, post-estimation results show that that the cluster variances are not homoskedastic,

indicative of the need to transition to a more optimal estimation approach. When het-

eroskedasticity is a factor, estimates are no longer BLUE. In other words, within the range

of all the unbiased estimators, the Random Effects estimator will not provide estimates with

the smallest variance, thus, depending on the behavior of the residual estimates, it is possible

for significance tests to either be overconfident or overly conservative.

Therefore, the results from this initial frequentist assessment, based on Random Effects

estimation, should be taken with a grain of salt, considering the level of heteroskedasticity
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present in the process from which these results originated. Thus, since we run the risk

of Type I errors when drawing statistical inferences on heteroskedastic distributions, and

since the outcome of the Random Effects estimation shows that the data has remained

unresponsive to log transformation procedures, an alternative modeling approach is needed.

Model mis-specifications can cause/contribute to heteroskedasticity (Schwert and Seguin,

1990).

For the study data, although Hausman test results returned insignificant chi-square val-

ues18 (thus, supporting the use of Random Effects estimation). However, the extremely large

chi-square values for both regional models (A and C) and their respective robust fits (B and

D), though statistically significant, suggest the Random Effects model may not be ideal

here. Firstly, it is noticeable, from the size of the chi-square values, that log transformation

did not improve the behavior of the residuals. This is especially evident in the dramatic

changes in both the correlational magnitude and direction of the IVs, when comparing the

regional models (A and C) to their respective robust fits. Secondly, the study residuals

remain non-normal, with heteroskedasticity persisting post linear transformation.

Since the study residuals remain non-normal, with heteroskedasticity persisting post

linear transformation, it goes without saying that, at this stage in the analyses, a model

that can account for excessive changes in variance is paramount for subsequent analyses.

Further, since this initial assessment showing that the variables have remained unresponsive

to log transformation could mean that “systematic heteroscedasticity biases [can] influence

the magnitude of the correlation coefficients independently from the effect of . . . aggregation

procedure[s]” (Clark and Avery, 1976, p. 431). In other words, it is necessary to revisit the

model configuration as it is clear that systematic variability cannot be attributed to chance

alone.

18See Tables 5.2 and 5.1 for results of Hausman test.

174



According to Levy (2012), generalized linear models assume that error-means are zero, un-

correlated, with equal variance. An added expectation is that residual errors are independent

of the predictor variables; however, real-world data are usually replete with idiosyncrasies

that almost certainly ensure that these assumptions do not hold. (Levy, 2012) explains that

panel data are inherently structured in a manner such that their cluster-level characteris-

tics violate assumptions of independence, especially when observation-affinity at the cluster

level usually means that “. . . observations belong to different clusters and each cluster has

its own properties (different response mean, different sensitivity to each predictor” [p. 175].

Fundamentally, “hierarchical (also called multi-level/mixed-effects) models” are structured

to accomodate the level of symbiosis that exist between clustered datapoints (Levy, 2012).

Gill (2002) explains that all hierarchical models are overtly Bayesian because the inherent

structural composition of hierarchical models necessitate making distributional assumptions

at the levels of the hierarchy. By extension, all Bayesian models are inherently hierarchical

because observations within a hierarchical model fall into clusters: Bayesian draws depend on

i) parameters shared across clusters, and (ii) parameters shared among observations within

a cluster (which may differ across clusters) (Levy, 2012). Figure 5.25, provides a visual

representation of this concept.

(a) Non-hierarchical Model. (b) Simple Hierarchical Model
with Observations grouped

into m clusters.

Figure 5.25: Non-hierarchical vs. Hierarchical Models (Levy, 2012, p. 176).
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Figure 5.25a is a generalized probabilistic model with a set of parameters θ, that moderate

outcome probabilities, over a group of observations, y, which are generated by drawing from

the distribution of θ. Figure 5.25b is a rudimentary hierarchical model, representing groups

of clustered observations. The outcome distribution of each cluster is jointly determined

by: (1) the parameters, θ, which is distributed across clusters, and (2) parameters, b, which

are shared among observations inside each unique cluster, thus, b, may be different across

clusters (Levy, 2012, p. 176). Consequentially, the parameter, b, induces a second probability

distribution, parameterized by, Σb, over the cluster-specific parameters b themselves (Levy,

2012, p. 176).

Based on Figure 5.25b, we can specify m-many clusters, and for each individual cluster,

i, there will be ni observations. Thus, within each individual cluster, we can expect a

combination of yi1, . . . , yini unique observations. The Random Effects estimator was expected

to incorporate cluster level characteristics into the analytical process, but based on post-

estimation results, this approach performed poorly, in terms of reigning in the distribution

of the disturbance components. Bayesian models are inherently structured to account for

changes in variance across data clusters.

For example, form a distribution with a small number of parameters, we can decide to

draw observations yi j from said distribution, and make distributional assumptions: in this

case, we can assume that the distribution is normal and that the parameters are the mean

and variance (Levy, 2012, p. 176). One organic type of clustering that can emerge from this

distribution is for it to have its own mean, µi, and have a scenario wherein all the cluster

variances σ2
y are the same (homogeneity) (Levy, 2012, p. 176).

Based on Figure 5.25b, we can specify µi as the cluster-specific parameters associated

with nodes b, and σ2
y can be seen as the shared variance parameter for node θ. (Levy, 2012,

p. 176). For a complete probability model, Levy (2012) explains that we can specify a

distribution over the cluster-specific parameters.
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In Equation 5.8, Levy (2012) summarizes the basic form of these parameters, as follows:

µi ∼ N(µ,σ
2
b )

yi j ∼ N(µi, σ
2
y )

(5.8)

Where our two parameters, µi and σ2
y , have their own normal distribution with a global

mean µi and a global variance σ2
b – both of which we can house in a node, Σ2b, as further

conceptually clarified in Figure 5.26. Figure 5.26a and 5.26b are the redacted versions of the

non-hierachical models presented earlier (i.e., Figures 5.25a and 5.25b).

(a)
Non-hierarchical

Model
of Figure 5.25a.

(b) Simple
Hierarchical Model
of Figure 5.25b.

(c) The model in Figure
5.25b

with priors over θ and Σb.

Figure 5.26: Non-hierarchical vs. Hierarchical Models: Introducing Priors (Levy, 2012, p.
179).
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Figure 5.26a shows how the individual observations, belonging to the yi distribution –

see Figure 5.25a and 5.25b) – have been collapsed into a single node y (Levy, 2012, p. 178).

The y node is enclosed in a box (plate) labeled “n”, which signals that n independent events

generated by the node in question.

Levy's (2012) redacted simple hierarchical model, 5.26b, shows both the individual ob-

servations (yi j) and the cluster-specific parameters (bi, contracted into single nodes. The

independent events, m, generated at nodes b, are shown in the outer plate of Figure 5.26

(b). The inner plate shows that, for each observation i associated with event m, ni sub-events

will be generated (Levy, 2012, p. 178).

Levy (2012) explains that each sub-event carries a cluster-id (i.e., the node labeled i,

which allows us to track each individual observation and its corresponding cluster. For

the sub-event y, the nodes b, θ, and i, are jointly responsible for determining the outcome

distribution emanating from the y node.

For a Bayesian process, can state our prior beliefs about the parameters in Equation

5.8. This process can be complex, but for illustrative purposes, we can consider the follow-

ing rudimentary structure: Re-visiting our observational structure, yi j ∼ N(µi, σ
2
y ), we can

specify:

α ∼ N(0,7)

β ∼ N(0,7)

σ ∼ Uni f orm(0,5)

(5.9)

Meaning that we expect α and β to have a range of ±14, if we assume that all values

around zero have more-or-less the same probability. We also expect, for example, that σ

will take on any value between 0 and 5, which mean that irrespective of the observational

variance of our data, any value above 5 cannot be considered. In this study, we know our

observational variables y, and we also know i, our cluster(country)-ids. In other words,

looking at the study data sets, we can identify the country that generated a particular

178



observational value. However, the shared model parameters, θ, are unknown. We also have

no certainty concerning the parameters of Σb, which governs cross-country variability, nor

are we certain about bi, which governs the country-specific variations.

Figure 5.26c is a simple of example of a model with priors governing the distributions of

our unknown parameters. The general modeling expectation is that, by assigning prior spec-

ifications to our unknown parameters, we can systematically reduce the amount of variation

in the residuals, thereby reigning-in the effect of heteroskedasticity on study estimates.

The study by Lange and Ryan (1989) is an illustration of the use of Bayesian models

to remedy panel structural complexities. The authors correct for dependent, non-identically

distributed observations (susceptible to Random Effects within their data clusters), using

standardized empirical Bayes estimates of individual random effects, which were derived

from linear functions of estimated residuals.

The next round of estimation incorporates Bayesian estimation into a linearized modeling

structure. Using the ECOWAS and SADC datasets generated during the successful spline

imputations, and as a frequentist alternative, Chapter 6 presents a Bayesian Structural Time

Series approach, based on Dynamic Linear Models (DLM).

The overarching empirical goal of this study is to capture fluctuations in sub-regional

infant mortality rates – the outcome of which is evaluated against sub-regional foreign capital

flows – for making long-term mortality impact assessments. Captured IM posterior rate

changes are expected to offer insight into the downstream impact of foreign capital flows

on human development indicators south of the Sahara. The route to realization of the

overarching study-goal is two-fold: i) remedy panel-induced idiosyncrasies identified in the

study data, identified in the preceding discussion; and, ii) capture annual cyclicity in sub-

regional IMR, by using a Bayesian DLMs to re-assess the study hypotheticals.
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CHAPTER 6

METHODOLOGY: EMPIRICAL ASSESSMENT (II): BAYESIAN

STRUCTURAL TIME SERIES: BAYESIAN STATE SPACE MODEL

6.1 Model (II): Bayesian State Space Model (BSSM)

The underlying mechanism driving preventable infant mortality rates in the sub-Sahara is

fundamentally non-linear – heterogeneities in infectious disease processes can emerge from a

host of spatial and social conditions (Finkenstädt and Grenfell, 2000, p. 188). Considering

global mortality dynamics, the major heterogeneity this study identifies is the strength of

the infant mortality rate in the sub-Sahara, as compared to other regions of the globe.

Since there is “no proven automatic” method of identifying trend components in time

dependent data, identifying a monotonous trend will usually suffice [para. 3] (StatSoft,

2018). The first step with trend analysis is smoothing. “Series” with relatively few and

systematically distributed points can be smoothed with bicubic splines” [para. 3] (StatSoft,

2018), which has been accomplished via the P-spline imputation process. The next step then

requires fitting a functional form, which, for many monotonous series, can be approximated

using a linear form, when evidence of non-linearity is presented, as is the case with this study.

(See Section 5.3.1). Scott and Varian (2014) put forward a Bayesian Structural Time Series

(bsts) approach that takes the form of a linearized Bayesian State Space model (bssm).

To evaluate each research question, the bsts R-package was used to specify Bayesian Dy-

namic Linear Models (DLM), which are, essentially, linearized State Space models (SSM).

Scott (2018) explains that, if no predictor variables are included, then the model configu-

ration can be considered as an ordinary state space time series model. On the other hand,

when more than on predictor is specified, the configuration becomes a dynamic linear model.

Scott's (2018) Bayesian Structural Time Series configuration is involves a combination of dy-

180



namic time series regression models (fit using MCMC1 algorithms) and a static regression

component of models that include the predictor variables (Scott and Varian, 2014). (See

Equations 6.9 through 6.4 in Section 6.5).

In this portion of the study, I build on the empirical studies by Carter and Kohn (1994),

Helske and Vihola (2017) and Scott and Varian (2014) in combining a structural time series

model (to capture annual cyclicity in the data), with a regression component (to capture

contributions from contemporaneous explanatory factors (Scott and Varian, 2014, p. 2). The

time-series model is expected to address heteroskedasticity emerging from first order serial

correlation in time series dimension of our panel distribution, as identified and discussed in

Section 5.3.1. The static regression component uses a spike-and-slab prior for the distribution

of predictor variables (Scott and Varian, 2014; Scott, 2018).

Scott (2018) explains that both the spike-and-slab component (for static regressors) and

the Kalman filter (for components of time series state) necessitate Gaussianity, in both

the time-series observations and Bayesian state-components. The bsts package allows for

non-Gaussian error families in the observation equation (and some state components) by

using data augmentation to express these families as conditionally Gaussian Scott (2018).

This study makes this assumption, as expressed in the state space prior specifications. (See

Section 6.4).

6.2 Model (II): Justification

Time Series: Re-orienting Study Data: A time series is defined as any sequence of

measurements of the same variable(s) assessed over time: Usually the measurements are

assessed at evenly spaced times – e.g., monthly or yearly (Pennsylvania State University

2018).

1See Appendix A.3 for detailed description
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Time series can consist of a large number of data points, but can also be seen as a single

object (Wang et al., 2006, p.335). Nevertheless, to perform time series analyses, the only

requirement needed to is for the data to show time dependence (Shalizi, 2013; Coghlan, 2015;

Montgomery et al., 1990).

For this portion of the study, the data are reverted2 back to their original time series

(wide) dimension. Whereas the original dataset was oriented having 165 (country-variable)

rows and 36 columns (years), the dataset for the BSTS modeling is indexed along time, with

36 rows, and 105. The Country-variable pairings reduced in number, from 165 rows to 105,

after dropping 43 variables from each sub-region during imputation. Thus, the final dataset

used for the BSTS analyses is a 270-degree rotation of the original time series dataset.

Time Series Clustering: Structural Time Series: Time series clustering has become

“an important topic,” fueled by the need for statistical methods that can correctly assess

medical and astronomical series. (For example, see Scargle (2000), as cited in Wang et al.

(2006), for a more detailed discussion). Research (Bar-Joseph et al., 2002; Honda et al.,

2002; Mantegna, 1999; Oates, 1999; Osaki et al., 2000; Radhakrishnan et al., 2000; Sarker

and Uehara, 2006; Steinbach et al., 2002; Tino et al., 2000; Uehara and Shimada, 2002; Yairi

et al., 2001) in the area of time series clustering has also grown in response to the real-world

need for statistical methods that can handle time series clusters: The growth in this field

has also been fueled by the challenge to develop methods that recognize dynamic changes in

real-world time series data (Wang et al., 2006, p. 336). As an additional case in point, Tlou

et al. (2016) advance spatial-temporal clustering techniques to identify mortality “hotspots”

2The original dataset was transformed to a panel (long) orientation during the imputation stage. The
panel orientation was also used for the Random Effects estimation portion of this study.

34[variables] ∗ 15[countries] = 60[country − variablepairs], leaving, 165− 60 = 105 country-variable rows
in the final dataset used in the analyses for Models I and II.
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in the Africa Centre Demographic Surveillance Area (DSA), from 2003 to 2014, with the

goal of defining a refined intervention model that targets disease burdens in rural popula-

tions.

According to Wang et al. (2006), time series “clusters” can exhibit any of the following

telling, underlying characteristics: trend, seasonality, periodicity (including cyclicity), serial

correlation, skewness, kurtosis, chaos, nonlinearity, and self-similarity (p. 335). Wang et al.

(2006) posit that time series clusters can be fed into a “hierarchical clustering algorithm”, for

example, to obtain the relevant feature measures for the individual series under consideration

[p. 335]. The empirical results of the Wang et al. (2006) study show that the mining of time

series clusters yield meaningful results that “can be intuitively explained with knowledge of

the global characteristics of the time series” (p. 335).

There are two categories of time series clusters: i) Whole Clustering (used to group

similar, individual time series into clusters); and, ii) Subsequence Clustering (“sliding window

extractions of a single time series”, with goal of finding similarities and differences between

different time windows: See Wang et al. 2006, p. 337). Accordingly, Wang et al. (2006)

explains that, with Subsequence Clustering, levels of similarity in clustering are classified

as either “shape level” or “structure level”: The former focuses on short-length clustering,

e.g., individual heartbeats; whilst the latter assesses cluster similarity based on high level

structuring, e.g., annual meteorological data (p. 337). This study adopts the structural

level approach to clustering, by using a Bayesian State Space model, which falls under the

Bayesian Structural Time Series umbrella. The study data are aggregated annually, which

works well for the purpose of assessing structural level time series clusters.

Operationalization: Annual Cyclicity: Economic Series Cyclical patterns are longer

term patterns that occur irregularly, and may be subject to subjectivity in estimation and

structural uncertainty. For example, Gould et al. (2008) explains that economic cycles have
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no fixed length, and “ . . . use the term “cycle” to denote any pattern that repeats (with

variation) periodically . . . ”(p. 207). According to The Concise Encyclopedia of Statistics

(2008), ”time series can be decomposed [into] cyclical fluctuations, which correspond to

[periodic], but not seasonal [changes]: It is difficult to study the cyclical fluctuation of a

time series because . . . cycles usually vary in length and amplitude . . . due to the presence

of a multitude of factors . . . [which] can change from one cycle to the other. [Thus], none of

the models used to explain and predict such fluctuations have been found to be completely

satisfactory” (pp. 145-7, 536-9).

“Business cycle literature . . . obtai[n] cycles by critically exploiting the intertemporal links

in models” (Nyarko, 1991, p. 417). The concept of cyclicity, as a feature of economic series,

is solidified in the study by Canova (1996), who explains that business sector analysts “are

concerned with cyclical fluctuations in GNP and other variables, where cyclical fluctuations

are measured as deviations from the trend of the process”(p. 135). Using a Bayesian Learning

model, Nyarko (1991) sets actions based on finite dates, i.e., t = 1,2,3, . . ., to assess the

cyclical behavior of probabilistic events, based on past history (trend) of the series being

assessed (p. 417). Mills (2009) shows, mathematically, that after “[h]aving obtained the

trend component . . . the cycle is then typically estimated as the ‘residue”’ [p. 233]. (See

model components discussion in Section 6.4). Furthermore, using Bayesian Learning models,

studies Albert and Chib (1993); Chib (1998); Kim and Nelson (1999); Nyarko (1991) have

shown irregularly spaced but significant, cyclical variations in economic sseries. Further

still, Nyarko (1991) explains that one method of numerically assessing a cycle is to allow for

the assumption that an added trend component is a deterministic function of time. Then,

cyclical component the surfaces as a residual derived from the trend line, added over the

time domain of the series.

Cyclical components of a series differ from the seasonal ones in the sense that cycles usu-

ally take longer than one season to complete, and different cycles can have different lengths
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(StatSoft, 2018). For example, if variations in a time series object are directly dependent on

time, then seasonality will be present – e.g., as the earth completes one full rotation around

the sun (∼ 365 days), the earth's position in proximity to the sun affects temperature, there-

fore temperature shows yearly, seasonal patterns. (See, for example Janssens and Pilegaard,

2003; Roble et al., 1982).

In contrast, if variations in a time series depend solely on previous values of the series (i.e.,

indirect dependence on time), the series is likely cyclical – e.g., the value of stocks fluctuate

based on market confidence; stock prices jump as the number of investors increase, and

vice versa, therefore stock prices show cyclical patterns. (See, for example, Beveridge and

Nelson, 1981; Hamilton and Lin, 1996; Stock and Watson, 1999). OECD member-countries

maintain a Development Assistance Committee [DAC] list of countries eligible to receive

ODA. Every year, ODA eligibility fluctuates based on several factors, including: annual per

capita income, concessional loans issued to the public sector, private sector instruments,

peace and security expenditures, and in-donor4 refugee costs (Development Co-Operation

Directorate, 2017, p. 4).

Annual FDI flows to the Continent also fluctuate based on factors like host-country

internal stability (conflicts) and strength of macroeconomic indicators. These factors make

the study economic series candidate variables for capturing cyclicity within the structural

time domain of the study data: Thus, the economic series in this study are operationalized

based on Canova (1996)'s (1996) definition of cyclicity; and are, therefore, assumed to take

on a cyclical nature.

Operationalization: Annual Cyclicity: Infant Mortality Series “Epidemics are

complex stochastic processes at the microscopic level” (Rand and Wilson, 1991, p. 179).

4“Assistance to provide reception/protection to refugees originating from ODA-eligible countries, in the
donor country (temporary sustenance for up to 12 months) is included in ODA to reflect the financial effort
of hosting refugees and the sharing of responsibility with developing countries that host the vast majority of
the world’s refugees” (Development Co-Operation Directorate, 2017, p. 4).
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The ability to establish an annual cycle for a stochastic process is crucial to the empiri-

cal assumptions made for this study going forward, particularly as Chapter 5 details the

stochastic nature of the study data. Rand and Wilson (1991) study the dynamics of child-

hood epidemics (measles and chickenpox). To capture the deterministic, long-term behavior

of their epidemiological system, Rand and Wilson (1991) begin by establishing the simple,

stable annual cycle of the contact rate for real-world chickenpox outbreaks ranges between

χ = 0.12 and χ = 0.32 bits per year: This finding is supported in child epidemiology studies

by Olsen and Schaffer (1990) and Schaffer et al. (1990).

The infant mortality estimates used for this study were generated by the UN Inter-agency

Group for Child Mortality Estimation: These IM projections also include estimates from

several other UN organs (UNICEF, WHO, World Bank, World Population Prospects5), and

are based on available data sourced from national censuses, surveys, and/or vital registration

systems (UN IGME, 2017).

Since the variations in the infant mortality process (i.e., cause of death), and the vari-

ations in the data collection/estimation process, are mutually exclusive – and since both

processes are indirectly dependent on time – this study assumes an annual cycle for the

temporal structure of the dependent series. Thus, the study variables are operationalized

in-line with the definition of annual cyclicity presented from the literature.

By inducing temporal controls to the stochastic environment of their data, Rand and

Wilson (1991) were able to partition their non-Gaussian data cloud – which fluctuated ex-

ponentially under the influence of extrinsic factors – into periodic, completely predictable

segments, indexed annually. This study induces temporal controls (by lagging the data five

periods back): The aim is to understand behavior of data, i.e., how infant mortality responds

to capital streams over the spatial (sub-regional) and time domain of the data.

5World Population Prospects is division of the United Nations that provides official population estimates
and projections generated by the Population Division of the Department of Economic and Social Affairs of
the United Nations Secretariat (UNDESA).
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Inducing temporal controls is crucial for the study data as foreign capital takes time to

filter through the socioeconomic sphere. As such, it makes empirical sense to assess the influ-

ence of capital streams retrospectively, bearing in mind the time-period in-between the dis-

bursement of development funds and the lifecycle of the targeted development project/service

area.

I first-difference the Bayesian State Space model (as a starting point). As illustrated in

Figures A.27 through A.36, the model initial results show a good fit, in terms of the specified

Bayesian State Space model was also able to successfully correcting for both heteroskedastic-

ity and serial dependency, which emerged as structural issues within the study distribution,

as established in Sections 5.2, 5.4, and 5.6. I, then, re-run the modeling adding a sparse

AR(p) specification on the re-run.6

Introducing a Dynamic Trend and Assessing Cyclicity as Residue: The ability to

introduce a dynamic trend and cyclical component over the time domain of the study data

was an important first-step towards being able to measure the long-run infant mortality

consequences of inbounding SSA economic activity study over time. Pollock (2017) explains

that the cyclical component of a time series “ . . . is concealed beneath other motions [and]

may be extracted from a data sequence by a straightforward application of the method of

linear regression” (p. 20).

The study-specified Bayesian State Space model (adopted from Scott, 2017), imposes a

trend and dynamic linear component at the structural level of the study series. As Mills

(2009) shows, mathematically, after ‘[h]aving obtained the trend component . . . the cycle is

then typically estimated as the ‘residue”’ (p. 233). (See model components discussion in

Section 6.4). Regarding the study data, by successfully adding a trend and dynamic com-

ponent to the structural time series cluster, this study established a deterministic function of

6see Section 6.6 for a more detailed discussion.
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time, capable of capturing annual cyclicity7 as “residue” (Mills, 2009) (see Section 6.4 for

empirical representation). This modeling objective was achieved, and is illustrated in Figures

A.27 through A.36. (Specifically, see the visual representation of the: Trend and Dynamic

Components; Resultant Distribution; and, Residuals – showing 36 time-points on the time

domain, and illustrated in Figures A.27 through A.36).

Necessarily, the introduction of a trend and cyclical component to the structure of the

original data allowed me to make room for the fact that inbounding capital inputs need

time to filter through the socioeconomic space. In other words, I needed a model that

could work backwards, through time – an autoregressive function that can capture past

values of the economic series – and thereby, allow me to extract information from the data

retrospectively, to measure how ODA and FDI inputs (that have been disbursed, and had

time to reach maturity) interact with infant mortality in both economic zones.

Said differently, it makes empirical sense to assess the influence of capital streams ret-

rospectively, bearing in mind the time-period in-between the disbursement of development

funds and the lifecycle of the targeted development project/service area. Barth and Bennett

(1974) shows “. . . that the average lag product function autocovariance function contains the

same information as the original time series” (pp. 49-50). Using through spectral analyses,

Barth and Bennett (1974) explains that, “[i]f an exact estimate of the 12-month cycle alone

were desired and all other frequencies were to be excluded . . . [adjustments can be made]

to the raw autocovariances in the time domain”: Barth and Bennett's (1974) analytical as-

sessment of isolating 12-month cycles finds congruence with Wang et al.'s (2006) description

of Subsequence Clustering in time series cluster, wherein “sliding window extractions of a

single time series” are employed, with the goal of finding similarities and differences between

different time windows (p. 337).

7More details to follow on the concept of annual cyclicity in this Section. For a fuller exposition, see, for
example, Barth and Bennett (1974).
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Das and Babadi (2017) use a Bayesian State Space model to generate “. . . spectral estima-

tors that are robust to noise and are able to capture spectral dynamics at high spectrotem-

poral resolution” (p. 1). In other words, their empirical goal was to extract information from

their data (at the spectral level), and thereby “ . . . examine the underlying states pertaining

to the eigen-spectral quantities arising in multitaper analysis . . . estimated using instances

of the Expectation-Maximization algorithm . . . [and then] . . . construct . . . their respective

confidence intervals” using a Bayesian State Space representation of their data.

Barth and Bennett (1974) show mathematical proof of time series decomposition “into

components of different frequency cycles . . . isolated . . . to assess the relative importance of

cyclical movements” (p. 48). Using spectral analysis, Barth and Bennett (1974) show how

annual components can be centered around their lagged values to establish evidence of cycles

within a time series structure – “since the average lag product function or autocovariance

function contains the same information as the original time series” (pp. 49-50).

Canova (1996) uses Monte Carlo experiments to test for the presence and assess the

significance of cycles in univariate, economic time series. I use a Bayesian State Space model

on the contemporaneous representation of the study data. The first-differencing results from

this initial assessment suggested the need to lag the model five time periods back, i.e., an

AR(6) model, which is what I then specify (See Section 6.6 for a more detailed discussion).

Beyond the need to introduce a dynamic trend and cyclical component, I also chose the

Scott and Varian (2014) BSTS approach for this portion of the analyses because the bsts

R-package used is geared specifically “. . . to control for serial dependence in an explanatory

model that seeks to identify relevant predictor variables”. The results of Model I (Woolridge

test, specifically), showed the need for an alternate fit, able to correct for serial dependency,

which was evident in the final outcome of the Model I assessments.

In Section 5.3.1, I establish the presence of serial dependence within the time-series

dimension of the panel structure, as a major contributor to residual heteroskedasticity. Re-

ducing residual heteroskedasticity was expected to be an organic by-product of the modeling
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approach outlined in this Section. The specified Bayesian State Space model was also able

to successfully correct for both heteroskedasticity and serial dependence. (Specifically, see

the visual representation of the confidence intervals (grey area) around the Resultant Dis-

tribution and Residuals, illustrated in Figures A.27 through A.36).

From the first run, we can see an immediate improvement in the behavior of the resid-

uals, after trend and dynamic components are added to the model to account for annual

cyclicity within the data structure. The trend can be considered as a structural (regres-

sion) relationship between the study time series and contemporaneous time. The dynamic

component tracks the trend over time. Since Model II incorporates Bayesian analyses, the

trend and dynamic component parameters are MCMC samples from a posterior. Figures

A.27 through A.36 provide visualization of the actual distribution of each variable (left-hand

side); the contributions of variable component to the model fit, based on posterior sample

means (middle), and the fit residuals (right-hand side).

Overview of the Empirical Justification for Model II: Alkema and Ann (2011)

estimate under-five mortality, by applying a Bayesian hierarchical time series fit to their

data distribution. For the majority of countries studied by the United Nations Inter-Agency

Group for Child Mortality Estimation, county estimates of the under-five mortality rate

assume piece-wise constant rate of decline. Alkema and Ann propose an alternative approach

by using a time series model that allows mortality to vary smoothly over time. The average

rate of decline in the mortality rate from country-to-country is captured using a Bayesian

hierarchical model. The credible bounds and the smoothed trends derived for the under-five

rate offer new insights on mortality decline rates within countries.

The Alkema and Ann (2011) approach is innovative in the sense that the piece-wise

linear decline rate restriction is overcome using a hierarchy to exchange information between

countries, thereby allowing for the estimation of the rate of decline in under-five mortality,
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as a benchmark of progress towards then-Millennium Development Goal 4, which called

for a reduction “in the under-five mortality rate by two-thirds between 1990 and 2015”

(corresponding to an annual decline percentage-rate of 4.4%) (Alkema and Ann, 2011, p. 1).

Overall, I applied the modeling assumptions outlined in this Section as follows: I re-

oriented the study panel, post imputation, rotating the dataset 270 ◦ to take advantage

of the time series dimension of the TSCS distribution. Using the results form Model I

(particularly the outcome of the Wooldridge null) as a point of reference, I establish the

need for an analytical fit that can handle serial dependency within a clustered distribution.

(See Sections 5.2, 5.6.2, 5.5, 5.6.2, and 5.7). As such, I adopt the conceptualization proposed

byWang et al. (2006) that, with Subsequence Clustering, levels of similarity in clustering are

classified as either “shape level” or “structure level”.

I use the Bayesian Structural Time Series as empirical scaffolding, and select the Bayesian

State Space model, which falls under the Bayesian Structural Time Series umbrella, and

which “ . . . captures the strong [amount of] serial dependence” within the time-dependent

clusters of the study distribution (Scott, 2017, para. 33-4). Barth and Bennett (1974) show

mathematical proof of time series decomposition “into components of different frequency

cycles . . . isolated . . . to assess the relative importance of cyclical movements” (p. 48).

I introduce a trend and dynamic component at the local level of the distribution (Scott,

2017, para. 33-4), using Scott's (2017) bsts R-package for this spectral approach. Using

spectral analyses, Barth and Bennett (1974) explains that, “[i]f an exact estimate of the 12-

month cycle alone were desired and all other frequencies were to be excluded . . . [adjustments

can be made] to the raw autocovariances in the time domain”: Barth and Bennett's (1974)

analytical assessment of isolating 12-month cycles finds congruence with Wang et al. (2006)'s

description of Subsequence Clustering in time series clusters: This conceptual approach, thus,

allowed me to capture annual cyclicity – per barth1974cyclical's (1974) study – as “residue”

(Mills, 2009). (See Section 6.4).
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Using the Scott (2017) bsts R-package, I added a trend and dynamic component to the

structural time series clusters of the univariate series. (See Figures A.27 through A.36).

Based on the empirical positions of both Barth and Bennett (1974) and Mills (2009), I

isolate annual cycles as “sliding window extractions of single time series” (Wang et al., 2006,

p. 337) – as organic residuals of the dynamic regression analysis at the local level of the study-

specified Bayesian State Space model, derived from (Scott, 2017). I, thereby, established a

deterministic function of time, capable of capturing annual cyclicity8 as “residue” (Mills,

2009).

Using spectral analysis, Barth and Bennett (1974) show how annual components can

be centered around their lagged values to establish evidence of cycles within a time series

structure – “since the average lag product function or autocovariance function contains the

same information as the original time series” (p. 49-50). With the understanding that

inducing temporal controls is crucial for the study data as foreign capital takes time to

filter through the socioeconomic sphere, I first-difference the Bayesian State Space model at

contemporaneous time (as a starting point). I, then, re-run the modeling adding a sparse

AR(p) specification on the re-run. 9

As discussed in the preceding, the Bayesian Structural Time Series method – applied using

a Bayesian State Space model – serves to forecast the probability distributions of aggregate

(Hyndman and Fan, 2010) infant mortality rates in the SADC and ECOWAS regions. Based

on the discussion outlined in this section, this study builds on the empirical and theoretical

position of several studies (Bar-Joseph et al. 2002, Barth and Bennett 1974, Beveridge and

Nelson 1981, Canova 1996, Coghlan 2015, Chib 1998, Das and Babadi 2017, Gould et al.

2008, Honda et al. 2002, Nyarko 1991, Mantegna 1999, Mills 2009, Montgomery et al. 1990,

Development Co-Operation Directorate 2017, Olsen and Schaffer 1990, Pennsylvania State
8Empirical details are outlined in Section 6.4. For a fuller exposition, see, for example, Barth and Bennett

(1974).

9see Section 6.6 for a more detailed discussion.
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University 2018, Rand and Wilson 1991, Scargle 2000, Schaffer et al. 1990, Scott 2017,

Shalizi 2013, Wang et al. 2006), to achieve the overarching, study-described empirical design

objective, as stated in Chapter 1.4: A non-experimental retrospective correlational design,

involving a dynamic analysis of sub-regional socioeconomic data, which captures the interplay

between infant mortality counts and foreign capital instruments, south of the Sahara.

6.3 Model (II) Controls: Bayesian State Space Model

6.3.1 Control Functions

Control functions have been successfully used by specifying a linear system with which to

control a larger, non-linear system, thereby forcing the larger system to behave in a more

“controlled”, predictable way. In order to achieve this, a functional form must be specified

to for the non-linear system.

Further, the researcher would need to have full control of the non-linear system in order

to specify an accurate, linear functional form. In the case of this study, the infant mortality

cause-of-death universe – including communicable and non-communicable diseases – presents

a non-linear system that is outside the control of this study.

Furthermore, it is noteworthy that since this study does not make adjustments for non-

linearities in real time, a full functional form for a parameter control system need not be

specified, particularly because all the parameters for the study model are already known and

have been theoretically justified. (See Sections 3.3 and 3.4.1).

Further still, controlling for systemic non-linearities is not the modeling objective for

this study – although, predictor-variable age controls (IM and under-5) were used to assess

mortality outcomes in the presence of capital streams.

Nevertheless, at this stage of the analyses, sampling efficiently from a known, fixed dis-

tribution, is the new problem this study needs to solve. The Markov chain Monte Carlo
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(MCMC) estimation technique provided an effective solution to this problem. In other

words, to optimize sample generation, and identify non-linearities in the process, I fit the

Bayesian Fixed Intercept models using the MCMC estimation technique, which simulates

statistical expectations, using a complex system (chain) of equations.

The statistical properties inherent to MCMC sampling allows for the evaluation of com-

plex integrals (Andrieu and Robert, 2001) – i.e., functional forms, which estimate the pos-

terior distribution of a sample, based on an assigned set of priors. The MCMC sampler

uses an algorithm (either Metropolis-Hastings or Gibbs) that requires specifying a proposal

distribution, which usually belongs to a parametric family (Andrieu and Robert, 2001, p. 1).

Thus, correlation outcomes, and the exploratory ability of the Markov chain, rely heavily on

the proposal distribution chosen. By alternating between prior specifications, we can learn

from our data, with each new prior update, and thereby, optimize the parameters of the

proposal distribution, for several statistical criteria Andrieu and Robert. (For more details,

see Section 7.2).

Fundamentally, I apply MCMC sampling as a control technique in this study, because the

technique is a steady state process that ensures that an equilibrium probability distribution of

states is reached, irrespective of the initial starting state. Thus, MCMC sampling simulates a

random process (from an infinite distribution), yet makes it possible for random distributions

to be drawn, continuously allowing random draws to have the same starting spot.

Chen et al. (2016) points to the MCMC algorithm as one advantage of the Bayesian

approach because it bypasses many of the approximation restrictions imposed by the fre-

quentist method. This is because frequentist parameters are assumed fixed, but unknown

constant. So, instead of restricting the parameter distribution to its maximum likelihood (as

is the case in the frequentist scenario), the Bayesian approach allows the parameter distribu-

tion to vary randomly, with it's own probability distribution. This MCMC ‘bypass method’

thus improves parameter estimation, and overall model fit.
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6.3.2 Spike-and-slab Priors

The term ‘Spike-and-slab’ originates from the study by Mitchell and Beauchamp (1988), in

reference to a prior distribution assigned to linear regression models – said models “assum[e]

that the regression coefficients [a]re mutually independent (sic) with a two-point mixture

distribution made up of a uniform flat distribution (the slab) and a degenerate distribution

at zero (the spike)” (Mitchell and Beauchamp, 1988, cited by Ishwaran et al., 2010, p. 68).

Mathur (2017) illustrates this conceptual specification, as shown in Figure 6.1.

(a) A mixture of two
Gaussians.

Figure 6.1: Spike-and-slab distribution. (Re-created image, based on example by Mathur,
2017).

Several studies (Chipman, 1996; Clyde et al., 1996; George and McCulloch, 1993; Ish-

waran et al., 2010; Malsiner-Walli and Wagner, 2018; Mitchell and Beauchamp, 1988) have

proposed Bayesian spike and slab priors as an approach to variable selection and hypothesis

testing (Pang and Gill, 2009; Rouder et al., 2009). For the State Space model, spike-and-slab

priors are assigned (see Figure 6.1), and tuned to reflect the residual standard deviation of

each variable. This study makes the rational assumption that mortality varies smoothly

with age (Charalamous, 2002, p. 8). (For more details, see Section 2.4.2). This allows room

195



for an expectation of Gaussianity with the mortality distributions. This study also works

under the core assumption of the Grossman (1972) model, which specifies health as a stable

commodity and that a new born enters the world with an intact stock of health.

Thus, sampling from the true mortality distribution will rarely produce values of zero,

particularly if the distribution is continuous. Make this argument: works well for computing

the marginal inclusion probabilities of each covariate and for model averaging

Scott and Varian (2014) induce sparsity into their predictor problem (i.e., number of

potential predictors larger than the number of observations available to fit the model) using

a spike-and-slab10 prior distribution on their regression coefficients. This allowed for a pos-

terior distribution with positive mass at zero for sets of regression coefficients, which would

in turn set some simulated values from the posterior at zero.11

Further, given the small size of the study sample, using a prior other than the chosen

Gaussian normal would have returned negligible values on the imputed posteriors. The

spike-and-slab alternative was a good choice for the Scott and Varian (2014) study, the data

structure of which had a small-row-large-column problem. Using the wide format of the

study data meant that the data had a relatively small number of rows (36), when compared

to the number of columns (105), so the default spike-and-slab priors from the Scott and

Varian (2014) bsts R-package were used.

6.4 Model (II): Spectral level: Prior Fine-tuning Assumptions

BSTS Structural Components: Scott and Varian (2014) present the following general-

ization for a Structural Time Series:

10So named because of its shaped.

11Bayesian analyses differ from classical hypothesis testing methods in the sense that decision-making
involves determining how far the posterior density is away from zero.
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yt = µt + τt + β
T xt + εt (6.1)

µt+1 = µt + δt + η0t (6.2)

δt+1 = δt + η1t (6.3)

Where Equation 6.1, represents the local level model: µt is the trend component, and τt is

the seasonal. Equation 6.1 adds a regression component, βT xt to the basic structural dynamic

regression model. Equation 6.2 is the model for the trend component and is structurally

similar to the local level model (Equation 6.1), with the exception of an extra term, δt .

According to Scott and Varian (2014), this extra δt term is the amount of extra trend, µt ,

that we can expect to see as t approaches t + 1. This expectation is represented by Equation

6.2.

Scott and Varian (2014) explain that we can viewed the slope of the local linear trend.

Slopes are usually multiplied some x variable, but since, in this case, x = ∆t, Scott and

Varian (2014) omit x from the equation because its value is always equal to 1. The slope

term is set to “evolv[e] according to a random walk, which makes the trend an integrated

random walk with an extra drift term” [para. 7]. The disturbance terms for the dynamic,

trend, and random walk specifications are captured by εt , η0t , and η1t , respectively.

Re-iterating: The random walk parameter distribution governs the dynamic model at the

local level (as specified in Equation 6.1). The random walk parameter distribution monitors

the movement of our local level, dynamic specification (governed by Equation 6.1) as it

trends (regulated by Equation 6.2) through time (controlled by Equation 6.3). So, the drift

(with an assumed beta distribution) measures the trend (history of the data), as the dynamic

regression moves through time (within socioeconomic distribution). It is the assumption that
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the residual portion of the trend component – captured by η0t in Equation 6.2 – contains

cyclical autoregressive correlations that are correlated to the dynamic structure of Equation

6.1 (Barth and Bennett, 1974; Mills, 2009; Wang et al., 2006).

Prior specification: For the priors of the model parameters, default Gaussian priors in

bsts package were used, which assume a Gamma distribution on the model parameters.

For the standard “random walk” coefficient model outlined in Equation 6.3, this study

assumes the parameters have a beta distribution, represented as: π(p) ∼ Beta(α, ζ). For the

parameters of the dynamic model specification, I use a Spike-and-slab distribution on the

prior specifications. (For detailed representation, see Equation 6.9).

In Section 2.4.1, this study presupposed that: i) this study makes the rational assumption

that mortality varies smoothly with age (Charalamous, 2002, p. 8), and also that ii) this

study works under the core assumption of the Grossman (1972) model, which specifies health

as a stable commodity – i.e., a new born enters the world with an intact stock of health.

Both of these assumptions effective capture the expectation that mortality outcomes will be

represented by positive, real numbers; and, that mortality outcomes can be approximated

by a normal curve, as assumed by (Charalamous, 2002). Thus, although the probability

distributions for an approximate normal curve and real Gamma distribution are not identical,

they are sufficiently close.

At the onset of the analyses, for the random walk portion (as the model moves through

time), I begin with beta priors on the mean; and Gamma priors on the shape (α) and scale

(ζ) of the variance distribution (ζ) (Scott, 2018), since I expect the variance distribution of

the infant mortality posteriors to be positive, real numbers. For the distributional values

of the random walk model, I allow each coefficient to “evolv[e] independently, with its own

variance term . . . scaled by the variance of the ith column of X” (Scott, 2018, p. 7). Thus,

for the dynamic specification on the univariate series, based on the outcome values of the
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matrix generated by the random walk model (at the local level), I assign a uniform prior

to α, on a range between 0 and 1. I pick this range because (Scott, 2018) explain that the

shape parameter should be “. . . small, so that sigma[i]'s will be small and the series will be

forecastable. We also hope that ’a’ [i.e., the shape of the variance parameter] is large because

it means that the sigma[i]’s [cluster variances] will be similar to one another”(p. 7).

For the shrinkage parameter, the default prior distribution is a pair of independent

Gamma priors . . . [with] the shrinkage parameter . . . set to 10” (p. 7). So, at the local level

of the model, I also vary the variance on each series, based on the outcome values generated

by the random walk matrix. The rationale for these initial choices are based on the notion

that since “ . . . the coefficients have AR dynamics, then the model is [specified to reflect the

assumption] that each coefficient independently follows an AR(p) process, where p is given

by the lags argument [within the coding structure]” (Scott, 2018, p. 7). Thus, independent

priors are assumed for each individual coefficient's model (Scott, 2018).12 At the level of the

dynamic specification, on the AR(6) run, I use the residuals generated from this first-stage

as the mean on the spike-and-slab distribution, with a wide variance of 10,000: The choices

for the second stage of the analyses are in-keeping with the definition of a spike-and-slab

distribution. Details to follow, next, in Section 6.5.

6.5 Model (II) Specification: Bayesian State Space Model

Specifically, analyses of Bayesian state-space models with a linear trend and regression com-

ponents were conducted (Scott and Varian, 2014), fitted with normal priors (10,000 MCMC

iterations). Re-visiting the functional form, as generalized by Scott and Varian (2014):

yt = µt + τt + β
T xt + εt (6.4)

12See outcomes in Tables 6.1 and 6.2.
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Where µt is the trend component, and τt is the seasonal. Equation 6.4 adds a regression

component, βT xt to the basic structural dynamic regression model.

Since the study data does not have a seasonal component, this study adopts the functional

form shown in Equation 6.5, and empirical testing is based on this structure.

Equation 6.5 (simultaneously) models each variable in the study dataset, and its corre-

sponding first time derivative, represented as follows:

yt = µt + β
T xt + εt (6.5)

Where yt represents observation t in the time series, and βT xt is the added effect of a

contemporaneous predictor, and represents a vector of latent state variables, xt . The average

value of the variable at a given time is represented by µt . As shown above, Equation 6.5 is

the basic structure and allows for the inclusion of multiple observations, at contemporaneous

time: In this core regression model, all observations with the same time point are assumed

to share a common time series effect (Scott, 2018). Since there is uncertainty concerning the

probability distribution of the study parameters, I begin by assigning a normal distribution,

with mean zero and a large variance:

µt+1 = µt + δt + η0t (6.6)

δt+1 = δt + η1t (6.7)

µt, β
T, εt, δt, η0t, η1t ∼ N(0,105) (6.8)

The time derivative of the average value at time, t + 1 is given by δt+1. I later replace the

mean value with the value of the residual standard deviation for each variable.
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σµt , σβT , σεt , σδt , ση0t , ση1t ∼ gamma(10−5,10−5) (6.9)

Equation 6.9 shows “weakly zero” priors, assigned to allow the data to make adjustments

based on the VCV matrix of the sample distribution. In other words, I begin assessments by

assigning a weakly zero prior to the study model, thereby allowing for the model to generate

an internally determined prior distribution (i.e., the residual standard deviations for each

variable), based on the inherent structure of the data. It is standard practice to set the

location hyper-parameter13 to zero and the scale to any arbitrarily large value (Gelman,

2006), so as to let the data inform the process. Further, a weakly zero prior is advantageous

here in the sense that it is not likely to overwhelm that data, i.e., more weight is given to

the data.

The prior distributions of the study parameters are defined, in part, by their shape

and scale. Prior distributions should represent prior uncertainty about model parameters.

Since we expect our parameters to behave randomly, under the assumption of normality,

our specified Gamma distribution on the priors should produce posterior distributions that

are normally distributed. Thus, for parameters originating from a normal distribution, in

order to produce posteriors with a normal distribution, priors of the same class (conjugate)

are needed. Gamma priors are the conjugate pair for the likelihood function of a normal

distribution. The prior precision (Equation 6.9) shows the shape and scale parameters for a

Gamma-distributed prior; and, as is the expectation, it reflects prior uncertainty about the

study parameters. According to Carter and Kohn (1994), the Kalman filter, also known as

linear quadratic estimation (LQE), is fundamental to the statistical treatment of state space

models.

13Hyperparameters are simply those parameters related specifically to the prior information.
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By applying an algorithm that captures statistical noise and other idiosyncrasies within

the data structure, the filter is able to generate estimates of unknown variables via the joint

probability distribution of the variables in question, over the specified time period of each

variable. Using a Gaussian assumption, the Kalman filter generates the minimum mean

square estimator (MMSE) of the state vector, by conditioning on past information, and the

mean square error matrix (Carter and Kohn, 1994, p. 4).

In the bsts package I used to fit the models, “the Gaussian error assumptions in the

observation and transition equations are important for the model fitting process. Part of that

process involves running data through the Kalman filter, which assumes Gaussian errors in

both the state and transition equations” (Scott, 2017, para. 35). The results of the analyses

are presented, next.

6.6 Model (II): Results: Diagnostics II

The now-casting model proposed by Scott and Varian (2014) involves two components: i)

a time series component to capture general trends and seasonal components in the data; ii)

a regression component. For this study, I replace the seasonal component with an annual

component to capture annual cyclicity in the data. I specified a dynamic logistic regression

component to capture the impact of the economic series on regional infant mortality rates.

Although the logistic regression model is highly predictive, simply specifying a logistic

regression component would ignore the issue of serial dependence Scott (2017) that persisted

with the data. Scott (2017) suggest a dynamic logistic regression model with a local level

trend model to capture serial dependence (para. 35).

If heteroskedasticity is present, the conditional variance of the distributional values would

increase over time. In other words, the variability in the values of the distribution (captured

by the grey areas in Figures A.27 through A.36) would increase over time. Looking at the
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behavior of the distribution of each variable over time, we can see that the variability in the

distributional values tends to remain more-or-less constant over time.

From the first run, we can see an immediate improvement in the behavior of the residuals,

after trend and dynamic components are added to the model to account for annual cyclicity

within the data structure. The trend can be considered as a structural (regression) relation-

ship between the study time series and contemporaneous time. The dynamic component

tracks the trend over time. The blue dots represent the actual data, the banded regions

represent the marginal posterior distribution at each time point (Scott, 2017).

As stated in Chapter 1, the study design is non-experimental retrospective correlational

and involves a dynamic analysis of national and sub-regional socioeconomic data. Figures

A.27 and A.36 are snapshots showing that this study objective was achieved: They are a

salient illustration of what was achieved empirically with the study data, when using the

Bayesian Structural Time Series package for performing dynamic analyses, and correcting

for both serial dependency and heteroskedasticity – both of which were major issues with the

study data. I specified a dynamic logistic regression component to capture the impact of the

economic series on regional infant mortality rates. This supports the empirical objective for

this study – Figures 6.2 through 6.5 provide illustration of how this was achieved, using the

bsts R-Package. The complete set of Figures illustrating the realization of the mentioned

empirical goals are in Appendix A.6. Since Model II incorporates Bayesian analyses, the

trend and dynamic component parameters are MCMC samples from a posterior. Figures 6.2

through 6.5 provide visualization of the actual distribution of each variable (top, left-hand

side); the contributions of variable component to the model fit, based on posterior sample

means (bottom, left-hand side), and the fit residuals (right-hand side).
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(a) Actual Distribution.
(b) Added Trend and Dynamic

Components.

(c) Resultant Distribution. (d) Residuals.

Figure 6.2: SADC: Infant Mortality vs. ODA: Bayesian Structural Time Series Outcome.

(a) Actual Distribution. (b) Added Trend and Dynamic
Components.

(c) Resultant Distribution. (d) Residuals.

Figure 6.3: SADC: Infant Mortality vs. Primary FDI: Bayesian Structural Time Series
Outcome.
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(a) Actual Distribution.

(b) Added Trend and Dynamic
Components.

(c) Resultant Distribution. (d) Residuals.

Figure 6.4: ECOWAS: Infant Mortality vs. ODA: Bayesian Structural Time Series Outcome.

(a) Actual Distribution.

(b) Added Trend and Dynamic
Components.

(c) Resultant Distribution. (d) Residuals.

Figure 6.5: ECOWAS: Infant Mortality vs. Primary FDI: Bayesian Structural Time Series
Outcome.
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Looking at the actual distribution of each series, most show an obvious trend; with

some of the series showing moderate to strong annual cyclical patterns in the residual plots.

The residuals show no visible signs of heteroskedasticity. I use the lmtest package in R

to check for auto-correlation of the first-order (Durbin-Watson). I also check higher-order

serial correlation using the Breusch-Godfrey test. Both results showed that the null of no

serial correlation should be rejected. I run the state specification model as is, without lags

to get an initial assessment of the specification outcome. The priors are the default Spike-

and-slab specified in the algorithm, tuned using the sample standard deviation values for

each variable. Table 6.1 shows the credible intervals for the intercept (prior distribution);

ordinary state space time series model with no priors (Null),14 and the final state of the model

(Posterior).15 The quantiles shown in Table 6.1 allow for the inspection of the distribution

of each coefficient. I assess the Null model to see how the ordinary, time series State Space

specification compares to the Bayesian State Space model (specified with the default Spike-

and-slab priors in the package) I also include raw mean values to see how well the model-

proposed priors approximate the mean distribution of each variable.

I, then, assess each variable interaction at each level of its 3-state transition, before final

state is reached: i) prior distribution; ii) its ordinary state space (time series model with

no priors i.e., Null); and, iii) the final state of the model (i.e., Posterior). As Spiegelhalter

et al. (2002) show, a well-done Bayesian analysis considers the sensitivity of the results to

the choice of prior distribution, via multiple simulations. I use Spike-and-slab priors, which

were tuned according to the value of the residual standard deviation for each variable. The

outcome values resulting from the sensitivity analyses are detailed in Tables 6.1 and 6.2.
14“Null” (capitalized, noun) model is used here to reference the Ordinary Time Series model, as named

and defined by Scott (2018), and is not to be confused with references to the null (lowercase, adjective)
hypothesis.

15Henceforth, “Posterior” (uppercase, noun) model, is used to identify the Bayesian State Space model,
as named and defined by Scott (2018) – not to be confused with references made to the “posterior” (lower-
case, adjective) value, which retains its expected meaning, as it relates to the outcome value of a Bayesian
assessment.
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Table 6.1: SADC and ECOWAS: Bayesian State Space Model: Relationship between Infant
Mortality and Study IVs: Contemporaneous Time.

Series State SADC ECOWAS

2.5% 97.5% 2.5% 97.5%

Health Expenditure
Prior -23.16 -3.90 -32.89 -1.76
Null -23.16 -3.90 55.18 65.22

Posterior -2.78 2.40 4.40 4.58
Raw Mean 2.60 [-4.44 16.29] 2.18 [-3.17 9.24]

Industry
Prior -60.82 -13.15 -0.6 167.31
Null -60.82 -13.15 54.36 65.05

Posterior -5.84 2.43 5.44 5.60
Raw Mean -12.76 [1.29 8.08] 4.28 [.003 6.98]

Net FDI
Prior 61.94 63.63 -90.22 -67.93
Null -339.42 -86.29 51.89 65.05

Posterior -31.10 13.77 6.01 6.03
Raw Mean -58.48 [−1.16e4 826.55] 6.07 [5.29 6.82]

ODA
Prior 57.37 68.35 55.18 65.22
Null 4.21 4.39 4.40 4.58

Posterior -0.22 0.078 -0.15 0.18
Raw Mean 3.87 [2.50 6.05] 3.58 [-1.58 6.02]

Primary FDI
Prior 55.09 72.27 -15.70 3.73
Null 6.52 6.64 53.35 65.23

Posterior -0.014 0.086 3.39 3.63
Raw Mean 6.40 [4.68 8.40] 2.28 [1.58 5.33]

Generally, looking at the final state (posterior) values in Table 6.1, the Bayesian State

Space specification mostly outperforms the Null model, in terms of approximating the mean

values of the study IVs. However, the Null model does a better job of approximating the

values of the model-proposed prior values.

Frequentist methods express uncertainty about fixed, unknown parameters by using a

confidence interval that includes a range of values specified to include the true value of the

parameter of interest, with a minimum probability of 95%, for example. Bayesian methods

express uncertainty about a fixed, unknown parameter by assuming that the value of the

parameter originates from a probability distribution, or a belief state of the true parameter

value, that exists a priori – or prior to the consideration of any relevant evidence.
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The key to Bayesian inference-making rests on finding the probability of different values

of the parameter of interest, given the data – the resulting probability distribution from this

process is known as the “a posteriori probability” or the “posterior”. Thus, Bayesian methods

summarize parameter uncertainty by providing a range of values on the posterior probability

distribution that includes 95% of the probability distribution of the true parameter – this is

called a 95% credibility interval.

Our a priori beliefs/knowledge about the behavior of the study parameters are repre-

sented by the prior distribution, which maps (entirely, or partially) the distribution of the

true parameters. As shown in Table 6.1, the null has the closer distribution to the prior than

that of the model representing the relationship between infant mortality and ODA. Since

the residuals showed signs of serial correlation, I add a sparse AR(p) process to the state

specification and re-run the model. “A sparse16 AR(p) is an AR(p) process with a spike and

slab prior on the autoregression coefficients” (Scott and Varian, 2014).

I first-difference the model (as a starting point) and re-run the analyses, assessing the out-

come, using plots of the autocorrelation function (ACF) and partial autocorrelation function

(PACF) as graphical summaries of the strength of the relationship between the observation

of interest and itself at prior time steps.

The ACF plots show how a variable is correlated to lags (steps separating one value

from the next) of itself. For example, at lag 1, the autocorrelation of a time series, Y , will

be the coefficient of correlation between Yt and Yt−1, which is assummed to also represent

the correlation between Yt−1 and Yt−2 (Lau, 2018). The PACF is the amount of correlation

between a variable and a lag of itself that is not accounted for by correlations at all lower-

order-lags17 (Lau, 2018).

16In the AR specification, some of the autoregressive coefficients were set to (exactly) zero. See, for
example, Nardi and Rinaldo (2011).

17Higher lags are estimated with less data points and are, thus, less reliable.
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In other words, the PACF only describes the direct relationship between an observation

and its lag, and should show no correlations beyond the specified lag, k. Fitting an AR(1)

model is equivalent to first-differencing because the AR(1) coefficient estimate (which is the

height of the PACF spike at lag 1) will be approximately equal to 1; i.e., it is synonymous

to prognosticating that the first difference of Y can be reduced to a constant value (Lau,

2018). The first-differencing results suggested lagging the model five time periods back, i.e.,

an AR(6) model, which is what I then specify. The sub-regional ACFs(6) and PACFs(6) for

ODA are shown in Figure A.22, plotted using the AddAutoAr function in the bsts package.

18

(a) ECOWAS ODA
ACF(6).

(b) ECOWAS ODA
PACF(6).

(c) ECOWAS ODA Cumulative
Absolute Errors.

(d) SADC ODA ACF(6). (e) SADC ODA PACF(6). (f) SADC ODA Cumulative
Absolute Errors.

Figure 6.6: ECOWAS and SADC: Infant Mortality vs. ODA: Residual ACFs and PACFs.

The PACF(6) of the individual series all showed a large spikes at lag 1, and no other

significant spikes, which is a good sign as there should be no significant lags beyond lag 6,

as specified.

18See Appendix A.4 for residual plots of all study IVs.
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The sinusoidal degradation (slow trend) is indicative of an AR process, which I specified

(sparse AR(6) process), using a spike and slab prior on the autoregression coefficients, as

aforementioned. The PACFs do not show significant lags beyond the first time-period delay,

which is in line with expectations for an this specification. Furthest to the right is a pot

of the Cummulative Absolute Error, which sums the error-matrix generated by the models

over time. We can see that Model 2 (Bayesian specification) produced larger errors, relative

to the Null (Time Series). The graph on the bottom shows that, over time, the scaled error

values of both dynamic specifications are generally declining.

We can see a clear pattern in the ECOWAS ACF. Looking at the true pattern of residuals,

we know that when there is no serial correlation, the value at each lagged period in the ODA

series will be independent of history (i.e., each lagged value will be statistically insignificant

thus will not extend beyond the dashed lines). In the PACF plots, the placement of each

lag, beyond contemporaneous time, confirm that serial correlation is no longer an issue with

the ECOWAS ODA series. The complete set of ACFs and PACFs for each series can be seen

in Appendix A.3.

I also check the to ensure that there is no latent, discernible pattern in the residuals.

(See residual distributions in Figures A.27 through A.36). On the AR(6) run, I also specify

Spike-and-slab priors, this time using the sine of the average (absolute) value of the series

as the prior mean, with a wide variance of 10,000.19 Since the analytical objective of Model

II is to account for annual cyclicity, and since the series ACFs show sinusoidal tendencies, I

use the sine of the average (absolute) value, as one complete sine wave is indicative of how

long it takes the series to complete one cycle. Table 6.2 shows the prior, null, and posterior

estimates, as well as the respective confidence intervals for the study IVs.

19See, for example, Scott and Varian (2014) bsts package for illustration of time series regression using
dynamic linear models, fit using MCMC simulations.
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Table 6.2: SADC and ECOWAS: Bayesian State Space Model: Relationship between Infant
Mortality and Study IVs: AR(6).

Series State SADC ECOWAS

2.5% 97.5% 2.5% 97.5%

Mortality U5
Prior -3.79 22.04 0.613 39.15
Null 46.44 49.42 81.95 89.79

Posterior 48.66 51.27 87.20 94.16
Prediction SE (16.720) (48.32)

Raw Mean 77.86 [12.20 175.10] 166.86 [25.20 336.90]

Health Exp.
Prior -18.91 8.62 -79.98 9.76
Null 1.56 3.20 1.37 2.96

Posterior 1.80 3.21 1.47 2.96
Prediction SE (0.570) (0.377)

Raw Mean 2.60 [-4.44 16.29] 2.18 [-3.17 9.24]

Industry
Prior -11.99 43.98 -50.34 36.09
Null 4.33 7.22 -0.57 8.10

Posterior 4.91 7.06 1.00 7.57
Prediction SE (0.804) (0.708)

Raw Mean -12.76 [1.29 8.08] 4.28 [.003 6.98]

Net FDI
Prior -86.78 16.32 -69.01 -18.32
Null -129.64 9.05 5.41 6.45

Posterior -113.98 11.41 5.60 6.52
Prediction SE (25.81) (0.990)

Raw Mean -58.48 [−1.16e4 826.55] 6.07 [5.29 6.82]

ODA
Prior -37.20 46.01 -28.59 54.50
Null 3.29 5.17 -2.51 6.87

Posterior 3.70 5.25 -2.42 6.98
Prediction SE (0.576) (0.295)

Raw Mean 3.87 [2.50 6.05] 3.58 [-1.58 6.02]

Primary FDI
Prior -81.02 -20.70 -36.35 37.23
Null 5.62 7.35 -1.28 5.16

Posterior 5.97 7.27 -1.11 5.10
Prediction SE (1.07) (0.339)

Raw Mean 6.40 [4.68 8.40] 2.28 [1.58 5.33]

Thebsts R-package checks for convergence between each stage of the analyses, when each

new model is assessed. Most of the models converged after 1,000 iterations of the MCMC

sample. Also shown, in Table 6.2, are the posterior standard errors, as well as the minimum
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and maximum values of the raw point average for each of the study series. I expand the

analyses to include the mortality under5 series, as a robust estimator and as a reference

point for hypothesis testing. (See Section 6.6.2).

The Bayesian portion of the AR(6) specification (posterior values) shows an improvement

in the magnitude of the study posteriors and also does a better job of approximating the

values of the model-proposed prior values, in terms of producing estimates that are closer to

the time series specification (Null model). Just from this re-run, we can see how accounting

for serial dependence (i.e., first-differencing) influences/improves the outcome of the analyses.

6.6.1 Hypothesis Testing II

Re-iterating, the guiding assumption here is that there exists, somewhere in time and

space, an underlying mortality curve, that is representative of the mortality process in any

SADC/ECOWAS area, a, at a specific point in time, t.

So, if we further assume that, D, the number of observable death counts, at area a, at time

t, has a Gaussian distribution, which is influenced by the exposure to risk (capital inflows)

in area a, at time t, then we can approximate the force of mortality driving this distribution

by fitting a functional form that simultaneously captures the likelihood distribution and

accounts for risk inputs contributed over the temporal domain of the likelihood distribution.

Rouder et al. (2009) explains that invariances (elements that stay constant when others

change) in variable relationships, which corresponds to null hypothesis testing, can be exam-

ined using a Bayesian alternative to the conventional t test. Invariance assessments are also

key bench-marking tools in the sense that invariance assessments reflect selective influence,

which has well-established application for/in theory-building (Rouder et al., 2009). Signal

Detection Theory [SDT] is a classic example. SDT suggests that noise can be distinguished

from meaningful patterns within noise, based on two characteristics: i) sensitivity (d), which

is a measure that differentiates between noise and meaningful patterns; and, ii) criterion
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(C), which is a measure of bias. Thus, the posterior distribution is defined over all different

combinations of d and C values (van Ravenzwaaij et al., 2018, p. 147). In other words, in an

experimental instance, we can expect an invariance of sensitivity over manipulation (Egan,

1975; Swets, 2014, as cited in Rouder et al., 2009).

When using conventional hypothesis testing, it is not possible to state evidence for the

null – this is because in the large sample limit (as sample size increases), the t value grows

boundlessly, and the p value will converge to zero (Rouder et al., 2009). Thus, increasing

the size of the sample will usually result in evidence against the null, when the null is to be

rejected (i.e, false) (Rouder et al., 2009). Owing to this phenomena, when the null is true,

the t-value does not converge and all p values are equally likely (evenly distributed between

0 and 1), so a larger samples-size will not contribute to strengthening evidence in support

of the null, because an augmented sample size will not substantially impact the distribution

of p values. (See, for example, Meehl, 1978, as cited in Rouder et al., 2009).

Another critique of NHST is that the approach tends to overstate evidence against the

null. This is because, in the large-sample, limit, if the null is true (µ = 0), it is possible to

incorrectly reject the null with probability α, because the p value converges to zero (Rouder

et al., 2009; Sellke et al., 2001).

Rouder et al. (2009) present a Bayes’ factor alternative to the conventional t test that

gives room for stating preferences either for the null or alternative hypothesis (p.225). The

Bayes’ factor method is also logically consistent and cedes a direct, simple and intuitive

interpretation of the evidence yielded by the study data.

As a principled method of inference-making, and as scaffolding for both invariance-and

difference assessments, Rouder et al. (2009) recommend Bayes’ factor analyses. We can

compute the probability of a hypothesis by conditioning said hypothesis on observed data.

The outcome of the process is evaluated, next.
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UMBRELLA THEORETICALS: HYPOTHESES 1 and 3

6.6.2 Model (II): Hypothesis 1: ODA Predictive Power

Hypothesis 1: Considering regional mortality aggregates, ODA has no explanatory power

concerning the trend in infant mortality rates in the SADC and ECOWAS regions, ceteris

paribus.

Rouder et al. (2009) cautions that if the aim is to have models with marginal likelihoods

that are truly competitive, the prior information used should not attribute undue mass to

unreasonable parameter values. The Bayes’ factor ratio effectively captures all the evidence

provided by the data, expressing said evidence as a ratio of the marginal likelihood between

two competing hypotheses. Thus, I use the Bayes’ factor ratio in assessing both the null and

the alternate, since the Bayes’ factor ratio is the marginal likelihood of both rival hypotheses

(Good and Hardin, 2012; Rouder et al., 2009).

Based on the assumption that the study distribution is proportional to the base mortality

rate (target distribution), which has a Gaussian normal distribution, I assess Hypothesis 1,

using the Bayesian equivalent of a one-sample t test, performed using a difference-scoring

method, incorporated into the BayesFactor package in R.

For SADC, we can interpret the results in Table 6.2 based on the average $3.86 20 per

capita spending on ODA in the sub-region. For example, when an average of $3.86 in ODA is

spent per capita, infant mortality ranges between 3.70 to 5.2521 deaths per 1,000 live births,

ceteris paribus. Considering that around 120 out every 1000 infants born in the SADC sub-

region do not survive, a $3.58 increase in ODA spending will increase infant mortality rates

on a range between 3.70 to 5.25 deaths per 1,000 live births.

20This value is the per capita ODA average for the SADC region and comes from Table 5.5 on page 161.

21See SADC Posterior outcomes for ODA, Table 6.2.
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The study-based null expectation for both SADC is that ODA has no explanatory power

concerning the trend in sub-regional infant mortality rates (i.e., H0 : µ = 0). For the SADC

region, the alternate model assessment yielded a Bayes’ factor value of 26.58. The alternate

assessment returned a value of 0.038.

Based on the Jeffreys's (1998) scale (summarized in Table 6.3), the SADC Bayes’ factor

outcome has a value of 26.58, i.e., “ strong” evidence for the study alternative hypothesis.

This means that, for the SADC region, the study data provides “strong” evidence for the

posterior mean of infant mortality – which fluctuates between 3.70 and 5.25 (per 1,000 live

births) when ODA spending increases by an average of $3.87 per capita.

Table 6.3: Bayes factor (BF10) Evidence Categories for Scientific Communication of Hypo-
theticals.

Bayes factor, BF10 Interpretation

> 100 Decisive evidence for H1

30 − 100 Very Strong evidence for H1

10 − 30 Strong evidence for H1

3 − 10 Substantial evidence for H1

1 − 3 Anecdotal† evidence for H1

1 No evidence
1
3 - 1 Anecdotal evidence for H0
1
10 −

1
3 Substantial evidence for H0

1
30 −

1
10 Strong evidence for H0

1
100 −

1
30 Very Strong evidence for H0

< 1
100 Decisive evidence for H0

† Wetzels and Wagenmakers (2012) replaces Jeffreys'(1998) original label “not worth more than a bare

mention” with “anecdotal”.

In other words, when considering the influence of ODA on infant mortality, the study-

based hypothetical expectation that ODA affects infant mortality rates in the SADC region,

finds “strong” support in the study data, as opposed to the null. Said differently, the study

null for hypothesis 1 is that ODA has no explanatory power concerning the trend in infant
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mortality rates in the SADC and ECOWAS regions. However, the Bayes’ factor outcome

shows that the alternative expectation is 26.58 time more likely than the null, given the

study data.

Looking at Table 6.2, for ECOWAS, infant mortality ranges between -2.42 (decline in

mortality) to 6.98 deaths per 1,000 live births, ceteris paribus. This range is based on an

average ODA- per-capita spending of $3.5822. Thus, considering that 97 out every 1000

infants born in the ECOWAS sub-region do not survive, a $3.58 increase in ODA spending

will affect the infant mortality rate on a range between -2.42 and 6.98.

For ECOWAS, the null expectation for Hypothesis 1 is that ODA has no explanatory

power concerning the trend in sub-regional infant mortality rates (i.e., H0 : µ = 0). The

ECOWAS Bayes’ factor outcome, with a Bayes’ factor value for the alternate hypothesis

returned a value of 6.79, indicative of substantial support for the interaction between ODA

and infant mortality, given the study data. The Null model, with a Bayes’ factor value of

0.15, is indicative of anecdotal support for the null expectation that ODA has no effect on

infant mortality rates in the ECOWAS region.

6.6.3 Model (II): Hypotheses 3: FDI Overall Effect

Hypothesis 3: FDI inflows have no effect on infant mortality rates in the SADC and

ECOWAS regions, ceteris paribus.

For SADC, Table 6.2 shows that, when Net FDI decreases $58.48 23 per capita, infant

mortality fluctuates between -113.98 and 11.41 deaths per 1,000 live births, ceteris paribus.

Considering that around 120 out every 1000 infants born in the SADC sub-region do not

survive, a $58.48 decrease in Net FDI spending will cause infant mortality rates to fluctuate

within a range between -113.98 and 11.41 deaths per 1,000 live births: This fluctuation

22This is the raw mean value of per capita ODA spending for the ECOWAS sub-region.

23This value is the per capita Net FDI average for the SADC region.
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warrants additional investigation particularly because of the size of this interval fluctuation.

The null expectation for SADC is that FDI (overall) has no effect on the trend in sub-regional

infant mortality rates (i.e., H0 : µ = 0). For the SADC region, the Net FDI alternate model

assessment yielded a Bayes’ factor value of 3.85. The null assessment returned a value of

0.26. Both indicative of “anecdotal” support for Hypothesis 3, with reference to the SADC

sub-region, and given the study data. While the SADC outcome is in line with the study-

based expectation (with respect to the Bayes’ factor outcome), the Net FDI alternate model

assessment for ECOWAS shows “substantial evidence” (BF = 6.79) for the ECOWAS Net

FDI results produced in Table 6.2.

Further, the Bayes’ factor assessment for SADC Primary FDI, yielded a value of 11.46,

indicative of “strong” evidence in support of the relationship between Primary FDI and

infant mortality. Table 6.2 shows that, when Primary FDI increases $6.40 24 per capita,

infant mortality ranges between 5.97 and 7.27 deaths per 1,000 live births, ceteris paribus.

In contrast, the ECOWAS Primary FDI interval fluctuates between -1.11 and 5.10 infant

deaths, when per capita primary FDI spending is at $2.28. This finds strong evidence

with a Bayes’ factor value of 26.88, given the study data. Overall, the findings on the

interaction between Net, Primary and infant mortality present contradictions, which may

warrant further investigation, as discussed in Section 9.1.

EMPIRICAL CORRELATES: HYPOTHESES 2 and 4

6.6.4 Model II: Hypothesis 2: Correlational Significance: ODA

Hypothesis 2: ODA has a significant, positive correlation to the rise in infant mortality

rates in the SADC and ECOWAS regions, ceteris paribus.

For Hypotheses 2, I assess power of the posterior predictions an empirical MCMC ap-

proach, proposed by Kruschke (2014). For the posterior values, we can judge the power of
24This value is the per capita Primary FDI average for the SADC region.
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an observed effect if the 95% highest density interval (HDI) of the difference between those

two posterior distributions (p(B) − p(A)) is both consistently greater than 0, and if the HDI

consistently falls within a pre-specified region of practical equivalence (ROPE) around zero

(Kruschke, 2014).

Schwarz (1962) approaches the concept of power as an expression of risk. That is to say,

how much information about our posterior do we expect to lose due to error and due to

sampling. Schwarz explains that the loss function generated – to account for the expectation

that our posterior values lose information due to error and sampling – should add up to a

number between 0 and 1, for a fixed sample size.

Since one analytical goal of Bayesian analysis usually involves integrating said risk, over

the range of prior distributions, I assess each variable interaction at each level of its 3-state

transition, before final state is reached: i) prior distribution; ii) its ordinary state space (time

series model with no priors i.e., Null); and, iii) the final state of the model (Posterior). As

Spiegelhalter et al. (2002) show, a well-done Bayesian analysis considers the sensitivity of

the results to the choice of prior distribution, via multiple simulations. I use Spike-and-slab

priors, which were tuned according to the value of the residual standard deviation for each

variable. The outcome values resulting from the sensitivity analyses are detailed in Tables

6.1 and 6.2.

The multiple simulation approach adopted by this study for Model II, places the subse-

quent posterior evaluation well within the domain of power analysis, mainly because repeated

simulations and power analyses (though computed differently) share the same objective: As-

certaining how large a sample is required to have reasonable assurance (Kruschke, 2014;

Spiegelhalter et al., 2002) that the study hypothetical objectives are met.

Thus, to reflect the range of simulations incorporated into Model II, I re-state Hypothesis

2 as follows: If ODA has an ordinary state space specification (time series model with no

priors (i.e., Null)), then the expectation that ODA has as a positive correlation to the
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rise in sub-regional infant mortality rates (cet. par.) will have higher outcome values for

a Spike-and-slab distribution, on the intervals of the study-determined residual standard

deviation value for each variable. Essentially, here, I try to assess how well the time series

model absorbs loss, when compared to the Bayesian Spike-and-slab specification. Ideally,

the better performing model (i.e., with the better performing loss function) should generate

values close to the priors (which are informed by the study data).

I follow the example by Kruschke (2014) in generating the ROPE and posterior highest

density intervals (HDI) for both sub-regions. A region of practical equivalence (ROPE)

encloses a small range of parameter values deemed practically equivalent to the null value

(Kruschke, 2014, p. 336). For the posterior values, we can judge the power of an observed

effect if the 95% highest density interval (HDI) – of the difference between two posterior

distributions (p(B)− p(A)), for example – is both consistently greater than 0; and, if the HDI

consistently falls within a pre-specified ROPE around zero (Kruschke, 2014).

Looking at the distributional panel of Figure 6.7a, for example, we see a positive effect

size of 5.17 (Table 6.2) for the influence of ODA on infant mortality, in the SADC region.

We can call this the “landmark” parameter value for SADC ODA, under the specified TS

(Null) distribution. Thus, for practical purposes, values that are close to this landmark

value of 5.17 represent the ROPE around this value. I establish a ROPE around the SADC

base IMR probability density of 45.01, based on the results of the Prior specification. From

Figure 6.7a, we can see that the ROPE parameter is inside of the 95% credible interval.

I follow the example by Kruschke (2014) in generating the ROPE and posterior highest

density intervals (HDI) for both sub-regions, comparing the ODA and FDI outcomes within

the range of their respective HDIs. When the tail values are different in size, the ROPE

function returns a bi-modal distribution for the tail ends, as shown in Figure 6.7b, for

example. This simply means that the HDI is divided “into two subintervals, one for each

mode of the distribution. . . . However, the defining characteristics are the same as before:

219



The region under the curve within the 95% HDI limits, shaded in (color) in (each relevant)

figure, has a total area of 0.95, and any x within those limits has higher probability density

than any x outside those limits” (Kruschke, 2014, p. 89).

The step-wise plot, on the right-hand side of Figure 6.7a, shows how much of the posterior

distribution is inside the ROPE, as a function of the ROPE size (Kruschke, 2014). In other

words, the red piecewise-defined function (right-hand side of Figure 6.7a) shows the expected

point estimate of the posterior, as the ROPE size increases.

If the ROPE parameter value excludes the 95% HDI, it is rejected. Conversely, the

ROPE'd parameter value is accepted if the ROPE includes the 95% HDI, which is the case

for the SADC ODA Null, for example, as the ROPE'd parameter value falls within the 95%

HDI. (See Figure 6.7a). If the ROPE'd parameter value overlaps the 95% HDI, the interval

is neither rejected nor accepted.

Kruschke (2014) explains that in the rare occasion when the HDI does not include the

null value but still falls entirely within a wide ROPE interval, according to the decision rule,

we would fail to reject the null value despite it having low credibility, given the posterior

distribution (p. 337). Kruschke (2014) expands on this unique outcome, highlighting it as

the difference between the posterior distribution and the decision rule: “ The decision rule for

accepting the null value says merely that the most credible values are practically equivalent

to the null value according to the chosen ROPE, not necessarily that the null value has high

credibility” (p. 337).

If the ROPE'd interval and the 95% HDI overlap, as is the case with Figure 6.12a,

then the ROPE’d value is neither accepted nor rejected. However, the ROPE’d interval

can be accepted if it extends beyond the HDI (Figure 6.12a), i.e., if the HDI is embedded

in-between the red dashed lines. Nevertheless, as aforementioned, depending on the location

of the parameter, the null of a value that falls in the overlap can be accepted, but not with

high credibility on the interval. (For a more detailed discussion, see Kruschke (2014, pp.
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336-7)). As a case in point, for ECOWAS Primary FDI (Figure 6.12a), we accept the Null

parameter, although not with high credibility (or as imprecise) as the parameter does not

land (definitively) within the 95% HDI.

I then compare the Null and Posterior outcome values to their respective priors (see Table

6.2), within the range of their respective HDIs. I use the results from Table 6.2, since this

simulation showed little evidence of serial correlation, based on the variable PACFs. (See

Appendix A.3). The results of the HDI comparisons are illustrated in Figures 6.7 and 6.8.

(a) SADC: ODA ROPE and Posterior HDI:
Ordinary State Space, Time Series (Null).

(b) SADC: ODA ROPE and Posterior HDI:
Bayesian State Space, Spike-and-slab

(Posterior).

Figure 6.7: SADC IM and ODA: Ordinary State Space (Time Series) vs. Bayesian State
Space: Posterior Evaluation.

Looking at the SADC Null (Figure 6.7a), we see that the ROPE'd parameter values falls

well within the 95% HDI, and the ROPE'd intervals (red-dashed lines) fully encompass the

HDI. For the Posterior distribution of the SADC BSTS model parameters (Figure 6.7b), we

see a similar pattern with the ROPE'd parameter values landing within the 95% HDI, and

the ROPE'd intervals fully enveloping the HDI.

The HDI is, essentially, a distributional summary because it specifies an interval that

spans most of the distribution, say 95% of it, which means that every point inside the

interval has higher credibility than any point outside the interval (Kruschke, 2014, p. 87).

In other words, “values within the 95% HDI are more credible (i.e., have higher probability
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‘density’) than values outside the HDI, and the values inside the HDI have a total probability

of 95%” (Kruschke, 2014, p. 28).

A decision on whether to accept or reject the ROPE'd value is based on the location of

the ROPE'd value. Kruschke (2014) explains the null value is rejected if, for example, the

95% HDI falls completely outside the ROPE; on the other hand, we fail to reject the null

if the 95% HDI falls completely inside the ROPE. This decision rule makes for a stringent

method for establishing acceptance criteria as the null is considered only when the posterior

estimate is precise enough to fall within the specified ROPE (Kruschke, 2014). The decision

rule allows for the null to be rejected only when the posterior exceeds the buffer provided

by the ROPE, which protects against “hyper-inflated false alarms in sequential testing”

(Kruschke, 2014, para. 1).

Figures 6.7a and 6.7b show the most credible parameter values for the model, based on

the respective simulations used. Looking at Figure 6.7b, for example, we can see where a

parameter value of 50 falls, relative to the posterior distribution.

Since the ‘landmark’ parameters for both the SADC Null and Posterior models fall inside

the HDI, the model parameters are considered credible. The ROPE'd intervals for both the

SADC Ordinary Time Series model (Figure 6.7a) and the SADC BSTS outcome (Figure

6.7b) show high credibility as well – in terms of enveloping the HDI; however, precision is

debatable considering the width of their respective ROPE'd intervals.

Overall, for SADC, the ROPE'd intervals for the Null model (Figure 6.7a) and the Pos-

terior model 6.7b envelope the 95% HDI, thereby meeting the credibility criterion, but with

questionable precision, with regards to the width of the interval. The intervals on both

the Null and Posterior model remained wide, despite repeated simulations with alternating

ROPE radii; thus, although the ROPE'd intervals for both models are accepted, it is with

caution, with consideration to their precision. Nonetheless, the ROPE'd parameters (poste-

rior mean value) for both models falls within the 95% HDI of the empirical MCMC sample
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(n = 50,000) used in the assessment, therefore, we can accept the hypothetical expectation

(although not with high credibility on the interval) that, given the study data, in the SADC

region, ODA has a significant, positive correlation to the rise in infant mortality rates, ceteris

paribus.

To some extent, the results of the ROPE evaluation for ECOWAS mimic that of SADC,

as shown in Figures 6.8a and 6.8b. When the tail values are different in size, the ROPE

function returns a bi-modal distribution for the tail ends, as shown, for example, in Figure

6.8a.

(a) ECOWAS: ODA ROPE and Posterior HDI:
Ordinary State Space, Time Series (Null).

(b) ECOWAS: ODA ROPE and Posterior
HDI: Bayesian State Space, Spike-and-slab

(Posterior).

Figure 6.8: ECOWAS IM and ODA: Ordinary State Space (Time Series) vs. Bayesian State
Space: Posterior Evaluation.

If the ROPE'd interval and the 95% HDI overlap, then the ROPE’d value is neither

accepted nor rejected. The ROPE’d interval is only accepted if it extends beyond the HDI,

i.e., if the HDI is embedded in-between the red dashed lines. However, depending on the

location of the parameter, the null of a value that falls in the overlap can be accepted, but

not with high credibility. (For a more detailed discussion, see Kruschke (2014, pp. 336-7)).

On the overall assessment of power, both sub-regional outcomes show that, given the study

data, we can accept the ROPE'd parameters with a high degree of confidence.

However, the credible intervals for ECOWAS reflect a lower degree credibility, in terms

of the range of the overlap (and despite repeated simulations, with alternating ROPE radii).
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Thus, it may be safe to say that the outcome provides moderately convincing statistical

evidence on the nature of the interaction between ODA and infant mortality, in both sub-

regions.

The hypothetical expectation here is that ODA has a significant, positive correlation to

the rise in infant mortality rates in the SADC and ECOWAS regions. The ROPE'd intervals

for both sub-regions, (although not all-encompassing in width for ECOWAS), show us our

hypothetical sub-regional expectation does have a high interval density that is not negligible

in size. Considering the ECOWAS outcome (and, to some extent, the width of the SADC

intervals), it is possible that the ROPE radii I specified may have been too large (or perhaps,

too small, for ECOWAS); misspecified, or even, outdated, because the study data are more

precise than the ROPE (Kruschke, 2014, pp. 337).

6.6.5 Model (II): Hypotheses 4: Correlational Significance: FDI

Hypothesis 4: FDI inflows vary inversely with infant mortality rates for countries in the

SADC region, ceteris paribus.

Generally speaking, the ROPE analyses of the Ordinary Time Series and Bayesian State

Space models yielded intervals that encompassed the 95% HDI for the SADC Net FDI series,

as shown in Figures 6.9a and 6.9b.

(a) SADC: Net FDI ROPE and Posterior HDI:
Ordinary State Space, Time Series (Null).

(b) SADC: Net FDI ROPE and Posterior HDI:
Bayesian State Space, Spike-and-slab

(Posterior).

Figure 6.9: SADC IM and Net FDI: Ordinary State Space (Time Series) vs. Bayesian State
Space: Posterior Evaluation.
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The alternate finds strong support both at the parameter level and at the level of the

credible intervals, for SADC Net FDI. For ECOWAS, we see in Figures 6.10a and 6.10b

that there is more credibility for the landmark ROPE'd parameter values than for the sub-

regional credible intervals, when considering the ECOWAS Net FDI alternate hypothesis.

(a) ECOWAS: Net FDI ROPE and Posterior
HDI: Ordinary State Space, Time Series

(Null).

(b) ECOWAS: Net FDI ROPE and Posterior
HDI: Bayesian State Space, Spike-and-slab

(Posterior).

Figure 6.10: ECOWAS IM and Net FDI: Ordinary State Space (Time Series) vs. Bayesian
State Space: Posterior Evaluation.

Deviating from the high-credibility-landmark-parameter trend is the ECOWAS Primary

FDI landmark ROPE parameter value (Figure 6.10a), which does not fall within the 95%

HDI, despite repeated simulations – indicative that the ordinary state space model for the

ECOWAS primary FDI series has no power, in terms of the posterior predictive assessments

performed. On the other hand, the Bayesian State Space model (Figure 6.10b), consistently

produced landmark parameter values within the 95% HDI for the ECOWAS Net FDI series;

however, the ROPE'd interval falls short of the high credibility criterion here.

On the overall assessment of power, the SADC FDI outcomes (both Primary and Net)

show that, given the study data, we can accept the ROPE'd parameters with a high degree

of confidence. Equally, their respective ROPE'd intervals can also be accepted with a high

degree of credibility. For both the Time Series and Bayesian State Space specifications, the

SADC FDI series yielded convincing statistical evidence on the nature of the relationship

between infant mortality and FDI influx to the region.
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(a) SADC: Primary FDI ROPE and Posterior
HDI: Ordinary State Space, Time Series

(Null).

(b) SADC: Primary FDI ROPE and Posterior
HDI: Bayesian State Space, Spike-and-slab

(Posterior).

Figure 6.11: SADC IM and Primary FDI: Ordinary State Space (Time Series) vs. Bayesian
State Space: Posterior Evaluation.

(a) ECOWAS: Primary FDI ROPE and
Posterior HDI: Ordinary State Space, Time

Series (Null).

(b) ECOWAS: Primary FDI ROPE and
Posterior HDI: Bayesian State Space,

Spike-and-slab (Posterior).

Figure 6.12: ECOWAS IM and Primary FDI: Ordinary State Space (Time Series) vs.
Bayesian State Space: Posterior Evaluation.

The study-based expectation here is that FDI inflows vary inversely with infant mortality

rates for countries in the SADC region, ceteris paribus. This inverse relationship finds

strong support, but only for the SADC primary FDI analyses. The Net FDI outcome for

the SADC region shows convincing statistical evidence (but) of a positive association with

infant mortality.

For ECOWAS, although the credible intervals do not reflect the highest degree of credi-

bility (in terms of the range of the overlap, and despite repeated simulations with alternating

ROPE radii), we can see that the outcome provides moderately convincing statistical evi-

dence on the nature of the interaction between ODA and infant mortality, but only for the
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Bayesian specification. For ECOWAS Net FDI and Primary FDI series, the Time Series

specification performs poorly, both in terms of landmark parameter values and with regards

to the ROPE'd interval. Again, however, it is also possible the ROPE radius may have been

too large, misspecified, or perhaps, outdated, because the study data are more precise than

the ROPE (Kruschke, 2014, pp. 337).

6.7 Summary of Hypothesis Testing Outcomes

Table 6.4 summarizes the hypothesis testing results, based on the Randoms Effects (Model

I) and Bayesian State Space specifications (Model II) analyzed in this study.
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Table 6.4: Results Summary of Hypothesis Testing.

Random Effects Bayesian State Space

Hypothesis 1: Considering regional mortality
aggregates, ODA has no explanatory power

concerning the trend in infant mortality rates in
the SADC and ECOWAS regions, ceteris paribus.

SADC
Residuals HS† - �

Support† † Y Y
Statistical evidence Weak Strong

ECOWAS
Residuals HS -
Support Y Y

Statistical evidence Weak Substantial

Hypothesis 2: ODA has a significant, positive
correlation to the rise in infant mortality rates in
the SADC and ECOWAS regions, ceteris paribus.

SADC
Residuals HS -
Support N Y

Statistical evidence Decisive Substantial

ECOWAS
Residuals HS -
Support N Y,N

Statistical evidence Decisive Weak

Hypothesis 3: FDI inflows have no effect on
infant mortality rates in the SADC and

ECOWAS regions, ceteris paribus.

SADC
Residuals HS -
Support Y Y

Statistical evidence Negligible Strong

ECOWAS
Residuals HS HS
Support Y Y,N

Statistical evidence Strong Substantial

Hypothesis 4: FDI inflows vary inversely with
infant mortality rates for countries in the SADC

region, ceteris paribus.

SADC
Residuals HS -
Support Y Y

Statistical evidence Decisive Decisive

ECOWAS
Residuals HS -
Support N Y

Statistical evidence Strong Moderate

†
H=heteroskedasticity; S=Serial correlation
�No evidence of heteroskedasticity; significant lags in ACF minimal, no significant lags in PACF after contemporaneous time.
./(Y)es, there is statistical support, but (N)ot in the expected direction
† †Study hypothetical expectation is met.
?Strength of statistical evidence for study hypothetical expectation, in terms of resultant-estimate size and magnitude.
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CHAPTER 7

DISCUSSION: METHODS APPROACH

7.1 Study Overview

Fforde (2013) asserts that development cannot be restricted to economic fundamentalism

because there exists a range of peripheral factors that, given the appropriate weight, have

significant implications for human development. (See Chapter 1, subsection 1.2.1). Said

differently, a symbiosis exists between social and economic development processes, and said

symbiosis, can be evaluated using socioeconomic indicators. Therefore, an investigation of

market system functionality, especially within the context of development, should not be

limited to income related inputs because, when peripheral factors are assigned the appro-

priate weight, significant implications could emerge for human development outcomes. This

non-experimental retrospective correlational study design incorporated dynamic analyses1

of national and sub-regional socioeconomic data.2

Post model-testing, using study-based empirics, inferences drawn from study outcomes

will be examined against dependency and diffusionist tenets with the goal of broadening

perspectives presented by both sides of the aisle. Based on the outcome of Model II, for

both the Time Series and Bayesian State Space specifications, the SADC FDI series yielded

convincing statistical evidence on the nature of the relationship between infant mortality and

FDI influx to the region. For ODA, the statistical evidence on the hypothetical expectation

of a significant, positive correlation with infant mortality is moderately convincing.

Overall, because Model II was most efficient and effective in terms of correcting for het-

eroskedasticity and serial autocorrelation, the results have a higher level of internal validity,

1See Section 6.2

2The study data has been retrieved from the World DataBank of World Development Indicators (Bank,
2016).
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as compared with Model I. These findings broaden the discussion, put forward by dependency

and diffusionist on the nature of the relationship between capital accumulation and child de-

velopment. Rather than functionally isolating economics from the context of development,

this study re-integrates economics into the discussion on human development by focusing

on the influence that foreign capital streams have on mortality outcomes in the SADC and

ECOWAS sub-regions. Said focus is a necessary first step towards understanding how capi-

tal intervention measures (development funding mechanisms) – meant to remedy economic

inequalities and weak economic progress – affect human development measures, like infant

mortality outcomes. Based on extant literature, it is unclear whether life-expectancy-at-birth

estimates are improved, or adversely affected, by maladapted foreign capital instruments.

Accordingly, this study has presented a thematic review, guided by existing research, on

the comparative effectiveness and/or analogous deleterious effects of the influence of capi-

tal instruments on the sub-Saharan economy. From an analytical perspective, the ultimate

objective of this project centered upon improving the scientific rigor of the observable real-

ity of economic conditions in developing countries that are dependent on FDI and ODA as

substantial capital instruments within their national budgets.

As a preliminary evaluation method, and to compensate for non-normality, this study

incorporated Bayesian P-splines into the analytical process, necessarily for imputation, but

also for smoothing, and preventing overfitting. The captured posterior rate changes are

expected to offer insight into the downstream impact of foreign capital flows on human

development indicators south of the Sahara. From an idealistic, theoretical perspective, the

ultimate expectation for the findings of this study is that they proffer meaningful evidence

that informs real-world decisions for capitalists, NGOs, and policymakers with a focus on

the sub-Sahara.
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7.2 EMPIRICAL OVERVIEW

7.2.1 On Prior Specifications

Rouder et al. (2009) illustrates how the choice of priors affects the resultant Bayes’ factor.

The author shows that as the alternative moves farther from the observed data, the Bayes’

Factor will favor the null. Further, as the more (unrealistically) distant the alternative is from

the data, the more unbounded support is given to the null hypothesis over its alternative (p.

229). Essentially, unrealistic alternatives (made manifest in the choice of priors) will yield

more support for the null. Rouder et al. (2009) explains that realistic alternatives propose

a posterior probability distribution that is not too restrictive (e.g., an alternative posterior

probability dependent on a single point of origin within the distribution of the data).

Although not always recommended to set arbitrarily large priors, especially when hypothesis-

testing Rouder et al. (2009) justifies the choice for clinical populations (much-like the study

data) where the value of σµ shows great variability. In the case of this study, since the

cause of death universe for infant mortality is varied (genetic predispositions, for example),

starting with a wide distribution on σµ is reasonable because the distribution of effect sizes,

considering varying conditions, will include both plausible and highly implausible cause of

death events (Rouder et al., 2009).

Further, Rouder et al. (2009) discusses a well-known alternative to specifying a prior on

µ, which is to specify a distribution the effect size δ, which is derived as δ =
µ

σ
, where the null

would be δ = 0. This effect-size re-parameterization is advantageous because the researcher

will likely have esoteric knowledge of the range of effect-sizes that can be broadly applied

to variable sets, populations, etc.. For example, given a range of effect-sizes, a researcher

can assign weights, not arbitrarily, but rather based on the magnitude of the effect-size in

question. This allows for escaping the pitfall of placing too much weight on unreasonable

effect-size values (Rouder et al., 2009). For example, if the researcher is working within
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a range of effect-sizes between 0.03 and 0.98, it would be insensible to place a prior on

an effect-size of 10, for example. Thus, by restricting the prior distribution to the range

of plausible effect sizes, we limit the possibility of erroneously placing too much weight on

highly implausible effect sizes, like 10, for example. As such, because the effect-size restriction

would allow for the assumption that smaller effects occur with greater frequency than larger

ones, the alternative is given only a small amount of information, and the mass of σdelta is

more constrained, over a narrower, more specific distribution of prior values (Rouder et al.,

2009, p. 230).

One such prior specification is the Cauchy distribution, which is a special case of the

Student's t-distribution, with one degree of freedom (Jones, 2002). The tails of the Cauchy

distribution are “so heavy that neither its mean nor its variance exist” (Rouder et al., 2009,

p. 231).

7.2.2 On Controlling for Model Parameter Variation

Concerning cause of death universe, this study dataset does not contain information about

modifiable IMR. The initial goal of this study was to use statistics about modifiable infant

deaths, and convert, said stats to a set of weighted proportions in prior space).

Control functions have been successfully used by specifying a linear system with which

to control a larger, non-linear system, thereby forcing the larger system to behave in a more

“controlled”, predictable way. In order to achieve this, a functional form must be specified

to for the non-linear system. Further, the researcher would need to have full control of

the non-linear system in order to specify an accurate, linear functional form. In the case

of this study, the infant mortality cause-of-death universe – including communicable and

non-communicable diseases – presents a non-linear system that is outside the control of this

study. Furthermore, it is noteworthy that since this study does not make adjustments for

non-linearities in real time, a full functional form for a parameter control system need not be
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specified, particularly because all the parameters for the study model are already known and

have been theortically justified. (See Sections 3.3 and 3.4.1). Further still, controlling for

systemic non-linearities is not the modeling objective for this study – although, predictor-

variable age controls (IM and under-5) were used to assess mortality outcomes in the presence

of capital streams.

Nevertheless, since sampling efficiently from a known, fixed distribution became the emer-

gent problem this study needed to solve, I employed the Markov chain Monte Carlo (MCMC)

estimation technique, which provided an effective solution to this problem. In other words,

to optimize sample generation, and identify non-linearities in the process, Bayesian models

(II and III) were specified, using the MCMC estimation technique, which controlled the sim-

ulation space (and statistical expectations, in terms of prior distributions), using a complex

system (chain) of equations.

The statistical properties inherent to MCMC sampling allows for the evaluation of com-

plex integrals (Andrieu and Robert, 2001) – i.e., functional forms, which estimate the pos-

terior distribution of a sample, based on an assigned set of priors. The MCMC sampler

uses an algorithm (either Metropolis-Hastings or Gibbs) that requires specifying a proposal

distribution, which usually belongs to a parametric family (Andrieu and Robert, 2001, p.

1). Thus, correlation outcomes, and the exploratory ability of the Markov chain, rely heav-

ily on the proposal distribution chosen. By alternating between prior specifications, across

Simulations (Model II), learning from the study data, with each new prior update, allowed

for optimization of the parameters of the proposal distribution, for several statistical criteria

(Andrieu and Robert, 2001). (For more details, see Section 6.4).

Fundamentally, I apply MCMC sampling as a control technique in this study, because the

technique is a steady state process that ensures that an equilibrium probability distribution

of states is reached, irrespective of the initial starting state. Thus, MCMC sampling simu-

lates a random process (from an infinite distribution), yet makes it possible for a random
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distribution to be drawn, continuously allowing random draws to have the same starting

spot. Chen et al. (2016) points to the MCMC algorithm as one advantage of the Bayesian

approach because it bypasses many of the approximation restrictions imposed by the fre-

quentist method. This is because frequentist parameters are assumed fixed, but unknown

constant. So, instead of restricting the parameter distribution to its maximum likelihood (as

is the case in the frequentist scenario), the Bayesian approach allows the parameter distribu-

tion to vary randomly, with it's own probability distribution. This MCMC ‘bypass method’

thus improves parameter estimation, and overall model fit.

The initial study objective was to have a simultaneous projection of data about the

socioeconomic environment of the origin of the data, pulled from the superior distribution of

countries in the region. This objective was met in specifying a single beta for each country

– a superior beta distribution – specified to pools information from both sub-regions.

7.2.3 On Normalization

The seven series in the study dataset can be roughly broken into two groups: national

economic series and national demographic data. Of the four economic series, two of them

(health expenditures and GDP) are expressed on a per capita basis, while the other two (net

direct foreign investment and educational expenditures) are expressed in raw USD units.

During the preliminary imputation phase, log normalization and outlier removal proce-

dures performed prior to imputation negatively affected the initial imputation rounds. After

several unsuccessful imputation runs, the scaling of the economic series (ODA, net FDI,

primary FDI, and industry)3

3As stated in the source book provided with the study data, the public health expenditure series are
an aggregation “of recurrent and capital spending from government (central and local) budgets, external
borrowings and grants (including donations from international agencies and nongovernmental organizations),
and social (or compulsory) health insurance funds” (as stated in World Bank (2014) dataset code book.
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The health expenditure series were not standardized as they were reported as a percent-

age of government expenditure on public health. were converted to a per capita basis because

the values in each of the mentioned variables are several orders of magnitude larger than the

rest of the variables in the dataset. Since log normalization and outlier removal procedures

were unsuccessful, the economic series were standardized on a per capita basis, using 2001

population data (near the mid-point of the data set). Standardization (without log normal-

ization) of the study economic series proved to be a crucial step, in terms of improving the

results of both the imputations, and subsequent mortality analyses.

After conversion to a per capita basis, the ranges for the economic series appeared much

closer to one another, which improved the results of the both the imputation and Bayesian

time series models.

The mid-point of the study temporal domain is taken as 1997, thus the economic series

were adjusted to 1997 reflect per capita information. The methods under-girding the myriad

normalization theories in existence usually means that, different normalization techniques

can produce conflicting results for the same dataset (Välikangas et al., 2016, cited by Li

et al., 2017). Consequently, the suitability of a selected normalization method will depend

largely upon the varied nature of the dataset being analyzed datasets (Chawade et al., 2014,

cited by Li et al., 2017).

Li et al. (2017) developed NOREVA as a method of correcting signal drift and remov-

ing batch effects from time-dependent mass spectrometry (MS)-based metabolomic4. data.

Procedural normalization techniques, nascent from multiple perspectives of empirical theory,

can present an internal consistency challenge, unearthed by sample-to-sample variations of

a unique dataset Li et al. (2017).

4Metabolomics focuses on “understanding biological and disease processes” via “systematic profiling of
metabolites” (intermediate products of chemical reactions) found in organisms or biological samples (Li
et al., 2017). “Mass spectrometry, in combination with chromatography and nuclear magnetic resonance,
are two [main methods of analyzing] metabolic species in complex biological mixtures” Gowda and Djukovic
(2014, p. 3)
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However, Liew et al. (2010) report that negative values were removed prior to log-

transformation, meaning that less data was used during imputation, which ultimately af-

fects imputation performance, and subsequently, alter RMSE values. Polynomial trans-

formations (P-splines) are robust solutions for normalizing non-normal, continuous data.

Log-transformed data responds more favorably to imputation algorithms that incorporate

a normality assumption into the data environment (Liew et al., 2010). Hence, according

to Liew et al. (2010), it is possible that the overall efficacy of imputation algorithms, and

their performance ranking could be affected by the need to pre-process data. Since spline

functions are, by definition, smoothing functions5, they do not operate under a restrictive

normality assumption.

To comprehensively and comparatively assess MS-based metabolomics data normaliza-

tion performance, Li et al. (2017) applied 24 well-tested normalization procedures to their

dataset, including log transformation, mean normalization, EigenMS, pooled estimate of

variance (PEV), and cubic splines. Four benchmark accuracy criteria were used to gauge

each of the 24 methods: i) pooled median absolute deviation (PMAD), ii) distribution of

P-value, iii) consistency, and iv) area under the curve (AUC) (Li et al., 2017). Of the bench-

mark performance levels provided (excellent, good, and fair) assigned to the 24 methods

tested, cubic splines were one of the three6 normalization techniques that produced excellent

benchmark results.

Liew et al. (2010) provide an in-depth review of extant imputation algorithms, with a

focus on their underlying missing value techniques, particularly, how imputation algorithms

use information gleaned from the data during imputation. On the issue of neglecting normal-

ization procedures prior to imputation, Liew et al. (2010) present a counterargument to the

5See Section 4.6.1

6(Variance stabilizing normalization (VSN) and quantile were the other two normalization techniques,
which Li et al. (2017) list as producing excellent normalization results.
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study by Li et al. (2017). Liew et al. (2010) log-transformed their data matrix before miss-

ing value imputation was performed, and provide imputation RMSE of the log-transformed

data, which they name as the log-transformed RMSE (LRMSE). The authors contend that

“log-transformation improves the normality of data distribution and is scale-invariance [sic]

to power law distribution, (thus) could allow better comparison of imputation accuracy

across different data sets” [p. 506]. Overall, the study imputation findings support the

assessments made by Liew et al. (2010), in that log transforming the study data improved

the normality distribution of the data, outlined in Section 5.3.1. However, this was only

the case post-standardization, and not prior. Prior to standardizations, the log transformed

data generated poor imputation results, likely because imputation algorithms cannot handle

large numbers (the economic series were in the billions, aggregated annually, prior to per

capita standardizations).

In this study, during the diagnostics and data assessment phase, the log transformed data

were erroneously expected to produce better imputation results, in line with the theoretical

assertions of the Liew et al. (2010) study. However, this contradiction with the Liew et al.

(2010) study only held before the economic variables were standardized per capita. Post

per capita standardizations, the frequentist log-transformation procedure performed better,

producing lower RMSE values for the P-spline 2 imputation procedure.

According to the expectations of the Li et al. (2017) study, the P-spline algorithm did a

significantly better job of normalizing the study data (during imputation), when compared

to the frequentist log transformation technique (applied before imputation). All in all, the

best approach for the data, based on the series of tests performed, was to standardize the

series, log the data (using a frequentist model), then impute the missing values, using a

Penalized Spline with a penalty of 2. This order produced the lowest RMSE values for the

study data.
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7.2.4 On Standardization

The economic variables were scaled to reflect per capita spending in USD, to establish

measurement series in the economic variables, and to allow for easier interpretation of the

results. The economic series were standardized manually in Excel, using 2001 population

data 7, to reflect per capita economic contributions. The primary FDI variable was removed,

post standardizations because there was no available data for this variable, either in the

World Bank database, or in the SADC data portal8. The variable stock of government debt

at end of year was retrieved from the SADC portal.

After the preliminary diagnostics and data assessment phase, the early conclusion made

about the imputation results supported the findings of the Li et al. (2017) study, which

is that the P-spline algorithm did a significantly better job of normalizing the study data

during imputation, in contrast to the poor results produced when the data was logged prior

to imputation. At this stage of the analyses, the log transformed data were erroneously

expected to produce better imputation results, as postulated by Liew et al. (2010).

The results of procedural pre-processing distinguish p-splines as the better performing

method of normalization, as compared to the log-transformation procedure. The counter-

intuitive conclusion this study draws from comparing the imputation output of data logged

prior to imputation vs. the output from data that was not logged before imputation is

that normalizing data prior to imputation produces less than ideals results, as illustrated in

Figure 7.1.

7Compiled from (verbatim source description): (1) United Nations Population Division. World Popula-
tion Prospects: 2017 Revision, (2) Census reports and other statistical publications from national statistical
offices, (3) Eurostat: Demographic Statistics, (4) United Nations Statistical Division. Population and Vital
Statistics Report (various years), (5) U.S. Census Bureau: International Database, and (6) Secretariat of
the Pacific Community: Statistics and Demography Programme (World Bank, 2014).

8The SADC data portal is a database curated by the African Development Bank Group. The portal
sources World Development Indicators for the SADC region, but is a source for global data. (Southern
African Development Community, 2015)
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Running imputations on the log-transformed series returned incomplete output for miss-

ing variables, implying that the log transformed variables could not be properly processed.

Theoretically, it is plausible that log transformations removed “noise” from the internal

structure of the data, which may have offered less variation within the VCV matrix of the

original dataset, thus offering less variation for the imputation process. As shown in Figure

7.1, prior to per capita standardization the economic variables, the P-spline imputation

process eliminated the need for pre-processing diagnostics, since normalizing is factored into

the imputation procedure.

(a) Guinea Bissau: Log Net
FDI.

(b) Guinea Bissau: Net FDI.

South Africa: Log ODA. South Africa: ODA.

Figure 7.1: Effects of Log-Transformations on P-spline Imputations.
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However, this presented a double-edged sword in the sense that, although the p-spline

procedure normalized the data (much better than the frequentist approach) during imputa-

tion, the P-spline procedure does not handle large number very well. Taking the log of a

large number should shrink it substantially, so intuitively, the log transformed dataset should

have produced better imputation outcomes on the imputed variables.

After standardizing the economic series, two data sets were created for each sub-region: i)

standardized, logged and, ii) standardized, untransformed. In other words, two data sets were

generated for both the SADC and ECOWAS sub-regions (four total): One pair of datasets

were log normalized, the other pair did not receive any normalization treatment. To assess

the post-standardization performance of the P-spline 2 algorithm, I began with a visual

comparison of the standardized, logged datasets versus the standardized, untransformed

datasets.

The goal of the visual assessments in Figure 7.2 centers on checking whether the claims

made by Liew et al. (2010) would be upheld, after the economic series had been reduced

by per capita averaging. This post-standardization assessment was also carried out because

imputation procedures do not perform well with large numbers, as evidenced with the results

shown in Figure 7.1, so I deemed it necessary to re-check the initial imputation findings.

Post-standardization, the P-spline 2 approach was used to impute the missing data, as

this imputation approach proved most successful. Contrary to the first set of results (shown

in Figure 7.1) post-standardizations, from a visual standpoint, the imputation output of the

logged versus raw data became more-or-less indistinguishable.

This confirms that the imputation algorithm can process raw data and produce results

that match (more-or-less) output from data that has been log transformed before imputation.

Nonetheless, upon closer inspection, differences can be seen along the y-axes, when making

cross-comparisons between the same variable – Figure 7.2 illustrates this, as an example.
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(a) Tanzania: Standardized
and Log Transformed:

Primary FDI.

(b) Tanzania: Standardized:
Health Expenditure.

Figure 7.2: Effects of per Capita Standardizations on P-spline 2 Imputation Outcome.

To determine the best imputation results, I follow literary convention (Ouyang et al.,

2004; Jörnsten et al., 2005; Schmitt et al., 2015; Qin et al., 2007; Qu et al., 2009) by using

the imputation RMSE values to make the determination. To ascertain overall performance

effectiveness, I use RMSE values, as discussed in Section 4.6.2. The final imputation results

support the theoretical position of the Liew et al. (2010) study, which is that data logged

before imputation produces better imputation results.

Initially – when the diagnostic- and data-assessment phase first began – I erroneously

expected the log transformed data to produce better imputation results; in line with the

theoretical assertions of the Liew et al. (2010) study. However, this was not the early

conclusion concerning the initial imputation results. The outcome showed the untransformed

imputation results outperforming the log transformed data. Nevertheless, this contradiction

with the Liew et al. (2010) study only held before the economic variables were standardized

per capita. Post per capita standardizations, the frequentist log-transformation procedure

performed better, producing lower RMSE values for the P-spline 2 imputation procedure.

According to the expectations of the Li et al. (2017) study, the P-spline algorithm did a

significantly better job of normalizing the study data (during imputation), when compared
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to the frequentist log transformation technique (applied before imputation). All in all, the

best approach for the data, based on the series of tests performed, was to standardize the

series, log the data (using a frequentist model), then impute the missing values, using a

Penalized Spline with a penalty of 2. This order produced the lowest RMSE values for the

study data.

7.2.5 On Imputation Effectiveness

Frequentist imputation procedures generally lead to overly precise estimates because, once

question mark values have been imputed, and analyses are run, the results of the analytical

procedure will not reflect the fact that some of the data points have been imputed, essentially

treating all of the data points as though they were known, actual observations. As a result,

any uncertainty that is generated from having missing data goes unaccounted for, which may

lead to anti-conservative estimates, i.e., smaller standard errors and/or small p-values.

Although small p-values are often desirable, anti-conservative p-value estimates could

lead to incorrect inferences because any inference made from these estimates will be based on

the assumption that the estimates were generated from a larger dataset than reality would

support. And so, in essence, and ideally, the more desirable imputation approach is one

that accounts for the expected amount of variability inherent to the organic structure of the

data, without inflating our p-values estimates, and without underestimating standard errors.

Multiple imputation is one approach that best dances between both worlds (p-value-and

standard error-estimation) without overstepping base analytical boundaries of expectation

concerning accuracy and precision of imputation estimates.

There are practical problems that limit the effectiveness of imputation procedures. For

this particular study, the following issues emerged with the dataset: High missingness count

for several of the series (four variables dropped at pre-lim stage for 80% or higher missingness

rate); high correlation between variables (infant mortality and mortality under5; primary
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FDI and Net FDI) in a proposed imputation model; small sample size, in relation to the

number of variables under consideration (overall imputation process could have benefitted

from more data). Necessarily, the main point to keep central, concerning any imputation

procedure, is whether the sample data can accurately represent the population it originated

from. If not, then even if the imputed estimated and CIs are good approximations, they still

may be far from true population values.

Nevertheless, as aforementioned in Section 7.2.3 to comprehensively and comparatively

assess MS-based metabolomics data normalization performance, Li et al. (2017) applied 24

well-tested normalization procedures to their dataset, including log transformation, mean

normalization, EigenMS, pooled estimate of variance (PEV), and cubic splines. Four bench-

mark accuracy criteria were used to gauge each of the 24 methods: i) pooled median absolute

deviation (PMAD), ii) distribution of P-value, iii) consistency, and iv) area under the curve

(AUC). Of the benchmark performance levels provided (excellent, good, and fair) assigned

to the 24 methods tested, cubic splines were one of the three9 normalization techniques that

produced excellent benchmark results.

Liew et al. (2010) provide an in-depth review of extant imputation algorithms, with a

focus on their underlying missing value techniques, particularly, how imputation algorithms

use information gleaned from the data during imputation. On the issue of neglecting nor-

malization procedures prior to imputation, Liew et al. (2010) present a counterargument to

the study by Li et al. (2017).

Liew et al. (2010) log-transformed their data matrix before missing value imputation was

performed, and provide imputation RMSE of the log-transformed data, which they name

as the log-transformed RMSE (LRMSE). The authors contend that “log-transformation im-

proves the normality of data distribution and is scale-invariance [sic] to power law distribu-

9(Variance stabilizing normalization (VSN) and quantile were the other two normalization techniques,
which Li et al. (2017) list as producing excellent normalization results.
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tion, (thus) could allow better comparison of imputation accuracy across different data sets”

(p. 506).

Overall, the study imputation findings support the assessments made by Liew et al.

(2010), in that log transforming the study data improved the normality distribution of the

data, outlined in Section 5.3.1. however, this was only the case post standardization, and

not prior. Prior to standardizations, the log transformed data generated poor imputation

results, likely because imputation algorithms cannot handle large numbers (the economic

series were in the billions, aggregated annually, prior to per capita standardizations).

7.3 Scope and Delimitations

The initial modeling objective of this study was to apply the Bayesian Lee-Carter approach

towards answering the research questions. The Lee-Carter model builds upon regularities

inherent to the characteristic structure of age patterns in mortality curves. These character-

istic age patterns can be used to construct a model that incorporates principal components

drawn from a set of reference mortality curves. Doing so would require at least 4 age-groups

within the age variable.

A common data source for studies that have employed the Lee-Carter model is the Human

Mortality Database. However, the study dataset was constrained to only two age groups:

This age-related discrepancy related to the requisite structure for applying the Lee-Carter

model, in light of the structure of the input data used in this study, consequently rendered

the approach incompatible for the study data, in terms of implementation. Nevertheless, the

research questions were addressed by employing linearized models that allow for the interpre-

tation of posterior estimates, upon which inferences related to the study-based hypothetical

expectations can be made.
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CHAPTER 8

DISCUSSION: A POLICY PERSPECTIVE

8.1 Revisiting the Concept of Economic Growth in the Context of Human

Development

In Chapter 2, this study examined neo-Marxist dependency and neo-Classical diffusionist

tenets in the context of sub-Saharan economics. The dependency perspective is that foreign

investment dependence promotes Third World underdevelopment. Conversely, the diffu-

sionist perspective is that, for the developing economy, foreign investment promotes rapid

economic development.

Economic development hinges on the neo-classical worldview that draws a parallel be-

tween economic growth and a gradual development process that ought to be marginalist

(to inoculate against shocks to the economic system); non-disruptive; equilibrating (versus

inducing inequality); and, largely painless (Nugent and Yotopoulos, 1979, p. 542; Hettne,

1983).

Within the confines of the capitalist model of economic growth, when considering nor-

mative conceptions of desirable outcomes, consensus exits anent the idea that increases in

capital input, along with skill upgrades, ought to lead to economic expansion, rising real in-

comes, and ultimately, the strengthening on human development indicators (Frey and Field,

2000; Hersh, 2006; Hicks and Streeten, 1979; Kristjansdottir, 2007; Moyo, 2009; Preston,

2010; Sen, 1981; Shandra et al., 2004; Wimberley, 1990). Consensus is yet to be reached

simply because the fundamental economic ideal that economic growth moves in tandem with

economic development is not always realized, particularly within the African context.

Social processes exist on the periphery of economic activities and mirror the impact

of economic activities on development. “Socioeconomics evaluates how economic activity

affects social processes . . . it analyzes how societies progress, stagnate, or regress because of
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their local or regional economy, or the global economy” (Eatwell et al., 1987, p. xii). In

other words, a symbiosis exists between social and economic development processes; and,

social processes reflect the outcomes of development-related economic activities.

Therefore, an investigation of market system functionality, especially within the context

of development, should not be limited to income related inputs. Expanding the discussion

beyond economic development (along with the capital accumulation and debt financing activ-

ities associated with economic development) is a necessary first step towards understanding

how capital intervention measures, meant to remedy economic inequalities, affect human

development measures, like health and healthcare outcomes.

Thus, rather than functionally isolating economics from the context of development, this

study reintegrated economics into the discussion on human development, as a necessary

first step towards understanding how capital intervention measures (development funding

mechanisms) – meant to remedy economic inequalities and weak economic progress – affect

human development measures, like health and healthcare outcomes. For this study, central

to the topic of development funding – in the context of public funding mechanisms, and

vis-à-vis weak economic progress – continues to be the issue of preventable infant mortality

[PIM].

8.1.1 Revisiting Human Development in the Context of Public Funding Mech-

anisms

The most sensitive human development indicator is the infant mortality rate. To assess the

impact of socioeconomic variables on population trends, and effectively evaluate the enduring

impacts of public policy initiatives, researchers and policy makers rely on infant mortality

data (Fosdick Hoff, 2012). Sub-optimal socioeconomic influences contributing to infant

mortality counts in the sub-Saharan are, oftentimes, preventable (Mokaya, 2010; Ruiz, et

al., 2015). Worldwide, in 2004, stillbirths accounted for over half of the 5.9 million perinatal
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deaths recorded, almost all of which occurred in developing countries, 30% of which were

in the least developed countries (World Health Organization [WHO], 2006). Many of these

recorded unnecessary infancy-related deaths are traceable to inadequate health and neonatal

care.

The first day of life for a newborn is the most dangerous, and the first month is equally

critical; thus, for a neonate, the first four weeks of life are crucial to survival (Lawn, Cousens,

Zupan, 2005). During the neonatal period, approximately 4 million babies die per year (Lawn

et al., 2005); 3.2 million are stillborn; whilst an estimated 3.6 million die within the first

month (Vergnano, 2012). On a global scale, nearly 1.2 million intrapartum stillbirths are

recorded, and around 1.4 million antepartum stillbirths account for more than half of all

stillbirths reported (Lawn Kinney, 2011).

Low-and-middle income countries, unable to shoulder the burden of health care costs,

pay the price, on an annual basis, in intrapartum and antepartum deaths by the numbers.

In 2010, a worldwide count revealed that 7.6 million children under the age of five died from

varying causes, and estimates suggest that most of these deaths could have been averted

through proven, low-cost interventions (Chopra et al., 2012).

Of particular importance to this policy study, has been the interplay between infant mor-

tality and two specific types of foreign capital instruments: i) official development assistance

(ODA) and ii) foreign direct investment (FDI). Both capital sources have come under con-

tinued scrutiny in recent years because scholars (Frey and Field (2000), Moyo (2009), Sachs

(2005), Sell and Kunitz (1986), Shandra et al. (2004)) have been unable to reach consensus

on the development-related performance of ODA and FDI, citing the relative ineffectiveness

of both instruments on development correlates in Africa.

Thus, the principal goal of this study centered on reviewing and assessing the effectiveness

of current policy concerning ODA and FDI as public-sector funding mechanisms in the sub-

Sahara. To meet said objective, this study has presented a development-centered thematic

247



review of the long-term consequences of foreign debt financing on modifiable infant mortality

rates, in high mortality settings, within the geographical confines of the SADC and ECOWAS

zones. The ultimate goal for this thematic review is to propose alternate, generalizable policy

approaches to the current public-sector funding scheme in place in the sub-Sahara. Said goal

is cemented in Chapter 2, which offers contextual clarity concerning the sources of inbounding

SSA foreign capital.

8.2 Revisiting the Study-defined Problem Statement

No nation, in the history of civilization, has become an economic giant based on recurrent

donations from wealthy counterparts (Moyo, 2009; Mwenda, 2007). Since the 1940s, an

excess of US$1 trillion in official development assistance has poured through the borders

of the sub-Sahara, yet, despite the extent of capital influx to the Continent, many nations

in the region remain severely underdeveloped, and continue to underperform economically

(Ferguson, 2014; Moyo, 2009).

Comparing the world's developing regions, since the 1980s, the sub-Saharan region has

seen the highest amounts of inbounding aid—in absolute terms and as a proportion of GDP

(Serieux, 2011). Yet, despite the high level of inbounding aid to the region, dismal regional

savings and investments rates, down since the 1980s, implies that inbounding aid has mostly

been consumed. However, some empirical studies suggest the contrary, i.e., that SSA aid-

consumption is empirically lower than the overall developing country average (Doucouliagos

and Paldam, 2009).

Serieux (2011) proposes a testable hypothesis that even though aid is a strong contributor

to investment, the base investment rate (prior to the receipt of any aid) is not only subject

to factors that are not aid-related, but has been so consistently low that aid contributions

do little to move the overall investment rate. Nevertheless, this would still not account for

the fact that between 1960 and 1970, SSA investment ratios were at their peak and aid
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contributions were a fraction of what they have been since (Mkandawire and Soludo, 1999,

Serieux, 2011, p. 1080-1).

Past empirical evidence shows that the regional consumption of aid is lower than the

global average (possibly because of debt servicing, capital flight, and reverse accumulation).

While some aid has been consumed, aid-consumption does not altogether explain the failure

of aid to impact regional economic development on a much larger scale than its current

performance (Bradshaw and Huang, 1991; Elbadawi and Uwujaren, 1992; Mkandawire and

Soludo, 1999; Moyo, 2009; Mwenda, 2007). Serieux's (2011) empirically-based conclusion is

that a substantial amount of aid is neither consumed or invested.

Across a myriad of critical indicators, Moyo (2009) explains that, although Africa has

experienced an average 5% per annum growth rate in recent years, the Continent has shown a

negative decoupling from global progress, falling 7% (2007 estimate) short of the mark needed

to show substantial inroads on poverty reduction measures. The disproportion between

foreign debt investment data and economic growth figures in SSA continues to provoke

inquiry about the utility of debt financing, especially with the trending rise of foreign direct

investment and what it could portend in terms of remedying the socioeconomic short-comings

of ODA in the region.

Juxtaposed to the substantial amount of ODA and FDI capital influx into the sub-Sahara

has been the reality of persistent SSA income inequality. The Gini Coefficient for the sub-

Sahara is as telling as it is troubling. Artadi and Sala-i-Martin (2003) detail several aspects of

SSA inequality, explaining that the Gini Coefficient climbed upward from 0.58 in the 1970s,

to 0.68 in 2000—indicative of a fast-paced, upward trend in income inequality. Further, the

authors explain that in 1972, 48% of sub-Saharan Africans lived in poverty, and this number

had climbed to 60% by 1995. In contrast to the climbing rate of poverty in Africa, around

the globe, poverty ratios fell from 37% (1970) to 16% (2000) (Artadi and Sala-i-Martin,

2003).
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Dependency scholars posit that, in the global capitalist market system, foreign invest-

ment dependence contributes to Third World underdevelopment because the relationship

between core (developed) and non-core (underdeveloped) countries has been marked by un-

equal divisions of labor and unbalanced trade agreements. This means that, in the capital

market, for a Third World country working to keep pace with the global rate of industri-

alization, foreign debt financing is, oftentimes, the default solution to liquidity constraints.

For an underdeveloped country already grappling with unstable internal financial structures,

the addition of foreign debt financing to the national budget is a supplemental financial bur-

den that tends to beget poverty-inducing economic distortions. Not only does foreign debt

further distort the usual structure of economic incentives for a country struggling to develop

economically, but also, the distortion of economic incentives is also hypothesized to have dele-

terious downstream consequences on socioeconomic development indicators (Shandra et al.,

2004).

Conversely, diffusionists contend that foreign investment is the key to rapid economic

development (Clausen, 1985; Freeman, 1980) because foreign investment optimizes resource

allocation and facilitates the free flow of capital. The hypothetical expectation for capital

free-flow is that it spurs economic development, which is presumed to have beneficial effects

on socioeconomic indicators. The disproportion between data on foreign debt investments

and economic growth figures in SSA continues to provoke inquiry about the utility of debt

financing, especially with the trending rise of foreign direct investment and what it could

portend in terms of remedying the socioeconomic short-comings of ODA in the region.

Overall, the main charge against aid, brought by dependency scholars, is that ODA falls

short of its technical purpose, which is to drive sustainable economic growth and develop-

ment. On the other hand, for the fledgling economy with weak-or-non-existent taxation

structures, the main argument against opening up a developing economy to FDI is that the

tax revenues from FDI transactions are not being properly re-directed towards the public

sector.
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8.3 Towards Policy Re-visioning: Extant Institutions

8.3.1 Role of Institutions

The main premise of this study is that, within the economic context of sub-Saharan Africa,

dependence on OECD foreign aid policies is an ineffective development strategy that feeds

institutional pathologies, which subsequently, have deleterious consequences on long-run

human development indicators in the sub-Sahara, with the most sensitive indicator being

the infant mortality rate.

Public sector growth deficiencies cannot be fully redressed without strengthening domes-

tic institutions via policies that support wealth creation – rather than wealth consumption,

which is symptomatic in most aid-dependent countries. Official development assistance and

foreign direct investment have come under continued scrutiny in recent years, as scholars

(Frey and Field, 2000; Moyo, 2009; Sachs, 2005; Sell and Kunitz, 1986; Shandra et al., 2004)

have been unable to reach consensus on the development-related performance of these capi-

tal instruments in Africa. Without equivocation, it is a verifiable claim that the foreign aid

model has provided development assistance to many struggling African economies – however,

this narrative has, all too often, become the single narrative.

Reiterating, it is true that foreign aid has provided development assistance to many-

a-struggling African societies, but this single narrative is not the whole truth. Despite

consistent streams of ODA and FDI, lagging human development indicators, and rising

economic inequality are puzzling phenomena that also accompany this narrative, negating

the possibility of singularity in the narrative concerning the overall effects of both capital

instruments on the Continent.

Development takes place in a time-dependent continuum and, during the many stages

of development, certain developmental pathologies – identifiable in the form of weak or

non-existent institutions – can emerge and evolve simultaneously. Factors contributing to
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state weakness vary considerably from state to state; thus, the concept of state strength

or weakness can be envisioned using a plethora of approaches – most of which point to a

complex mix of intervening variables that add to the economic dynamics of a state that is

either working or failing. High infant mortality rates are characteristic of failing states.

Also at the center of the aid development narrative, is the role of foreign direct investment,

as an alternative to foreign aid. Neo-liberal economic theory is rooted in a combination of

normative economic nationalism and methodological internationalism (Gore, 2000, p. 792).

One tenet of this school of thought rests on the idea that policy-based agenda can influence

development through an economics-centered approach – this approach involves identifying

foreign policy directives that introduce developing economies to the global capital market

(Clapp and Dauvergne, 2011, pp. 203-4).

Oftentimes, for a fledgling economy, a premature introduction into the global capital

market can do more harm than good. This notion finds support in the infant industry con-

cept, which, in part, involves a period of economic inoculation, wherein a newly developing

economy is allowed time to develop a strong internal wealth base, prior to global free market

exposure (including exposure to FDI).

In the same vein, for a fledgling economy, ODA can only address the symptoms of eco-

nomic malaise and should not be expected to sustain the national budget of any sovereign

nation. The expectation that ODA should form a substantial portion of the national budget

of a sovereign nation is both impractical and out of sync with what we know about basic

economic principles of wealth creation and distribution.

Further, baked into the need for developing a locally sustainable wealth base, is a con-

sideration of globalization, current global trade metrics, and global market instability. As

global economic growth slows and income inequality widens, especially since the 2008 global

financial crisis, global trade has seen a decline because of rising protectionism1 – of which,

1Both in the form of tariffs and quota increases; and also, changes in foreign exchange rates.
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the outcome has been an increasing trend towards de-globalization (Moyo, 2009). Since the

1970s, when philantrocapitalist countries pledged to donate 0.7% of their GNI (Gross Na-

tional Income) to developing nations, this target pledge has rarely been met – in some years,

aid pledges range between 0.2% and 0.4% of donor-country GNI; notably, this still amounts

to hundreds of billions in aid (McGoey, 2014; Shah, 2010). However, in light of growing

de-globalization and increased protectionism (Barbieri, 2016; Moyo, 2009) – and considering

with the reality that donor countries can face liquidity constraints, as evidenced with the

2008 global financial crisis – developing economies cannot afford to remain dependent on

donor countries to finance basic social programs that ought to be the normal function/job

of any responsible government.

Post-independence, many African countries adopted a state-owned, interventionist eco-

nomic regime (Nellis, 2005). This means that national resource and wealth channels are

mostly state owned/controlled. Kahl conceptualizes a state in two dimensions: Foremost,

within the structural dimension, a state can be thought of as a conglomorate of institu-

tions and organizations that have been assigned specific functioning capacities 2008. Sec-

ondly, in the agentic dimension, a state assigns agents/individuals to lead designated institu-

tions/organizations and act on behalf of the state, within specified institutional frameworks.

So, in essence, a state has dual functional and agentic capacities, which enable said state to

provide basic services to its citizens.

The agentic dimension of the state requires that cohesion between structural institutions

and human agency (leadership) fosters an environment that allows for the coordination

and collaboration of the kinds of activities that provide well-functioning public services

(Kahl, 2008). African governments dependent upon aid, tend to abdicate their roles and

neglect responsible fiscal planning, in favor of easier foreign aid donations that do not require

said governments to answer to their citizenry. For states that are poor/failing, foreign aid

represents a substantial portion of the national budget, and has become the primary source
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of federal budget revenue. In Gambia and Ethiopia, for instance, foreign aid makes up

a staggering 97% of the national budget (Moyo, 2009). This level of dependency enables

“rentier” states to amass revenue, or “honey pots”, without having to impose direct taxes

on their citizens (Brainard and Chollet, 2007; Moyo, 2009).

State leaders need both capital and legitimacy to remain in power. Through the delivery

of public goods – hospitals and clinics, roads, primary education, etc. – governments are

able to map out their fiscal survival via their ability to raise capital within their national

borders (Mwenda, 2007). As a result, a fiscally responsible governing agent (whether driven

by self-interest or term longevity), that needs to raise capital to meet fiscal obligations, is

more likely to govern using structured approaches to wealth generating incentives, based on

clearly delineated economic policy (Moyo, 2009).

Governments with strong institutions usually collaborate with local wealth creating

agents – local entrepreneurs, businessmen and women, and educated, enterprising indus-

try leaders – in order to strategize about economic opportunities, policies, and institutional

frameworks capable of strengthening business and industrial sectors, in order to generate con-

sistent tax revenue streams; which are then re-invested downstream, for the sake of continued

economic expansion and growth (Moyo, 2009). Weak institutions that are dependent on aid,

often deny their citizens – who possess wealth-generating potential – essential interactions

with governing agents. Interactions between governing agents and citizen-industry-leaders

should not only create an avenue for wealth generating incentives, but should also give the

government a reason to be fiscally responsible with the allocation of state resources to those

industry representatives capable of equitable redistribution.
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8.3.2 Local African Bond Markets: An Alternative Source for Financing Policy

The West African Economic Monetary Union (WAEMU) is a sub-group of ECOWAS coun-

tries2, and is the most developed bond market on the Continent – despite its low market

capitalization and the dominance of government bonds (International Monetary Fund [IMF],

2003, p. 64). In the sub-Saharan region, the Johannesburg Stock Exchange (JSE) debt mar-

ket, the oldest and strongest in the region, services the SADC bond market.

Access to a low yield, high3 maturity bond market is a particularly important capital

option for this study because, depending on the outcome of the expected hypothetical re-

lationship between ODA and infant mortality, access to local, low yield bond markets are

expected to serve as a more viable, more sustainable alternative to concessional loans.

Governments that commit to bond obligations from the regional bond market will likely

have a higher sense of urgency to fulfill said obligations as the bond maturity date ap-

proaches. Such a government might, therefore, be more likely to incentivize its publics to

create wealth generating opportunities that would subsequently generate revenue streams

that can contribute towards bond repayment obligations. The maintenance of a symbiotic

relationship between regional stakeholders – i.e., the capital market (as bond issuer), the

government (as bold holder), and the relative publics (industry and private sector as source

of revenue creation (as bond recipients)) – could, potentially, be an alternative means of im-

proving upon the current structure of incentives in aid-dependent nations and establishing

a more sustainable route to development that does not require dependency on ODA conces-

sions: Such a restructuring might alter the downstream outlook of regional infant mortality

rates.

2Also known by its French acronym, UEMOA, WAEMU has eight west African members Benin, Burkina-
Faso, Côte d’Ivoire, Mali, Niger, Senegal, Togo, and Guinea-Bissau, which joined in May 1997

3Relatively speaking, higher than current concessional loan yield periods.
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8.4 Towards Policy Re-visioning: Study Results vis-á-vis Policy Implications

This study expects per capita increases in government health care expenditure to reduce the

infant mortality rate. Based on the results from Model 1, holding all other variable constant

at their means, a unit increase in per capita health expenditure is associated with 4.21%

increase in the infant mortality rate (Model(C) : β4 = 4.21, S.E . = 0.587, z = 7.17, p <

.001). The robust estimator of the health expenditure variable supports this estimate, albeit

it smaller in correlational magnitude (Model(D) : β4 = 1.656, S.E . = 0.202, z = 8.19, p <

.001). The statistical evidence for an expected inverse relationship between FDI correlates

and infant mortality, although present as expected, is not in the expected direction for

Primary FDI, and is statistically insignificant for the Net FDI correlate, in the robust fit

(p = 0.230). From the results of the ECOWAS robust checks, we have further support

against the null hypothesis concerning both Primary FDI and ODA. Figures 8.1 illustrates

these findings, by comparing Models (A) and (C) coefficients.

ECOWAS. SADC. Bi-regional
Comparison.

Figure 8.1: ECOWAS SADC: Comparison of Random Effects Coefficient Plots.

Figure 8.1 shows that, for ECOWAS, when all other variables in the mix are held constant,

for every unit increase in ODA, the infant mortality count decreases by about 10 per 1,000

live births (p < .001,S.E = 1.118). Revisiting the outcome discussion from Sub-section 5.4.4,

we know that, for SADC, the fourth hypothetical expectation finds decisive support across
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both Models 1(A) and 1(B). For the ECOWAS region, the results suggest that IMR tends to

be lower with increases in per capita ODA, industry expenditure, and primary FDI inflows.

Net FDI sees a stark change in correlational magnitude across ECOWAS models, but the

loss of statistical significance in the robust fit de-emphasizes this stark change in correlation.

For the policymaker, the assessment results of the interplay between ODA and infant

mortality should indicate two key points: i) when ODA is invested in line with its technical

purpose, the infant mortality rate sees a decline; and ii) high mortality rates in regions with

high in-bounding ODA suggests ODA is not being properly re-invested towards social sector

services – which in line the point of contention put forward by dependency scholars (Moyo,

2009; Mwenda, 2007; Wimberley, 1990), and by this study – that the fungibility of aid,

i.e., the relative ease with which it can be re-routed from the public purse, identifies the

ODA category of development capital as having potential growth inhibiting characteristics,

reflected in the infant mortality rate of ODA-dependent economies.

HYPOTHESIS 1 Based on the Jeffreys's (1998) scale (summarized in Table 6.3), the

SADC Bayes’ factor outcome has a value of 26.58, i.e., “ strong” evidence for the study

alternative hypothesis. This means that, for the SADC region, the study data provides

“strong” evidence for the posterior mean of infant mortality – which fluctuates between 3.70

and 5.25 (per 1,000 live births) when ODA spending increases by an average of $3.87 per

capita. In other words, when considering the influence of ODA on infant mortality, the

study-based hypothetical expectation that ODA affects infant mortality rates in the SADC

region, finds “strong” support in the study data, as opposed to the null. Said differently,

the study null for hypothesis 1 is that ODA has no explanatory power concerning the trend

in infant mortality rates in the SADC and ECOWAS regions. However, the Bayes’ factor

outcome shows that the alternative expectation is 26.58 time more likely than the null, given

the study data.
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Looking at Table 6.2, for ECOWAS, infant mortality ranges between -2.42 (decline in

mortality) to 6.98 deaths per 1,000 live births, ceteris paribus. This range is based on

an average ODA-per-capita spending of $3.584. Thus, considering that 97 out every 1000

infants born in the ECOWAS sub-region do not survive, a $3.58 increase in ODA spending

will affect the infant mortality rate on a range between -2.42 and 6.98. For the policymaker,

the directive should center on a financing structure that ensure an average of $55.315 is spent

per capita, in the ECOWAS region, to keep the infant mortality rate ranging near zero.

For ECOWAS, the null expectation for Hypothesis 1 is that ODA has no explanatory

power concerning the trend in sub-regional infant mortality rates (i.e., H0 : µ = 0). The

ECOWAS Bayes’ factor outcome, with a Bayes’ factor value for the alternate hypothesis

(Posterior model) returned a value of 6.79, indicative of substantial support for the inter-

action between ODA and infant mortality, given the study data. The Null model, with a

Bayes’ factor value of 0.15, is indicative of anecdotal support for the null expectation that

ODA has no effect on infant mortality rates in the ECOWAS region.

HYPOTHESIS 2 The hypothetical expectation tagged to Hypothesis 2 is that ODA

has a significant, positive correlation to the rise in infant mortality rates in the SADC

and ECOWAS regions. The ROPE'd intervals for both sub-regions, (although not all-

encompassing in width for ECOWAS), show that our hypothetical sub-regional expectation

does indeed have a high interval density that is not negligible in size.

Considering the ECOWAS outcome in Figure 8.2 (and, to some extent, the width of the

SADC intervals), it is possible that the ROPE radii I specified may have been too large (or

perhaps, too small, for ECOWAS); misspecified, or even, outdated, because the study data

are more precise than the ROPE (Kruschke, 2014, p. 337).

4This is the raw mean value of per capita ODA spending for the ECOWAS sub-region.

5(97/6.98)(3.98) = 55.31
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Considering the results of the Bayesian State Space specification based on an overall as-

sessment of power, both sub-regional outcomes show that, given the study data, the ROPE'd

estimation parameters can be accepted with a high degree of confidence.

(a) ECOWAS: ODA ROPE and Posterior HDI:
Ordinary State Space, Time Series (Null).

(b) ECOWAS: ODA ROPE and Posterior
HDI: Bayesian State Space, Spike-and-slab

(Posterior).

Figure 8.2: ECOWAS IM and ODA: Ordinary State Space (Time Series) vs. Bayesian State
Space: Posterior Evaluation.

However, the credible intervals for ECOWAS reflect a lower degree credibility, in terms of

the range of the overlap (and despite repeated simulations, with alternating ROPE radii), we

can see that the outcome provides moderately convincing statistical evidence on the nature

of the interaction between ODA and infant mortality, in both sub-regions.

HYPOTHESIS 3 For Hypothesis 3, the null expectation for SADC is that FDI (overall)

has no effect on the trend in sub-regional infant mortality rates (i.e., H0 : µ = 0). Re-visiting

the BSTS posteriors, for the SADC region, the Net FDI alternate model assessment yielded

a Bayes’ factor value of 3.85. The null assessment returned a value of 0.26. Both indicative

of “anecdotal” support for Hypothesis 3, with reference to the SADC sub-region, and given

the study data. While the SADC outcome is in line with the study-based expectation (with

respect to the Bayes’ factor outcome), the Net FDI alternate model assessment for ECOWAS

shows “substantial evidence” (BF = 6.79) for the ECOWAS Net FDI results produced in

Table 6.2.
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Further, the Bayes’ factor assessment for SADC Primary FDI, yielded a value of 11.46,

indicative of “strong” evidence in support of the relationship between Primary FDI and

infant mortality. Table 6.2 shows that, when Primary FDI increases $6.40 6 per capita,

infant mortality ranges between 5.97 and 7.27 deaths per 1,000 live births, ceteris paribus.

In contrast, the ECOWAS Primary FDI interval fluctuates between -1.11 and 5.10 infant

deaths, when per capita primary FDI spending is at $2.28.

This finds strong evidence with a Bayes’ factor value of 26.88, given the study data.

Overall, the findings on the interaction between Net, Primary and infant mortality present

contradictions, which may warrant further investigation, as discussed in Section 9.1.

HYPOTHESIS 4 On the overall assessment of power, the SADC FDI outcomes (both

Primary and Net) show that, given the study data, we can accept the ROPE'd parameters

with a high degree of confidence. Equally, their respective ROPE'd intervals can also be

accepted with a high degree of credibility. For both the Time Series and Bayesian State

Space specifications, the SADC FDI series yielded convincing statistical evidence on the

nature of the relationship between infant mortality and FDI influx to the region. The study-

based expectation here is that FDI inflows vary inversely with infant mortality rates for

countries in the SADC region, ceteris paribus.

This inverse relationship finds strong support, but only for the SADC primary FDI

analyses. The Net FDI outcome for the SADC region shows convincing statistical evidence

(but) of a positive association with infant mortality.

For ECOWAS, although the credible intervals do not reflect the highest degree of credi-

bility (in terms of the range of the overlap, and despite repeated simulations with alternating

ROPE radii), we can see that the outcome provides moderately convincing statistical evi-

dence on the nature of the interaction between ODA and infant mortality, but only for the

6This value is the per capita Primary FDI average for the SADC region.
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Bayesian specification. For ECOWAS Net FDI and Primary FDI series, the Time Series

specification performs poorly, both in terms of landmark parameter values and with regards

to the ROPE'd interval. Again, however, it is also possible the ROPE radius may have been

too large, misspecified, or perhaps, outdated, because the study data are more precise than

the ROPE (Kruschke, 2014, p. 337).

Overall, considering the sub-regional infant mortality aggregate, and the expectation

that ODA has no explanatory power in the trend in infant mortality rates (Hypothesis 1),

the SADC posterior outcome of the BSTS specification yielded strong statistical evidence,

whilst the evidence for ECOWAS is substantial, according to the Harold Jeffery’s scale.

For Hypothesis 2, the expectation is that ODA has a significant, positive correlation to the

sub-regional rise in infant mortality. For SADC, the Bayesian State Space model yielded

substantial evidence in support of this hypothesis; whilst, for ECOWAS, evidence of the

same was particularly weak.

FDI inflows have no effect on sub-regional infant mortality rates, ceteris paribus. This

was the third study-based hypothetical expectation. SADC showed strong support for the

alternative, which is that FDI inflows do indeed affect sub-regional infant mortality rates;

whilst, for ECOWAS, the statistical evidence in support of the alternate is substantial. That

there is an inverse relationship between sub-regional infant mortality rates and FDI inflows

is the fourth hypothetical expectation. The alternative found decisive support with the

BSSM specification. For ECOWAS, the statistical evidence in support of this hypothesis is

moderate.

The essence of scientific inquiry requires the consideration of alternate possibilities within

the framework of any cause (FDI) and effect (development growth) sequence. In terms of

public policy, paying attention to the full scope of the impacts of FDI – be they positive or

negative – is not only a matter of national recognizance, but it makes solid economic sense: If

FDI is indeed beneficial, how can it benefits be harnessed and reproduced to ensure continued
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contributions towards economic growth and development. Diametrically, if evidence exists

to the contrary, i.e., if FDI registers deleterious effects on infant mortality, how can said

effects be mitigated?

The effectiveness of ODA is contested ground. In terms of achieving its technical purpose,

the disproportion between data on foreign debt investments and economic growth figures in

SSA continues to provoke enquiry about the utility of debt financing, especially with the

trending rise of foreign direct investment and what it could portend in terms of remedying the

socioeconomic short-comings of ODA in the region. Further, Sub-Saharan infant mortality

rates mirror the Continent's delayed progress towards then Millennium Development Goals

(Tlou et al., 2016) (now, Sustainable Development Goals (SDGs), as of 2016). Every year,

millions of infants born in low-and middle-income countries (LMIC) do not survive infancy,

many-a-times owing to preventable developmental factors.

Furthermore, although the concept of foreign capital – as a source of external economic

deliverables– is a well-meaning ideal, foreign capital dependency, as an approach to eco-

nomic growth, continues to raise questions concerning its ability to both deliver and drive

economic sustainability. Further still, justification for the continuation of the aid model re-

quires substantive analytical work that can produce measurable economic benefits for those

locales facing recurrent resource shortages and liquidity constraints – despite having received

millions of dollars in foreign assistance, on an annual basis.

Reliable forecasts of future mortality events, based on clarity concerning the underlying

mortality process in any region, is of high importance for public policy directives affecting

government sponsored services, like social security and public health, for example (Reich-

muth and Sarferaz, 2008). Infant mortality rates are also effective gauges of macroeconomic

stability, as explained in the body of this work. McCarthy (2002) argues that policies aimed

at the convergence of economic and financial indicators in regional integration arrangement,

like the SADC or ECOWAS zones, can be problematic because regional arrangements tend to
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introduce asymmetrical external shocks, simply because anything that happens to one coun-

try – positive or negative – will have ripple effects on the sub-regional economy, rendering

convergence counterproductive.

The alternative suggested by McCarthy (2002) is to focus on single-indicator convergence,

for example, inflation, as the broadest indicator of balance in resource utilization. Focusing

on the reduction of ODA balance of payments as a single-convergence indicator may be

a first step in a series of preventative measures that can be enacted to inoculate the two

economic zones assessed in this study – and ultimately the sub-Saharan macroeconomy –

against asymmetrical externalities.

McCarthy (2002) argues that policies aimed at the convergence of economic and financial

indicators in a regional integration arrangement – much like the SADC or ECOWAS regions

– can be problematic. Regional integration schemes can be problematic because in countries

where there is heavy extractive activity, the sub-regional economy will be vulnerable to

asymmetrical external market shocks – and so, convergence of economic indicators can, in

fact, become counterproductive, in the sense that, even though the goal of the conglomerate

machinery is economic stability, the vulnerability of the sub-regional economy (to external

shocks) increases with increased cross-border trade activity.

A case can be made, then, for a programme of single-indicator convergence that focuses,

for example, on lowering inflation as single convergence point, instead of trying to converge

several economic and financial macroeconomic indicators, simultaneously. In terms of policy

recommendation, this study puts forward a reduction in the ODA balance of payments – as

single-convergence point. Looking for alternative financing options, for example, the local

African bond market, might go a long way in terms of mitigating some of the counterpro-

ductive outcomes of development financing.
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CHAPTER 9

CONCLUSION

Doctrinal theories of economics continue to meet defiance, dressed as market failures, in

developing regions: This study probed this phenomenon, through the lens of dependency

and diffusionist doctrines, by analyzing the impact of development economics on human

development. More specifically, this cross-national study, addressed the nature of the rela-

tionship between foreign capital instruments and infant mortality rates in nations, south of

the Sahara, financing fiscal deficits with substantial amounts of foreign debt.

The influence of foreign debt instruments on economic development in SSA has sparked

polarizing polemics between neo-Marxist dependency and neoclassical diffusionist scholars.

Diffusionists present strongly opposing viewpoints to those proposed by the dependency

school-of-thought, concerning the effects of market activity on the population. The primary

conclusion of literature centered on diffusionist economic theory is that foreign investments

promote economic development. Conversely, the principal conclusion of dependency litera-

ture intimates an alternate relationship, wherein the influx of foreign capital is accompanied

by underdevelopment, and a worsening of human development indicators, including increases

in infant mortality.

The interdisciplinary contribution made by this study addresses the perceived contradic-

tions, identified in the preceding, by structuring a three-pronged quantitative approach to

measuring the statements, put forth by both diffusionist and dependency scholars, against

the data. The outcome of this study is expected to contribute empirical insight to theoretical

discussions, and scholarly debates, concerning the nature of the hypothesized relationship

between foreign debt capital and modifiable infant mortality indicators, south of the Sahara.

The ultimate post-analytical objective of this study centered on examining the plausibility

of assumptions made by neo-Marxist and neo-Classical scholars, concerning the impact of
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foreign capital instruments on sub-Saharan developing economies. The theoretical asym-

metries, discernible in both schools-of-thought warranted empirical investigation, so as to

ascertain the viability of claims made by both sides of the aisle, and, if need be, cogitate

corrective policies.

The outcomes of data analyses, summarized in Tables 6.4, reveal variations, both in the

level of intensity (magnitude-wise) and in the directionality of the study hypotheticals. By

and large, this body of work is, principally, a discussion about economic policy, as it relates

to the debt balance of payments from ODA transactions. It may be safe to say, based on the

outcome of Model II (in particular), that the presence of ODA in the sub-Saharan capital

market portends potentially deleterious consequences for infant mortality rates in the SADC

sub-region. For ECOWAS, this hypothetical expectation shows potential of the same, though

not finding highly credible support in the analyses.

For the developing nation, the practice of development finds fruition when national issues

are addressed in tandem with economic assistance. In other words, in newly industrializing

nations, during the planning and policy-making stages, the practice of development involves,

amongst other things, laying groundwork for targeted growth, sustainable beyond critical

levels.

Re-visiting the outcome for Hypothesis 2, this study found that, for SADC, Table 6.2

shows that, when Net FDI decreases $58.48 1 per capita, infant mortality fluctuates between

-113.98 and 11.41 deaths per 1,000 live births, ceteris paribus. Considering that around 120

out every 1000 infants born in the SADC sub-region do not survive, a $58.48 decrease in Net

FDI spending will cause infant mortality rates to fluctuate within a range between -113.98

and 11.41 deaths per 1,000 live births. This fluctuation warrants additional investigation

particularly because of the size of this interval fluctuation.

1This value is the per capita Net FDI average for the SADC region.

265



On the other hand, the Bayes’ factor assessment for SADC Primary FDI, yielded a value

of 11.46, indicative of “strong” evidence in support of the relationship between Primary FDI

and infant mortality. Table 6.2 shows that, when Primary FDI increases $6.40 2 per capita,

infant mortality ranges between 5.97 and 7.27 deaths per 1,000 live births, ceteris paribus.

This presents a bit of a contradiction to the anecdotal support for the influence of Net FDI,

which begs the following questions: Is the Primary FDI contribution to the Net FDI value

strong enough to contribute to the fluctuation in infant mortality rates when Net FDI is in

the mix, and all other variables are held constant? Asked differently, is the influence of

Primary FDI (within the Net value of FDI) strong enough to push an otherwise negative

trend towards a positive trajectory, as is evidenced in the Bayes’ factor outcome of the Net

FDI assessment?

Based on the results of Model I (Woolridge test, specifically), the need for a fit that

corrects for serial dependency was evident. On the expectation that the Scott's 2017 struc-

tural process would “control for serial dependence”, a Bayesian State Space fit was specified.

Alternatively, looking towards a future study, expanding the sample to include other devel-

oping regions (Central America, South East Asia, for example), then using a lasso method

to specify priors could potentially produce a uniquely different set of results.

On controlling for parameter variation, Li et al. (2014) adjusts study-relevant hyperpa-

rameter information to account for cause of death variation. Santos-Lozada (2014) uses a

Poisson-Gamma method to establish credible intervals for infant mortality risk at the coun-

try level in Puerto Rico, to identify persistent high-risk factors affecting mortality rates. A

future study could build on the approaches highlighted in the preceding to control for hyper-

parameter variability; and, specify a loss function to optimize hyperparameter controls. An

alternate consideration would be to modify the MCMC approach suggested by Li et al. – the

author controls for death rates by setting variance parameters for each age group, but since

2This value is the per capita Primary FDI average for the SADC region.
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this study is looking mainly at the 0 to 1 age-group, variance parameters can be controlled

on per country basis. Meaning that each country would follow a random walk with varying

decline rates.

9.1 Future Study: Forecasts

The average infant mortality rate in the ECOWAS sub-region is around 97 per 1,000 live

birth; whereas, in the SADC sub-region, the average rate is approximately 119 per 1,000 live

births. The mortality under5 figures are reversed, in terms of magnitude: ECOWAS has

the higher under-5 mortality figure, at 166 per 1,000 live births, compared with a rate of 77

per 1,000 for children under-5, in the SADC region. At face value, this suggests that infants

have a better chance of surviving in the SADC sub-region than the ECOWAS zone.

The diametrical characterization of the raw average positioning in both sub-regions

presents a learning opportunity in the sense that each region has something to offer for

each age category: Why do infants in the SADC region have a lower chance of surviving

infancy but have a higher life expectancy, once the infancy period has passed? Why is the

opposite the case in the ECOWAS region, where both the infant-and under5 mortality fig-

ures show higher infancy and lower under 5 mortality rates, when compared to the SADC

region? These phenomena warrant further investigation, in light of the study hypotheticals,

particularly as the forecast expectations show fluctuations in the interaction between infant

mortality and the study variables, as illustrated in Figures 9.1 through 9.6. The forecasts

were generated using the predict.bsts function in the bsts R-package.
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(a) ECOWAS. (b) SADC.

Figure 9.1: ECOWAS and SADC: Infant Mortality vs. Mortality Under5: 40 Period Forecast (Year 2054).
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(a) ECOWAS. (b) SADC.

Figure 9.2: ECOWAS and SADC: Infant Mortality vs. ODA: 40 Period Forecast (Year 2054).

269



(a) ECOWAS.
(b) SADC.

Figure 9.3: ECOWAS and SADC: Infant Mortality vs. Health Expenditure: 40 Period Forecast (Year 2054).
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(a) ECOWAS.

(b) SADC.

Figure 9.4: ECOWAS and SADC: Infant Mortality vs. Industry: 40 Period Forecast (Year 2054).
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(a) ECOWAS. (b) SADC.

Figure 9.5: ECOWAS and SADC: Infant Mortality vs. Net FDI: 40 Period Forecast (Year 2054).
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(a) ECOWAS. (b) SADC.

Figure 9.6: ECOWAS and SADC: Infant Mortality vs. Primary FDI: 40 Period Forecast (Year 2054).
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The ODA variable does not distinguish how assistance funding is earmarked. In other

words, it is not discernible, from the ODA composite, whether funding is allocated to pro-

grams, “food aid, emergency assistance, or post-conflict peacekeeping assistance, which will

have differing effects on the economy”, and ultimately, the health sector (World Bank, 2010,

p. 409). Nevertheless, it would make for good policy to continue to monitor the interaction

of this variable in high mortality settings.

9.2 Concluding Statements

Re-iterating, the premature introduction of a fledgling economy into the global capital mar-

ket has the potential to be more harmful than beneficial. This notion is supported by the

infant industry concept, which requires a weak industry to undergo a period of economic

inoculation, wherein development is paced at a rate that allows the internal wealth base to

strengthen gradually, prior to global free market exposure (including exposure to FDI). Sim-

ilarly, for a fledgling economy, ODA can only address the symptoms of economic malaise and

cannot be viewed as a panacea capable of shouldering the national budget of any sovereign

nation.

The expectation that ODA should form a substantial portion of the national budget

of a sovereign nation is both impractical and out of sync with what we know about basic

economic principles of wealth creation and distribution. Further, baked into the need for

developing a locally sustainable wealth base, is a consideration of globalization, current global

trade metrics, and global market instability. As global economic growth slows and income

inequality widens, especially since the 2008 global financial crisis, global trade has seen a

decline because of rising protectionism — of which, the outcome has been an increasing trend

towards de-globalization (Moyo, 2009). This means that fledgling economies are vulnerable

to the economies on which they depend for development assistance and are likely to be hit

the hardest should a global market re-occur.
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The policy alternatives suggested by this study revolve around capitalizing on gains

made by the local African bond market. A case can be made for a programme of single-

indicator convergence within both the SADEC and ECOWAS for an initial period of time,

in order to protect both sub-regions from asymmetrical external market shocks. This would

be in contrast to the current scheme that works towards converging multiple macroeconomic

indicators, in multiple countries, at the same time. More specifically, when it comes to

ODA, the alternate policy suggestion is that the SADEC and ECOWAS regions could focus

on reducing ODA balance of payments in their member countries, as single-convergence

point.

Regarding the regional influx of FDI, the policy alternative could be a focus on an

infant industry approach, wherein the domestic economy is inoculated from the external

environment for a short period of time—to allow for the local wealth base, and taxation

structures to be strengthened from within—before opening up the borders to further flows

from the foreign capital market. The suggested policy alternatives, concerning ODA and

FDI restructuring, will require financial input from the local bond market, as opposed to

the current scheme that relies on foreign capital from OECD nations. As a start, the West

African Economic Monetary Union could service ECOWAS bonds, whilst the Johannesburg

Stock Exchange debt market could issue bonds for the SADC region. The expectation is

that by lending from the local bond market, government actors will incentivize with their

publics, looks for creative solutions to generate wealth—the taxation structure could then

be such that it not only allows for tax gains to be re-directed towards the repayment of bond

obligations but also ensures proper funding of public sector services, like healthcare . . .

All in all, whilst rapid economic growth is a necessary condition for development, it

is not a sufficient condition because economic discontinuities, which emerge because of in-

come inequalities, for example, are not captured in GDP indicators. Improvements in our

understanding of the relationship between income elasticities, income inequality, and eco-

nomic development are important; yet, these measures are not the only/most important
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indicators ascribable to the broader spectrum of socioeconomic development: Measuring the

non-income dimensions of inequality (e.g., infant mortality) is of equal importance, not only

in terms of assessing inequality at the different stages of development, but also in terms

of providing relevant economic interventions (Collier, 2007; Sachs, 2005) throughout the

progressive stages of development.

Fforde (2013) explains that the popularized “one size fits all” approach to using GDP

as a measure of development is myopic because factors contributing to GDP growth are not

always contextually scalable. For example, if we operationalize human capital as “stock of

knowledge”, how can we capture the true contribution to this stock to the growth of GDP.

Equally, how can the “misallocation” of the stock of knowledge be captured if, for example,

a government fails to provide quality education, from kindergarten to the tertiary level; or,

if a government mismanages development financing.

Over recent decades, the polarizing argument between development scholars is seeded in

the structure of SSA development assistance, and rooted in the world view that governments

of developing nations are not inclined to see concessional loans as fundamentally distinct

from grants. This distinction, or lack thereof, is the main argument this study presents

against aid, which is that the instant revenue stream provided by easy aid disincentives

government officials from partnering with private sector entrepreneurs and industrialists to

find alternate means of generating revenue that would not only benefit the national economy,

but also finance public sector services, like health care.

Central to the topic of development funding – vis-à-vis income inequalities, emerging

from weak economic progress – is the issue of preventable infant mortality (PIM). This

study offers empirical insight into the juxtapositioning of socioeconomic variables that carry

the potential to affect infant mortality rates (either up or down, in terms of statistical

directionality). Internal validity is established through repeated assessments of the same

variable-series, evaluated using two different empirical modeling approaches: In so doing,
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this study makes several contributions to development literature, not only in terms of its

treatment of development data (usually ripe with missingness), but also in terms of analyzing

panel structures, common to development work. Beyond the data processing and analytical

approach, this study contributes to theoretical implications concerning the behavior of the

infant mortality variable, in the context of sub-Saharan foreign capital inflows. The joint

contribution of this study to development literature, therefore, is a body of work that details

empirical procedure and the simultaneity of the empirical process in influencing the outcome

of the study theoreticals.
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APPENDIX A

INDEX OF ADDITIONAL STUDY DESCRIPTIVES, DIAGRAMS,

AND TABULAR OUTPUTS

Appendix A.1 Missingness Categories

Missing Completely at Random (MCAR)

p(R|Y,X) = p(R|Y,Xobs,Xmiss) = p(R|ψ)

• No systematic difference between missing and observed. (For details, see study by

Little, 1988).

Missing at Random (MAR)

p(R|Y,X) = p(R|Y,Xobs,Xmiss) = p(R|ψ)

• Missing values depend on (are subset of) observed. (For details, see studies by Enders,

2011; Little, 1988; Schafer, 1999).

• Standard multiple imputation assumption.

• The probability that an observation is missing is strictly dependent on observed values,

not missing ones (Schafer, 1999).

Missing Not at Random (MNAR)

p(R|Y,X) cannot be specified

• Missingness depends on unobserved values that cannot be specified. (For details, see

study by Enders, 2011).
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A.2 Sub-regional Confidence Intervals

(a) SADC IMR, 95% CI. (b) ECOWAS IMR, 95% CI.

Figure A.1: Sub-regional Infant Mortality Rates (per 1,000 live births, 95% CIs.)

(a) SADC Under-5MR, 95% CI. (b) ECOWAS Under-5MR, 95% CI.

Figure A.2: Sub-regional Under-5 Mortality (per 1,000 live births, 95% CIs.)
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(a) SADC Industry Value, 95% CI. (b) ECOWAS Industry Value, 95% CI.

Figure A.3: Sub-regional Industry value added (current US$), 95%.

(a) SADC Edu. Expend., 95% CI. (b) ECOWAS Edu. Expend., 95% CI.

Figure A.4: Sub-regional Education Expenditure, 95% CIs.

280



(a) SADC Health Expend., 95% CI. (b) ECOWAS Health Expend., 95% CI.

Figure A.5: Sub-regional Health Expenditure, 95% CIs.

(a) SADC Prenatal Care, 95% CI. (b) ECOWAS Prenatal Care, 95% CI.

Figure A.6: Sub-regional Prenatal Care, 95% CI.
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(a) SADC Net ODA, 95% CI. (b) ECOWAS Net ODA, 95% CI.

Figure A.7: Sub-regional ODA (Net), 95%.

(a) SADC Primary FDI, 95% CI. (b) ECOWAS Primary FDI, 95% CI.

Figure A.8: Sub-regional FDI (Primary), 95%.
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(a) SADC NET FDI, 95% CI. (b) ECOWAS NET FDI, 95% CI.

Figure A.9: Sub-regional FDI (Net), 95% CIs.
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A.3 ECOWAS and SADC Missingness Line Charts

(a) SADC Infant Mortality Rates. (b) ECOWAS Infant Mortality Rates.

Figure A.10: Sub-regional Infant Mortality rates (per 1,000 live births).
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(a) SADC Under-5 Mortality Rates. (b) ECOWAS Under-5 Mortality Rates.

Figure A.11: Sub-regional Mortality rates, Under-5 (per 1,000 live births).
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(a) SADC Under-5 Mortality Rates. (b) ECOWAS Under-5 Mortality Rates.

Figure A.12: Sub-regional Mortality rates, Under-5 (per 1,000 live births).
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(a) SADC Industry Value. (b) ECOWAS Industry Value.

Figure A.13: Sub-regional Industry (value added, current US$).
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(a) SADC, Skilled Health Staff. (b) ECOWAS, Skilled Health Staff.

Figure A.14: Sub-regional Births Attended by Skilled Health Staff (% of total).
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(a) SADC, Prenatal Care. (b) ECOWAS, Prenatal Care.

Figure A.15: Sub-regional Percentage of Pregnant Women Receiving Prenatal Care.
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(a) SADC, Net ODA. (b) ECOWAS, Net ODA.

Figure A.16: Sub-regional Total: Net Official Development Assistance received (current US$).
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(a) SADC, Primary FDI. (b) ECOWAS, Primary FDI.

Figure A.17: Primary income on FDI (current US$).
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(a) SADC, Net BoP FDI. (b) ECOWAS, Net BoP FDI.

Figure A.18: Sub-regional Total: Foreign direct investment, net (BoP, current US$).
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(a) SADC, Education Expenditure. (b) ECOWAS, Education Expenditure.

Figure A.19: Sub-regional Current Education Expenditure (total, i.e.,% of total expenditure in public institutions).
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(a) SADC, Public Health Expend. (b) ECOWAS, Public Health Expend.

Figure A.20: Sub-regional Health Expenditure, Public (% of government expenditure).
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A.4 Sub-regional ACF and PACF PLOTS

(a) ECOWAS Mortality Under5
ACF(6).

(b) ECOWAS Mortality Under5
(6).

(c) ECOWAS Mortality Under5
Cumulative Absolute Errors.

(d) SADC Mortality Under5 (6).
(e) SADC Mortality Under5

PACF(6).
(f) SADC Mortality Under5
Cumulative Absolute Errors.

Figure A.21: ECOWAS and SADC: Infant Mortality vs. Mortality Under5: Residual ACFs and PACFs.
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(a) ECOWAS ODA ACF(6). (b) ECOWAS ODA PACF(6).
(c) ECOWAS ODA Cumulative

Absolute Errors.

(d) SADC ODA ACF(6). (e) SADC ODA PACF(6).
(f) SADC ODA Cumulative

Absolute Errors.

Figure A.22: ECOWAS and SADC: Infant Mortality vs. ODA: Residual ACFs and PACFs.
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(a) ECOWAS Health Expenditure
ACF(6).

(b) ECOWAS Health Expenditure
PACF(6).

(c) ECOWAS Health Expenditure
Cumulative Absolute Errors.

(d) SADC Health Expenditure
ACF(6).

(e) SADC Health Expenditure
PACF(6).

(f) SADC Health Expenditure
Cumulative Absolute Errors.

Figure A.23: ECOWAS and SADC: Infant Mortality vs. Health Expenditure: Residual ACFs and PACFs.
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(a) ECOWAS Industry ACF(6).
(b) ECOWAS Industry
Expenditure PACF(6).

(c) ECOWAS Industry
Expenditure Cumulative Absolute

Errors.

(d) SADC Industry ACF(6). (e) SADC Industry PACF(6).
(f) SADC Industry Cumulative

Absolute Errors.

Figure A.24: ECOWAS and SADC: Infant Mortality vs. Industry: Residual ACFs and PACFs.
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(a) ECOWAS Net FDI ACF(6). (b) ECOWAS Net FDI PACF(6).
(c) ECOWAS Net FDI

Cumulative Absolute Errors.

(d) SADC Net FDI ACF(6). (e) SADC Net FDI PACF(6).
(f) SADC Net FDI Cumulative

Absolute Errors.

Figure A.25: ECOWAS and SADC: Infant Mortality vs. Net FDI: Residual ACFs and PACFs.
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(a) ECOWAS Primary FDI
ACF(6).

(b) ECOWAS Primary FDI
PACF(6).

(c) ECOWAS Primary FDI
Cumulative Absolute Errors.

(d) SADC Primary FDI ACF(6). (e) SADC Primary FDI PACF(6).
(f) SADC Primary FDI

Cumulative Absolute Errors.

Figure A.26: ECOWAS and SADC: Infant Mortality vs. Primary FDI: Residual ACFs and PACFs.
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A.5 Pooled OLS and Individual-Specific Effects: Test Results

Table A.1: SADC: Pooled OLS Regression Output.a, b, c, d

Variable Coef. Std. Err. t P > |t |
[95% Conf.
Interval]

Pooled OLS Regression Estimates, Model (A)

ODA -20.78 3.60 -5.77 <0.001 [-27.86 -13.71]

Net FDI -.001 .004 -0.33 0.745 [-.009 .006]

Primary FDI -2.90 7.50 -0.39 0.699 -17.63 11.82

Industry -27.02 1.46 -18.52 <0.001 [-29.89 -24.15]

Health Exp. 2.03 .911 2.22 0.027 [.237 3.82]

Constant 351.96 50.86 6.92 <0.001 [252.04 451.88]

a. Group Variable: countries; N. obs = 504; N. groups = 14
b. ResidualSS = 1.00e6 df = 498 ResidualMS = 2021.93
c. F(5,498) = 98.63 Prob¿F = 0.0001 R2 = 0.498
d. AdjR2 = 0.493 RootMSE = 44.97

Robust Model (B)1, 2, 3, 4

MU5 1.67 .016 106.91 <0.001 1.64 1.70

ODA -1.58 .757 -2.08 0.038 -3.07 -.090

Primary FDI 2.49 1.53 1.63 0.104 -.518 5.50

Net FDI -.780 .386 -2.02 0.044 -1.54 -.021

Industry -.609 .369 -1.65 0.099 -1.33 .116

Health Exp. .483 .187 2.59 0.010 .116 .850

Constant -17.36 10.95 -1.59 0.113 -38.88 4.15

1. Group Variable: countries; N. obs = 504; N. groups = 14
2. ResidualSS = 41956.32 df = 497 ResidualMS = 41956.32
3. F(6,497) = 3873.77 Prob¿F = 0.0001 R2 = 0.979
4. AdjR2 = 0.978 RootMSE = 9.19
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Table A.2: ECOWAS: Pooled OLS Regression Output.e, f , g, h

Pooled OLS Estimates, Model (C)

Variable Coef. Std. Err. t P > |t |
[95% Conf.
Interval]

ODA -12.43 .893 -13.92 <0.001 [-14.18 -10.68]

Net FDI 15.47 8.50 1.82 0.070 [-1.22 32.16]

Primary FDI 1.10 1.80 0.61 0.541 [-2.42 4.61]

Industry -18.76 1.45 -12.90 <0.001 [-21.61 -15.90]

Health Exp. 4.56 .794 5.74 <0.001 [3.00 6.12]

Constant 115.61 51.33 2.25 0.025 [14.77 216.45]

1. Group Variable: countries; N. obs = 540; N. groups = 15
2. ResidualSS = 3.03e5 df = 534 ResidualMS = 567.05
3. F(5,534) = 126.78 Prob¿F = 0.0001 R2 = 0.542
4. AdjR2 = 0.539 RootMSE = 23.8

Robust Model (D)1, 2, 3, 4

MU5 .435 .011 38.09 <0.001 [.412 .457]

ODA -2.69 .529 -5.09 <0.001 [-3.73 1.65]

Net FDI -3.55 4.44 -0.80 0.424 [-12.26 5.17]

Primary FDI 1.55 .929 1.67 0.096 [-.276 3.37]

Industry -2.01 .872 -2.31 0.021 [-3.73 -.299]

Health Exp. 1.95 .417 4.67 <0.001 [1.13 2.77]

Constant 56.51 26.68 2.12 0.035 [4.11 108.92]

1. Group Variable: countries; N. obs = 540; N. groups = 15
2. ResidualSS = 8.13e4 df = 533 ResidualMS = 152.65
3. F(6,533) = 634.25 Prob¿F = 0.0001 R2 = 0.877
4. AdjR2 = 0.876 RootMSE = 12.36
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Table A.3: SADC: Population-Averaged Estimation Output.a, b

Variable Coef. Std. Err. z P > |z |
[95% Conf.
Interval]

Population-Averaged Estimates, Model (E)

ODA -34.86 2.80 -12.43 <0.001 [-40.35 -29.36]

Net FDI -.008 .002 -3.61 <0.001 [-.012 -.004]

Primary FDI -19.46 5.02 -3.87 <0.001 [-29.31 -9.62]

Industry -12.69 1.77 -7.18 <0.001 [-16.15 -9.22]

Health Exp. -.676 .663 -1.02 0.308 [-1.98 .624]

Constant 445.47 36.78 12. <0.001 [373.39 517.55]

a. Group Variable: countries; N. obs = 504; N. groups = 14
b. Scale parameter: 2422.44; Waldχ2(4) = 363.42 Prob > χ2 = 0.0001

Robust Model (F)1, 2

MU5 1.74 .011 164.91 <0.001 [1.72 1.76]

ODA -.469 .431 -1.09 0.277 [-1.31 .377]

Net FDI -.0001 .0003 -0.39 0.694 [-.0007 .0005]

Primary FDI -.949 .684 1.39 0.166 [-.392 2.29]

Industry 1.63 .253 6.44 <0.001 [1.14 2.13]

Health Exp. -.047 .089 -0.53 0.598 [-.221 .127]

Constant -28.38 5.99 -4.73 <0.001 [-40.13 -16.63]

1. Group Variable: countries; N. obs = 504; N. groups = 14
2. Scale parameter: 91.14; Waldχ2(5) = 47227.93, Prob > χ2 = 0.0001
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Table A.4: ECOWAS: Population-Averaged Estimation Output.e, f

Population-Averaged Estimates, Model (G)

Variable Coef. Std. Err. z P > |z |
[95% Conf.
Interval]

Robust Model (H)1, 2

ODA -10.31 1.11 -9.28 <0.001 [-12.49 -8.14]

Net FDI 34.57 6.16 5.61 <0.001 [22.49 46.65]

Primary FDI -6.27 1.30 -4.82 <0.001 [-8.82 -3.72]

Industry -10.04 1.212 -8.28 <0.001 [-12.41 -7.66]

Health Exp. 4.21 .584 7.21 <0.001 [3.07 5.35]

Constant -27.69 38.55 -0.72 0.473 [-103.25 -47.87]

1. Group Variable: countries; N. obs = 540; N. groups = 15
2. Scale parameter: 625.32; Waldχ2(5) = 816.34, Prob > χ2 = 0.0001

Robust Model (I)a, b

MU5 0.433 .007 64.01 <0.001 [.420 .447]

ODA -2.22 .402 -5.53 <0.001 [-3.01 -1.43]

Net FDI 2.56 2.15 1.19 0.233 [-1.65 6.78]

Primary FDI -2.14 .446 -4.79 <0.001 [-3.02 -1.27]

Industry .799 .445 1.80 .072 [-.072 -1.67]

Health Exp. 1.66 .202 8.21 <0.001 [1.26 2.05]

Constant 14.98 13.31 1.13 0.261 [-11.11 -41.07]

a. Group Variable: countries; N. obs = 540; N. groups = 15
b. Scale parameter: 158.28; Waldχ2(5) = 11183.36, Prob > χ2 = 0.0001
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Table A.5: SADC: Between Estimation Output.a, b, c

Variable Coef. Std. Err. z P > |z |
[95% Conf.
Interval]

Between Estimates, Model (J)

ODA -3.73 36.53 -0.10 0.921 [-87.97 80.52]

Net FDI .133 .099 1.35 0.214 [-.094 .360]

Industry -29.32 10.28 -2.85 0.021 [-53.02 -5.63]

Primary FDI 70.10 92.10 0.76 0.468 [-142.28 282.50]

Health Exp. 3.97 9.58 0.41 0.689 [-18.11 26.06]

Constant -166.65 575.07 -0.29 0.779
[-1492.77
1159.46]

a. Group Variable: countries; N. obs = 504; N. groups = 14

b. sd(νi + avg(i)) = 39.84; F(5, 8)= 3.30; Prob > F = 0.065
c. R2: within = 0.026 between = 0.674 overall = 0.170

Robust Model (K)1, 2, 3

MU5 1.58 .161 9.81 <0.001 [1.20 1.96]

ODA -3.12 10.17 -0.31 0.768 [-27.18 20.93]

Net FDI .009 .030 0.28 0.787 [-.063 .080]

Industry -3.26 3.91 -0.83 0.431 [-12.49 5.97]

Primary FDI 16.24 26.23 0.62 0.556 [-45.79 78.25]

Health Exp. 1.15 2.68 0.43 0.681 [-5.19 7.49]

Constant -80.98 160.37 -0.50 0.629 [-460.20 298.25]

1. Group Variable: countries; N. obs = 504; N. groups = 14

2. sd(νi + avg(i)) = 11.09; F(6, 7)= 51.53; Prob > F =< 0.0001
3. R2: within = 0.950 between = 0.978 overall = 0.970
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Table A.6: ECOWAS: Between Estimation Output.a, b, c

Between Estimates, Model (L)

Variable Coef. Std. Err. z P > |z |
[95% Conf.
Interval]

ODA -14.14 8.15 -1.73 0.117 [-32.58 4.30]

Net FDI 72.17 138.07 .52 0.614 [-240.16 384.50]

Primary FDI 26.23 24.53 1.07 0.313 [-29.27 81.73]

Industry -39.84 16.15 -2.47 0.036 [-76.36 -3.31]

Health Exp. 7.12 8.31 0.86 0.413 [-11.66 25.92]

Constant -194.94 788.38 -0.25 0.810
[-1978.37
1588.50]

a. Group Variable: countries; N. obs = 540; N. groups = 15

b. sd(νi + avg(i)) = 20.31; F(5, 9)= 3.09; Prob > F = 0.068
c. R2: within = 0.378 between = 0.632 overall = 0.452

Robust Model (M)1, 2, 3

MU5 .412 .119 3.47 0.008 [.138 .685]

Primary FDI 22.00 16.49 1.33 0.219 [-16.04 60.02]

ODA .297 6.77 -0.04 0.966 [-15.90 15.31]

Net FDI 19.95 96.28 -0.21 0.841 [-.241.98 202.07]

Industry -10.56 13.73 -0.77 0.464 [-42.21 21.09]

Health Exp. 4.94 5.60 0.88 0.404 [-7.99 17.86]

Constant 134.82 536.93 0.25 0.808
[-1103.34
1372.96]

1. Group Variable: countries; N. obs = 540; N. groups = 15

2. sd(νi + avg(i)) = 13.62; F(6, 8)= 7.73; Prob > F = 0.055
3. R2: within = 0.548 between = 0.853 overall = 0.709
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Table A.7: SADC: Fixed Effects Output.a, b, c, d

Variable Coef. Std. Err. t P > |t |
[95% Conf.
Interval]

Pooled OLS Regression Estimates, Model (N)

ODA -35.46 2.84 -12.50 <0.001 [-41.03 -29.89]

Net FDI -.008 .002 -3.63 <0.001 [-.012 -.004]

Primary FDI -19.72 5.06 -3.90 <0.001 [-29.66 -9.78]

Industry -11.94 1.81 -6.60 <0.001 [-15.50 -8.39]

Health Exp. -.769 .669 -1.15 0.251 [-2.08 .545]

Constant 445.84 35.33 12.62 <0.001 [376.42 515.26]

a. Group Variable: countries; N. obs = 504; N. groups = 14
b.R2within : 0.420 between = 0.432 overall = 0.402
c. F(5,485) = 70.32 Prob > F = <0.0001
d. σ2

ν = 43.69 σ2
ε = 26.85 ρ = .726

Robust Model (O)1, 2, 3, 4

MU5 1.74 .011 162.99 <0.001 [1.72 1.76]

ODA -.465 .436 -1.07 0.287 [-1.32 .392]

Net FDI -.0001 .0003 -0.38 0.705 [-.0007 .0005]

Primary FDI .946 .689 1.37 0.170 [-.407 2.30]

Industry 1.66 .256 6.48 <0.001 [1.16 2.17]

Health Exp. -.052 .090 -0.58 0.565 [-.228 .125]

Constant -28.57 5.55 -5.14 <0.001 [-39.48 -17.66]

1. Group Variable: countries; N. obs = 504; N. groups = 14
2. R2 : within = 0.990 between = 0.972 overall = 0.977
3. F(6,484) = 7696.13 Prob > F =< 0.0001
4. σ2

ν = 9.22 σ2
ε = 3.60 ρ = .868
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Table A.8: ECOWAS: Fixed Effects GLS Regression Output.1, 2, 3, 4

Fixed Effects Estimates, Model (P)

Variable Coef. Std. Err. t P > |t |
[95% Conf.
Interval]

ODA -10.20 1.15 -8.89 <0.001 [-12.45 -7.94]

Net FDI 35.37 6.22 5.69 <0.001 [23.16 47.59]

Primary FDI -6.48 1.31 -4.93 <0.001 [-9.06 -3.90]

Industry -9.82 1.23 -7.99 <0.001 [-12.23 -7.41]

Health Exp. 4.20 .588 7.14 <0.001 [3.04 5.35]

Constant -33.44 38.57 -0.87 0.386 [-109.21 42.32]

1. Group Variable: countries; N. obs = 504; N. groups = 14

2. R2 : within = 0.606 between = 0.498 overall = 0.500

3. F(5,520) = 159.81 Prob > F <0.0001

4. σ2
ν = 20.99 σ2

ε = 15.06 ρ = .660

Robust Model (Q)a, b, c, d

MU5 .433 .007 63.41 <0.001 [.420 .447]

ODA -2.21 .408 -5.42 <0.001 [-3.01 -1.41]

Net FDI 2.66 2.16 1.23 0.220 [-1.59 6.92]

Primary FDI -2.17 .450 -4.83 <0.001 [-3.06 -1.29]

Industry .818 .449 1.82 0.069 [-0.064 1.70]

Health Exp. 1.65 .203 8.15 <0.001 [1.26 2.05]

Constant 14.37 13.08 1.10 0.272 [-11.31 40.06]

a. Group Variable: countries; N. obs = 504; N. groups = 14
b. R2 : within = 0.955 between = 0.803 overall = 0.871
c. F(6,519) = 1832.63 Prob > F =< 0.0001
d. σ2

ν = 11.96 σ2
ε = 5.10 ρ = .846
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Table A.9: SADC: First Differences Estimator.a, b, c, d

Variable Coef. Std. Err. t P > |t |
[95% Conf.
Interval]

First Differences Estimates, Model (R)

odaD1 -1.73 .746 -2.32 0.021 [-3.19 -.262]

netfdiD1 -.00003 .0003 -0.10 0.922 [-.0006 .0005]

primaryfdiD1 -.603 1.55 -0.39 0.697 [-3.64 2.44]

industryD1 -3.84 .928 -4.13 <0.001 [-5.66 -2.01]

hlthexpD1 -.284 .674 -0.42 0.674 [-1.61 1.04]

1. Group Variable: countries; N. obs = 504; N. groups = 14
b. ResidualSS = 8502.69 df = 485 ResidualMS = 17.53
c. F(5,485) = 4.79 Prob¿F = 0.0003 R2 = 0.047
d. AdjR2 = 0.0372 RootMSE = 4.18

Robust Model (S)1, 2, 3, 4

mu5D1 1.71 .014 114.75 <0.001 [1.69 1.74]

odaD1 -.389 .141 -2.76 0.0006 [-.667 -.111]

netfdiD1 3e − 05 5e − 05 0.62 0.537 [7e − 05 1e − 04]

primaryfdiD1 .253 .292 0.87 0.387 [-.321 .826]

Industry -.051 .178 -0.29 0.773 [-.401 .298]

hlthexpD1 .108 .127 0.85 0.397 [-.142 .357]

1. Group Variable: countries; N. obs = 504; N. groups = 14
2. ResidualSS = 301.44 df = 484 ResidualMS = .623
3. F(6,484) = 2306.94 Prob > F = <0.0001 R2 = 0.966
4. AdjR2 = 0.966 RootMSE = .790
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Table A.10: ECOWAS: First Differences Estimator. e, f , g, h

Variable Coef. Std. Err. t P > |t |
[95% Conf.
Interval]

First Differences Estimates, Model (T)

odaD1 -.878 .285 -3.08 0.002 [-1.45 -.319]

netfdiD1 2.49 2.06 1.20 .230 [-1.58 6.55]

primaryfdiD1 -0.874 .338 -2.59 .010 [-1.54 -.211]

industD1 -2.14 .415 -5.16 <0.001 [-2.95 -1.32]

hlthexpD1 .652 .484 1.35 0.179 [-.299 1.60]

2. Group Variable: countries; N. obs = 525; N. groups = 12
b. ResidualSS = df = 521 ResidualMS = 16.45
c. F(5,520) = 10.55 Prob¿F =¡0.0001 R2 = 0.092
d. AdjR2 = 0.083 RootMSE = 2.37

Robust Model (U)1, 2, 3, 4

mu5D1 .464 .005 87.71 <0.001 [.454 .475

odaD1 -.053 .072 -0.74 0.461 -.195 .089]

primaryfdiD1 -0.071 .085 -0.83 .405 [-.239 .097]

netfdiD1 .281 .521 0.54 0.590 [-.743 1.31]

industD1 -.055 .107 -0.52 0.603 [-.266 -.155]

hlthexpD1 -.297 .122 2.43 0.015 [.057 .536]

1. Group Variable: countries; N. obs = 525; N. groups = 15
2. ResidualSS = 184.4 df = 519 ResidualMS = .356
3. F(6,519) = 1420.90 Prob > F = <0.0001 R2 = 0.943
4. AdjR2 = 0.942 RootMSE = .596
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A.6 BSTS Graphical Outcomes: Adding Trend-and-Dynamic Components

(a) Actual Distribution.
(b) Added Trend and

Dynamic Components.

(c) Resultant Distribution. (d) Residuals.

Figure A.27: SADC: Infant Mortality vs. ODA: Bayesian Structural Time Series Outcome.

(a) Actual Distribution. (b) Added Trend and
Dynamic Components.

(c) Resultant Distribution. (d) Residuals.

Figure A.28: SADC: Infant Mortality vs. Health Expenditure: Bayesian Structural Time
Series Outcome.
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(a) Actual Distribution. (b) Added Trend and Dynamic
Components.

(c) Resultant Distribution. (d) Residuals.

Figure A.29: SADC: Infant Mortality vs. Industry: Bayesian Structural Time Series Out-
come.

(a) Actual Distribution.

(b) Added Trend and Dynamic
Components.

(c) Resultant Distribution. (d) Residuals.

Figure A.30: SADC: Infant Mortality vs. Net FDI: Bayesian Structural Time Series Out-
come.
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(a) Actual Distribution. (b) Added Trend and Dynamic
Components.

(c) Resultant Distribution. (d) Residuals.

Figure A.31: SADC: Infant Mortality vs. Primary FDI: Bayesian Structural Time Series
Outcome.

(a) Actual Distribution.

(b) Added Trend and Dynamic
Components.

(c) Resultant Distribution. (d) Residuals.

Figure A.32: ECOWAS: Infant Mortality vs. ODA: Bayesian Structural Time Series Out-
come.
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(a) Actual Distribution.

(b) Added Trend and Dynamic
Components.

(c) Resultant Distribution. (d) Residuals.

Figure A.33: ECOWAS: Infant Mortality vs. Health Expenditure: Bayesian Structural Time
Series Outcome.

(a) Actual Distribution.
(b) Added Trend and Dynamic

Components.

(c) Resultant Distribution. (d) Residuals.

Figure A.34: ECOWAS: Infant Mortality vs. Industry: Bayesian Structural Time Series
Outcome.
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(a) Actual Distribution.

(b) Added Trend and Dynamic
Components.

(c) Resultant Distribution. (d) Residuals.

Figure A.35: ECOWAS: Infant Mortality vs. Net FDI: Bayesian Structural Time Series
Outcome.

(a) Actual Distribution.
(b) Added Trend and Dynamic

Components.

(c) Resultant Distribution. (d) Residuals.

Figure A.36: ECOWAS: Infant Mortality vs. Primary FDI: Bayesian Structural Time Series
Outcome.
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pendencia y desarrollo en América Latina, engl.). Univ of California Press.

Carter, C. K. and R. Kohn (1994). On gibbs sampling for state space models.
Biometrika 81 (3), 541–553.

Charalamous, M. (2002). Modelling mortality by the age and year of death.

319

https://www.brookings.edu/blog/africa-in-focus/2015/05/20/how-finance-flows-to-africa/
https://www.brookings.edu/blog/africa-in-focus/2015/05/20/how-finance-flows-to-africa/


Chawade, A., E. Alexandersson, and F. Levander (2014). Normalyzer: A tool for rapid eval-
uation of normalization methods for omics data sets. Journal of proteome research 13 (6),
3114–3120.

Chen, D., X. Huang, X. Sun, W. Ma, and S. Zhang (2016). A comparison of hierarchical
and non-hierarchical bayesian approaches for fitting allometric larch (larix. spp.) biomass
equations. Forests 7 (1), 18.

Chhabra, G. (2017, 05). A comparison of multiple imputation methods for data with missing
values. 10 (19).

Chib, S. (1998). Estimation and comparison of multiple change-point models. Journal of
econometrics 86 (2), 221–241.

Chipman, H. (1996). Bayesian variable selection with related predictors. Canadian Journal
of Statistics 24 (1), 17–36.

Chirot, D. (1977). Social change in the twentieth century. Harcourt Brace Javanovich; New
York.

Chopra, M., A. Sharkey, N. Dalmiya, D. Anthony, N. Binkin, et al. (2012). Strategies to
improve health coverage and narrow the equity gap in child survival, health, and nutrition.
The Lancet 380 (9850), 1331–1340.

Clapp, J. and P. Dauvergne (2011). Paths to a green world: The political economy of the
global environment. MIT press.

Clark, W. A. and K. L. Avery (1976). The effects of data aggregation in statistical analysis.
Geographical Analysis 8 (4), 428–438.

Clausen, A. W. (1985). Poverty in the developing countries. In Address given at the Martin
Luther King, Jr., Center, Atlanta. Washington: World Bank.

Clemens, M. A., C. J. Kenny, and T. J. Moss (2007). The trouble with the mdgs: confronting
expectations of aid and development success. World development 35 (5), 735–751.

Clements, B., S. Gupta, A. Pivovarsky, and E. Tiongson (2004). Foreign aid and revenue
response: Does the composition of aid matter? IMF Finance and Development .

Clyde, M., H. Desimone, and G. Parmigiani (1996). Prediction via orthogonalized model
mixing. Journal of the American Statistical Association 91 (435), 1197–1208.

Coghlan, A. (2015). A little book of r for time series. Dispońıvel em:
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Välikangas, T., T. Suomi, and L. L. Elo (2016). A systematic evaluation of normalization
methods in quantitative label-free proteomics. Briefings in bioinformatics , bbw095.

van Ravenzwaaij, D., P. Cassey, and S. D. Brown (2018). A simple introduction to markov
chain monte–carlo sampling. Psychonomic bulletin & review 25 (1), 143–154.

Vergnano, S. (2012). Verbal autopsy for stillbirth and neonatal deaths–comparing population
cause specific mortality fraction using two methods. Ph. D. thesis, UCL (University College
London).

Wade, R. (1990). Governing the market: Economic theory and the role of government in
East Asian industrialization. Princeton University Press.

Wallerstein, I. (1994). Hold the tiller firm: On method and the unit of analysis. Comparative
Civilizations Review 0 (30), 72.

Wallerstein, I. M. (2011). The modern world system: Capitalist agriculture and the origins
of the European world economy in the sixteenth century. London : Academic Press.

Wang, H., Z. A. Bhutta, M. M. Coates, M. Coggeshall, L. Dandona, K. Diallo, E. B. Franca,
M. Fraser, N. Fullman, P. W. Gething, et al. (2016). Global, regional, national, and selected
subnational levels of stillbirths, neonatal, infant, and under-5 mortality, 1980–2015: a
systematic analysis for the global burden of disease study 2015. The Lancet 388 (10053),
1725–1774.

340

http://www.undp.org/content/dam/undp/library/Poverty%20Reduction/Inclusive%20development/Towards%20Human %20Resilience/Towards_SustainingMDGProgress_Ch5.pdf
http://www.undp.org/content/dam/undp/library/Poverty%20Reduction/Inclusive%20development/Towards%20Human %20Resilience/Towards_SustainingMDGProgress_Ch5.pdf
http://www.undp.org/content/dam/undp/library/Poverty%20Reduction/Inclusive%20development/Towards%20Human %20Resilience/Towards_SustainingMDGProgress_Ch5.pdf
http://www.unesco.org/education/tlsf/mods/theme_a/mod02.html
http://www.unesco.org/education/tlsf/mods/theme_a/mod02.html
https://asiafoundation.org/resources/pdfs/VNPCI2006Report.pdf
https://asiafoundation.org/resources/pdfs/VNPCI2006Report.pdf


Wang, X., K. Smith, and R. Hyndman (2006). Characteristic-based clustering for time series
data. Data mining and knowledge Discovery 13 (3), 335–364.

WCED (1987). Our common future: Report of the world commission on environment and
development. Oxford University Press.

Wetzels, R. and E.-J. Wagenmakers (2012). A default bayesian hypothesis test for correla-
tions and partial correlations. Psychonomic bulletin & review 19 (6), 1057–1064.

White, H. (1980). A heteroskedasticity-consistent covariance matrix estimator and a direct
test for heteroskedasticity. Econometrica: Journal of the Econometric Society , 817–838.

Widner, J. and A. Mundt (1998). Researching social capital in africa. Africa 68 (1), 1–24.

Wilkins, A. S. (2018). To lag or not to lag?: Re-evaluating the use of lagged dependent
variables in regression analysis. Political Science Research and Methods 6 (2), 393–411.

Wimberley, D. W. (1990). Investment dependence and alternative explanations of third
world mortality: A cross-national study. American Sociological Review , 75–91.

Windmeijer, F. (2005). A finite sample correction for the variance of linear efficient two-step
GMM estimators. Journal of econometrics 126 (1), 25–51.

Wood, S. N. (2017). P-splines with derivative based penalties and tensor product smoothing
of unevenly distributed data. Statistics and Computing 27 (4), 985–989.

Wooldridge, J. M. (2009). Introductory econometrics a modern approach. usa: South-western
cengage learning.

Wooldridge, J. M. (2010). Econometric analysis of cross section and panel data. MIT press.

World Bank (2010). World Development Indicators 2010. https://tinyurl.com/y6jfj3bg.

World Bank (2014). World Development Indicators. http://data.worldbank.org/data-

catalog/worlddevelopment-indicators.

World Bank Group Archive [WBGA] (1974). Statement by Robert S. McNamara, Pres-
ident of the World Bank and the International Development Association. January 24,
1974. Technical report, McNamara Papers, Statements, Speeches, and Interviews, Box 2,
WBGA.

World Health Organization [WHO] – Department of Making Pregnancy Safer (2006). Neona-
tal and perinatal mortality – country, regional and global estimates. Geneva, Switzerland:
World Health Organization.

341

https://tinyurl.com/y6jfj3bg
http://data.worldbank.org/data-catalog/worlddevelopment-indicators
http://data.worldbank.org/data-catalog/worlddevelopment-indicators


World Health Organization [WHO] (2015). Child health. http://www.afro.who.

int/en/clusters-a-programmes/frh/child-and-adolescent-health/programme-

components/child-health.html.

Yairi, T., Y. Kato, and K. Hori (2001). Fault detection by mining association rules from
house-keeping data. In Proceedings of the 6th International Symposium on Artificial In-
telligence, Robotics and Automation in Space, Volume 18, pp. 21. Citeseer.

You, D., J. R. New, and T. Wardlaw (2012). Levels and trends in child mortality. report
2012. estimates developed by the un inter-agency group for child mortality estimation.

Zhang, G. and R. Little (2009). Extensions of the penalized spline of propensity prediction
method of imputation. Biometrics 65 (3), 911–918.

Zorn, C. (2001). Estimating between-and within-cluster covariate effects, with an application
to models of international disputes. International Interactions 27 (4), 433–445.

342

http://www.afro.who.int/en/clusters-a-programmes/frh/child-and-adolescent-health/programme-components/child-health.html
http://www.afro.who.int/en/clusters-a-programmes/frh/child-and-adolescent-health/programme-components/child-health.html
http://www.afro.who.int/en/clusters-a-programmes/frh/child-and-adolescent-health/programme-components/child-health.html


BIOGRAPHICAL SKETCH

Olufunlola Arowolo was born in Ibadan, Nigeria and is a naturalized citizen of the United

States of America. She spent her formative years in the Eastern and Southern regions of

Africa. Olufunlola is an experienced government relations professional and completed her

doctoral degree at The University of Texas at Dallas in the Summer of 2019.

343



       

 
               OLUFUNLOLA (LOLA) AROWOLO, MBA, MS 

           lolaarowolo.com 

 

 

EDUCATION 

The University of Texas at Dallas 

PhD, Public Policy & Political Economy                                          Aug. 2019  

Economic and Demographic Data Analysis Certificate            

Relevant coursework: Bayesian Statistics for Social Science; Structural Equation 

Modeling;  

Time Series Analysis; Regression Analysis. 

 

The University of Louisiana at Lafayette                                                                                                                   

M.S., Mass Communication; Minor in French  

Thesis: Crisis Communication and the Role of Appeal Strategies: The 

Humanitarian Crisis in Darfur 

MBA; Minor in Economics 

B.A., French; Minor in Mathematics 
B.S., Mechanical Engineering (Classification: Senior, 21 hrs to completion)    

 

The University of Essex 

Dynamic Modeling Course Completion Certificate                                                            
 

PROFESSIONAL EXPERIENCE 

 

NABIRM Global, LLC -- Windhoek, Namibia                                                                                                              

Global Brand & Marketing Manager  
Telecommute, Carrollton, TX (part-time)                             Apr. 2012 – Nov. 2018

• Edit/update company website.                                                                  

• Manage design-related projects (InDesign, Adobe Photoshop).      

             Overseas: Windhoek, Namibia:                                             Sept. 2011 – Apr. 2012 

• Built company website; designed marketing materials; created  

and edited all in-house and external communications programs,  

pamphlets and brochures.  

• Responsible for organizing company launch; liaised with government  

officials, members of the diplomatic corps and national media; oversaw 

all public relations matters; Master of Ceremonies during official  

company launch.  

• Managed human resources, including payroll and hiring of new staff members.

 

 

CURRICULUM VITAE



 

 

 

Grantmakers for Effective Organizations (GEO) - Washington, D.C. 

Website Consultant (One-month contract)                          Aug. 2011 – Sept. 2011 

• Contracted to build "Scaling What Works" website (front-end  

scripting) for the Obama Administration's Social Innovation Fund. 

• Structured the site and added functional deep-linking. 

• Edited site content and graphics layout. 

 

The Borgen Project - Washington, D.C. 

Regional Director (volunteer position) -- 4th and 5th District  
of Maryland                                                                             Jan. 2011 – July 2011  

• Oversaw communications with the Offices of U.S. Representatives  

and Senators about bills concerning the Project. 

• Planned and coordinated advocacy efforts for the project with  

other regional directors and leaders, including organizing Capitol  

Hill visits to support House and Senate bills concerning the  

well-being of the disenfranchised in developing countries. 

• Managed press releases; promoted events and organized meetings  

related to the project in the Washington, D.C. area. 

 

Bill & Melinda Gates Foundation (Tides Foundation) - Washington, D.C. 

HYLF Consultant (One-month contract)                               Oct. 2010 – Nov. 2010 

• Contracted (short-term) to write the Annual Review of the HYLF  

Steering Committee for the 2011 grantees.  

• Wrote several detailed reports on funding activities for HYLF fiscal year. 

• Developed the annual meeting report to serve as decision-making 

reference and guide for the Steering Committee.  

 

University of Louisiana at Lafayette - Lafayette, LA  

Communications Department 

Research and Teaching Assistant                                           Aug. 2006 - Dec. 2009 

• Taught public speaking courses to university students ranging  

from freshman to senior level. 

• Oversaw social activities for Qatari exchange students in the entire  

exchange program semester.

Office of International Affairs (OIA)  

• Event planning & coordination; logo design; program sponsor  

recruitment; special event budget management; also provided  

on-the-job training to co-workers. 

• Re-structured and organized the International Friendship Program, which  

involved: leading and coaching new team members; website management;  

managing orientation activities; preparing quarterly newsletter. 



 

 

 

• Earned Sigma Gamma Mu honor:  "Service above and beyond call 

of duty on behalf of the USAID-Middle Eastern Partnership  

Initiative". 

• Authored message format of mass e-letters for weekly events  

used campus-wide and on social media. 

 

 

INTERNSHIPS 

Miami-Dade County Office of Intergovernmental Affairs - Washington, D.C.  

Communications Associate                                              Mar. 2011 – June 2011 

• Prepared federal resolution spreadsheets for prioritizing city-wide  

project funding opportunities. 

• Wrote and edited Weekly Reports (for the Miami-Dade County  

governor's office) on the D.C. Office activities on Capitol Hill. 

• Monitored news and press releases for federal regulations  

pertinent to Miami-Dade County. 

 

United Nations Association of the National Capital Area (UNANCA) -

Washington, D.C.  

Communications and Media Program Assistant                Sept. 2010 – Jan. 2011   

• Managed and edited website daily using Joomla, CitySoft, and  

SALSA Labs 

• Created and edited the UN Express (e-newsletter) & UN Vision  

                  (flagship publication) using InDesign  

• Coordinated publication progress and authored annual reports, press  

                  releases, and other promotional materials 

• Facilitated UNA-NCA and UN-related event promotion to the D.C.  

                  community, academic institutions, and media for web and newsletter  

                  publication  

• Conducted interviews with prospective interns 

 

United Nations Office of the High Representative (UN-OHRLLS), United 

Nations Headquarters - New York, NY 

Communications Associate                                                 June 2008 – Aug. 2008

• Assisted in planning and organizing UNAIDS conference. 

• Researched and edited publication to guide program of actions  

implementation for least developed countries (LDCs) for decade  

2001-2010. 

• Wrote correspondences for the High Representative; drafted agenda  

for High Representative's bilateral meeting with world leaders at the  

2008 World Summit opening of the 62nd General Assembly. 

• Wrote speeches delivered by High Representative in the Second  

Committee of the General Assembly. 

• Amended OHRLLS publication on the effect of climate change on  

LDCs and Small Island Developing States (SIDS). 

 



 

 

National Park Service - Lafayette, LA 

Data Monitor                                                                      May 2004 – Aug 2004  

• Responsible for extensive updates and edits of the national park flora, 

fauna and animal database  

• Edited and updated National Park website 

 

 

WEB DESIGN PROJECTS 

NABIRM Global, LLC: www.nabirm.com  (front-end development and editing) 

Geofunders: http://scalingwhatworks.org/  (front-end development and editing) 

UNANCA: www.unanca.org  (editing) 

 

PROFESSIONAL AFFILIATIONS 

Red Cross - Photographer (Volunteer)                                                      

United Nations Association of the National Capital Area                                                                                                                          

Women in Cable Television (WICT)                                    

                  Peace and Development Network (PCDN)  

US Global Leadership Coalition (USGLC)   

The World Association of Former United Nations Interns and Fellows 

(WAFUNIF)                                           

Phi Beta Delta International Honor Society                                                                                        

 

 

ADDITIONAL INFORMATION 

Technical:  STATA, R, LaTeX, AMOS, InDesign; CMS Platforms  

(Joomla, WordPress); Photoshop; SABRE; CitySoft; SALSA. 

Languages:  French, Yoruba. 

 

 

  (Professional references available upon request). 


	Acknowledgments
	Abstract
	Table of Contents
	List of Tables
	List of Figures
	LIST OF ACRONYMS
	INTRODUCTION
	Preamble
	Development Economics vs. the Practice of Development
	Economic Fundamentalism in the Development Context
	Economic Development in Tandem with Human Development
	Human Development as a Function of Economic Development
	Infant Mortality as an Indicator of Development

	Statement of the Problem
	Concluding Statements

	REVIEW OF EMPIRICAL LITERATURE
	Introduction
	Study Significance: Identifying Development Pathologies
	Background: Sources of Foreign Capital
	Foreign Capital Inflows: ODA
	Foreign Capital Inflows: FDI

	How Does Child Development Respond to Capital Accumulation?
	Infant Mortality Assumption
	Infant Mortality Risk Review: Intertemporal Utility Function

	Theoretical Development: Framing Under-development
	ODA: Identifying Development Pathologies
	FDI: Identifying Development Pathologies

	Counter-theoretical Arguments
	Comparative Design Analysis (CDA)
	CDA: Discussion
	CDA: Concluding Thoughts


	METHODOLOGY: PRELIMINARY DIAGNOSTICS
	Research Questions
	Hypothetical Expectations
	Measurement of Study Variables: Sampling Frame
	Measurement of Study Variables: Unit of Analysis

	Measurement of Dependent Variable: Infant Mortality
	Theoretical Infant Mortality Index

	Operationalization of Study Variables
	Data Source and Variable Definitions

	Sub-regional Confidence Intervals
	Missingness Overview: National Demographic Data


	METHODOLOGY: BAYESIAN IMPUTATION
	Missing Data: An Overview
	General Bayesian Imputation Framework
	Visualization of Simultaneous Imputation Modeling Process

	Empirical Overview: AMELIA II
	Amelia Assumptions
	Procedural Summary

	AMELIA II: Preliminary Round Results
	Naïve Approach

	P-SPLINES
	Empirical Overview: Spline Smoothing

	SMOOTHING SPLINES
	Final Round Results
	Imputation Error Metrics


	METHODOLOGY: MODEL (I): FREQUENTIST ROUNDS
	Frequentist vs. Bayesian Perspectives
	MODEL (1): RANDOM EFFECTS ESTIMATOR
	Model (I) Specification: Random Effects Estimator
	Jarque Bera Extension: Test for Normality

	Model (I): Results of Random Effects Estimation
	Model (I): Hypothesis 1: ODA Predictive Power
	Model (I): Hypotheses 3: FDI Overall Effect
	Model (I): Hypothesis 2: Correlational Significance: ODA
	Model (I): Hypotheses 4: Correlational Significance: FDI

	Model (I): Determining Goodness of Fit: Random Effects Estimator
	MODEL (I): FINDINGS: THE NEED FOR MODEL OPTIMIZATION
	Re-visiting Jarque Bera Assessments.
	Assessing Cross-Sectional and Time-Series Error Dependence

	Model (I): Conclusion

	METHODOLOGY: MODEL (II): BAYESIAN STATE SPACE
	Model (II): Bayesian State Space Model (BSSM)
	Model (II): Justification
	Model (II) Controls: Bayesian State Space Model
	Control Functions
	Spike-and-slab Priors

	Model (II): Spectral level: Prior Fine-tuning Assumptions
	Model (II) Specification: Bayesian State Space Model
	Model (II): Results: Diagnostics II
	Hypothesis Testing II
	Model (II): Hypothesis 1: ODA Predictive Power
	Model (II): Hypotheses 3: FDI Overall Effect
	Model II: Hypothesis 2: Correlational Significance: ODA
	Model (II): Hypotheses 4: Correlational Significance: FDI

	Summary of Hypothesis Testing Outcomes

	DISCUSSION: Methods Approach
	Study Overview
	EMPIRICAL OVERVIEW
	On Prior Specifications
	On Controlling for Model Parameter Variation
	On Normalization
	On Standardization
	On Imputation Effectiveness

	Scope and Delimitations

	DISCUSSION: A Policy Perspective
	Revisiting: Economic Growth vis-á-vis Human Development
	Revisiting: Human Development vis-á-vis Public Funding Mechanisms

	Revisiting the Study-defined Problem Statement
	Towards Policy Re-visioning: Extant Institutions
	Role of Institutions
	Local African Bond Markets: Alternative Financing Source

	Towards Policy Re-visioning: Study Results vis-á-vis Policy Implications

	CONCLUSION
	Future Study: Forecasts
	Concluding Statements

	INDEX OF ADDITIONAL STUDY DESCRIPTIVES, DIAGRAMS,  AND TABULAR OUTPUTS
	Missingness Categories
	Sub-regional Confidence Intervals
	ECOWAS and SADC Missingness Line Charts
	Sub-regional ACF and PACF PLOTS
	Pooled OLS and Individual-Specific Effects: Test Results
	BSTS Graphical Outcomes: Adding Trend-and-Dynamic Components

	References
	Biographical Sketch
	CURRICULUM VITAE




