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Since the passage of the Health Information Technology for Economic and Clinical Health

(HITECH) Act to reform the U.S. healthcare system, health information technology (IT) has

attracted much attention from researchers, care practitioners, patients, and policy makers.

Among various aspects of IT use in healthcare, information sharing has been considered as

a key component in improving U.S. healthcare. In spite of numerous efforts to meaningfully

use IT for information sharing, inefficiency issues still remain. This dissertation studies the

economics of information sharing in healthcare and provides insights to formulate the right

mechanisms to achieve the goal of IT-driven healthcare reform.

The first essay examines the contract issues between a policy maker and care providers

that can cooperate by implementing health information exchanges (HIEs). Using a game-

theoretical model, we show that neither the traditional fee-for-service (FFS) payment model

nor the pay-for-performance (P4P) models induce socially optimal outcomes, while an episode-

based payment (EBP) model we identified induces the socially desirable effort levels and HIEs

adoption. We further show that the value of an HIE is the highest under the FFS model and

the lowest under the P4P models. Our findings imply that as payment models evolve over
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time, there is a real need to reevaluate the value of information sharing though HIE and the

government policies that induce providers to adopt an HIE.

The second essay studies the role of information sharing in formulation of policy instruments

under the new risks of providers’ medical ligation owing to health IT. Specifically, we exam-

ine the role of information sharing in formulation of policies on healthcare operations in the

presence of physicians’ liability concerns by using a game-theoretic model. We find when

litigation is a concern, an underprovisioning policy may become optimal under the litigation

risk, depending on the benefit and cost of the health service. We further show that strategi-

cally controlling the sharing of risk information restores the optimality of a standard policy

(non-underprovisioning). The results of this study imply that the widespread practice of in-

formation sharing may induce underutilization of care resources to mitigate the medico-legal

risks due to health IT.

In the last essay, we study the impact of patient portals on treatment outcomes in the con-

text of kidney allocation for transplant. Using a longitudinal data set of kidney transplant

cases, we empirically show that with the implementation of patient portals for information

sharing, patients are more likely to use care resources (donated kidneys) that are underuti-

lized without access to a patient portal. However, the impact could be heterogeneous on

sub-populations. This indicates that the efforts to bridge the digital divide may benefit some

groups of patients at the expense of other groups, leading to further service disparities in

the care service.
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CHAPTER 1

INTRODUCTION

1.1 Payment Mechanisms, Incentives For Adoption and Value of Health Infor-

mation Exchanges (HIEs)

The American health care system has long been characterized as highly inefficient even

though it can provide the most advanced care (Garber and Skinner, 2008). In a recent

study of efficiency of health care spending across developed nations, the U.S. ranked near

the bottom (Huffington Post, 2015). Although many factors have been claimed for such an

inefficient outcome from the operational perspective, such as being a sick care system, the

inefficiency in the healthcare delivery is partially attributed to misaligned incentives among

various care providers from the economics perspective.

In a recent article, the Secretary of Health and Human Services set forth the goal of the

U.S. government as to achieve increased coordination, harnessing the power of information,

and high-value care (Burwell, 2015). Although the need for newer payment models and

better coordination of providers through IT-enabled Health Information Exchanges (HIE)

has been recognized, insights regarding the relationship among a payment model, providers’

incentives to coordinate or invest in HIE, and the value of HIE in terms of improving quality

and/or reducing cost have not been clearly articulated. In this chapter, we aim to develop

a coherent understanding of these insights using a game theoretical model. Specifically, we

seek to answer the following key research questions: (i) Do the currently adopted payment

models such as fee-for-service (FFS) and pay-for-performance (P4P) induce HIE adoption

and socially optimal quality of care?, (ii) Is there a payment model that induces HIE adoption

and socially optimal quality of care, and if so, what are the key characteristics of such a

payment model, and (iii) What is the value of HIE under different payment models?

Our model setup includes two providers, a single payer (social planner), and a single

patient. We model healthcare services given to the patient for a particular disease or a
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health condition requiring one of the provider’s attention (A or B) which we call an episode.

The providers exert observable (and hence sharable) effort as well as unobservable (and

hence unsharable) effort in treating a patient. The patient needing care during an episode

first visits her preferred provider. If the patient is not cured by her preferred provider in

her first visit, the patient may return to the same provider or switch to the other provider

for the second visit. The new provider has access to the sharable or observable services

provided by the first one if and only if both providers participate in the HIE. On the other

hand, irrespective of HIE adoption, the providers have access to their own first-visit services

if the patient returns to them for a second visit. However, in case the patient returns to

the same provider for the second visit, the providers second visit efforts have a diminished

effectiveness. The providers incur a cost when they adopt the HIE.

We find that, regardless of patient switching behavior, FFS neither induces HIE adoption

nor does it lead to socially optimal provider efforts. On the other hand, the P4P model can

induce the first-best solution under some conditions; specifically, when the patients have a

very weak incentive to switch providers. However, when the patients have a moderate or

a strong incentive to switch providers, the P4P model (i) may fail to induce HIE adoption

when it is socially desirable, (ii) may fail to induce the socially desirable patient switching

behavior, and (iii) does not produce socially optimal effort levels. The P4P models achieve

a higher quality of care and a higher overall social welfare compared to the FFS model,

supporting the view that they are an improvement over FFS.

We identify a specific EBP model that induces socially optimal HIE adoption, patient

switching behavior, and provider efforts, implying that the EBP model is superior to both

FFS and P4P models from the social welfare maximization perspective. This EBP model

reduces to the P4P model when patients have a very weak incentive to switch providers.

When patients have a moderate or a strong incentive to switch providers, the proposed EBP

model has three distinct characteristics: first, it is multilateral in the sense that the payment
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to a provider depends not only on the providers own efforts and outcome but also those of the

other provider. Second, the payment in this EBP model is sequence dependent in the sense

that payment to a provider is contingent upon whether the patient visits the provider first or

second. Finally, rewarding a good outcome while simultaneously penalizing a bad outcome

is an essential feature of the proposed EBP model. The key intuition for the presence of

the above characteristics in the first-best inducing contract is the two key features exhibited

by the HIE-induced externalities in our healthcare setting. First, when a provider adopts

HIE, the observable effort exerted by him can affect the outcome of the other. We refer to

this as the effort-related feature. Second, when a provider adopts HIE, the adopter does not

benefit from it and the other provider benefits only when he is the second provider. We refer

to this as the sequence-related feature. A social planner internalizes both these features for

the first-best solution, and a bilateral and sequence-dependent payment contract is able to

fully account for the externalities. Finally, we also show that the value of HIE is critically

dependent on the payment model. The value of an HIE - defined as the social payoff under

HIE minus the social payoff under no HIE - depends critically on the payment model used by

the payer as well as the patient switching behavior induced by it. The value of HIE is higher

when patients switch than when they do not regardless of the payment model. Moreover, the

value of an HIE is the highest under the FFS model and the lowest under the P4P models,

while its value under the EBP model is between the values resulting from the FFS and P4P

This research has several policy implications. Alternative payment models and care coor-

dination through HIE have become the cornerstones of national healthcare policy. Although

there has been many references made to the importance of changing payment models and its

interdependence to health IT, we are not aware of any study that seeks prescriptive answers

to whether and when the alternative payment models incentivize care providers to adopt

HIE. This question becomes especially important if HIE adoption, and proper use of it,

cannot be mandated. Furthermore, there is also the question of how much value is ordered
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by HIE under different payment models. The results of this research could provide policy

makers the critical information on the specific payment setups that drives coordination of

care through an IT product. Such knowledge could also allow hospital administrators to

prepare for the imminent payment reform through care coordination using HIEs.

1.2 When IT Creates Legal Vulnerability: Not Just Overutilization But Un-

derprovisioning of Health Care Could Be A Consequence

There is a growing interest in better understanding the new vulnerabilities created by

ubiquitous IT. A recent special issue of Information Systems Research, (Ransbotham et al.,

2016) identifies several mechanisms through which the vulnerabilities are created and out-

lines a research agenda for exploring the societal problems resulting from IT. One of those

mechanisms is the increased visibility of information. The IT-induced information visibility,

while offering several benefits such as increased transparency and better decision making,

can also enable or exacerbate privacy concerns and intellectual property theft. Another sig-

nificant downside to the enhanced information visibility is the increased legal vulnerability

decision makers face in the event of an adverse outcome, which is the focus of this paper.

One of the legal implications of wider use of IT is that it enables plaintiffs to have easier

access to evidence data in support of a lawsuit. it is recognized that widespread adoption of

electronic health records (EHRs) and health information exchanges (HIEs) heightens health

care providers’ duties to search for patient information generated by other caregivers (such as

the physical examination results and other risk factors) and creates a legal responsibility to

act on that information (Mangalmurti et al., 2010). The phenomenon - the heightened legal

vulnerability faced by decision makers because of IT (or associated increased information

visibility) - arises in many other contexts including security, crime prevention, and law

enforcement (Pena, 2008; O’Neill, 2005; Madigan, 2018).

4



An important consequence of malpractice litigation is the physicians’ practice of defensive

medicine which refers to the practice of recommending a diagnostic test or treatment that

is not necessarily the best option for the patient but mainly serves the function to protect

the physician against the patient as potential plaintiff. More than 80% of physicians report

practicing defensive medicine, which leads to an estimated wasteful spending of $45 billion

nationwide annually. Therefore, from a social planner’s perspective, designing a system or

a set of policies that accounts for the decision makers’ response to the possible increased

litigation risk created by IT is critical. Towards this end, we examine the social planner’s

problem using health care as an illustrative context.

In this chapter, we examine the potential impact of the legal vulnerability created by

ubiquitous IT and provide insights into its unintended consequences. Clearly, a social planner

would balance the trade-offs between the benefits and costs of health IT and formulate

policies that seek to maximize the social welfare. The policies would account for how health

care providers will respond to the increased visibility of patient data and possible litigation

risks associated with it. Taking the social planner’s perspective, we seek to answer the

following key research questions: (i) Can the social planner develop policies that will induce

the first-best solution that maximizes social welfare in the presence of litigation risk and

health IT?; (ii) When the policies do not achieve the first-best, what are the adverse impacts

of information sharing enabled by health IT?; (iii) How can the adverse impact be mitigated?

We develop a stylized game-theoretical model of a health care context where a physician

conducts a medical test on a patient that visits him and then recommends a follow-up (which

could be a treatment or further testing), or no further action. A social planner develops

screening policies that specify who should see the physician based on specific indicators such

as the existence of certain risk factors and/or clinical history, and, follow-up policies that

specify the recommended course of action based on test results and/or risk factors. Because

information visibility is a key determinant of legal liability, we focus on the information
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sharing role of health IT. In the presence of health IT, both the risk and the test information

are available to the physician at the time of decision making. Yet, in the absence of health

IT, the risk information may not be readily available to him. In the case of a false-negative

outcome, the patient files a lawsuit against the physician. The success of the lawsuit (i.e.,

whether the patient wins the lawsuit) depends on the availability of information to the

physician at the time of decision making and the screening and follow-up policies regarding

the usage of such information.

We show that when malpractice litigation is not a concern for the physician or when the

patient’s risk factor is not shared with the physician, the social planner can set policies that

induce the first-best solution and maximize the social welfare. On the other hand, when

litigation is a concern and the risk factor is shared with the physician, the social planner

is unable to always induce the first-best solution because conflicting risk and test infor-

mation can exacerbate the physician’s litigation risk. The additional vulnerability results in

overutilization of health care in the form of defensive medicine in some cases, as conventional

wisdom would suggest. In some other cases, it does not alter the social planner’s policies nor

the physician’s actions, but the additional litigation risk leads to social utility loss. More

importantly, under some conditions, socially optimal policies may require underprovisioning

of health care for some high-risk patients in the presence of health IT. This finding stands

in sharp contrast to conventional wisdom that legal vulnerability results in overutilization of

health care. On the other hand, this finding provides theoretical support to the arguments

of some that underprovisioning may be necessary to curtail the overutilization of health

care. The underprovisioning of health care is aggravated if the precision of the risk factors

relative to that of the medical test increases or the physician becomes more self-interested

and less patient-oriented. On the other hand, limits on malpractice damage can alleviate

the underprovisioning of health care.

We believe our findings have several implications for health policy makers regarding the

meaningful use of health IT. First, while the widespread use of health IT would decrease the
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malpractice costs as it contributes to reducing medical errors and improving care quality,

it may also create new forms of medical liability and more exposure to existing liability

which may hinder healthcare providers from extracting the full potential. The policies are

articulated through guidelines. Our research shows that flexible guidelines that leads to

underprovisioning may indeed be needed to deal with the litigation risk introduced by the

increased data sharing, as it reduces the usefulness of the guideline in supporting the litigation

claim (Liang, 2015). Second, our findings imply that no-information sharing could be the

strategic choice with rigid guidelines if policy implementation could fully control the sharing

of risk information. If not, a flexible guideline should be considered as an alternative to

deal with the defensive medicine that emanates from information sharing. Third, The key

to the success of coordination is the development of effective care protocols to standardize

care. This is because care protocols such as guidelines specify in which conditions limited

resources should be used while considering the trade-offs between the associated costs and

benefits (Green 2012). In that regard, our paper characterizes the conditions where flexible

guidelines could be a solution to the over-utilization problem under the increased litigation

risks emanating from information sharing.

1.3 Empowering Patients Can Increase Digital Divide: The Effects of Patient

Portals on Kidney Allocation

In recent years, it has been recognized that healthcare providers are responsible to es-

tablish an effective relationship with their patients that promotes patients to engage in care

delivery by sharing relevant information with the patients (Emont, 2011; Irizarry et al., 2015;

Finkelstein et al., 2012). A patient web portal tethered to an electronic health record (EHR)

systems, also known as personal health record (PHR), has been considered an an effective

technology for providing patients with access to their own electronic records. The conven-

tional view about patient portals is that patients’ access to information can lead to a greater
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patient engagement in chronic diseases management because (i) chronic care requires con-

tinuous oversight of health condition, (ii) continuity of oversight and timely action heavily

rely on active patient participation, and (iii) patient can make informed decision with the

help of such decision aids. However, little is known about whether and how access to pa-

tient portals improves care outcomes partly due to lack of research context where the portal

intervention works (Finkelstein et al., 2012; Goldzweig et al., 2009). In this chapter, we

extend the research on patient portal by examining the relation between information sharing

through a patient portal and individual patients care outcomes in the allocation of kidneys

for transplant where patients often have a high degree of autonomy in making a decision

on treatment options, complex trade-offs required to make the decision, and patients under-

standing and involvement increases over time. In the context of kidney transplantation, we

examine the following research questions: (i) whether the adoption of an IT artifact can mit-

igate inefficiencies in the allocation of care resources in general; (ii) whether the adoption of

the IT magnify or alleviate the disparity issues around patients accessibility to the resources

(kidneys) for the care service (transplant).

We utilize data from two sources - Scientific Registry of Transplant Recipients (SRTR)

Standard Analytic Files (SAF) and Healthcare Information and Management Systems Soci-

ety (HIMSS) database. SRTR SAF includes transplant center profiles, recipient and donor

characteristics. We supplement SRTR SAF with HIMSS database that offers a large health-

care IT adoption data including the portal adoption of hospitals and key functionalities

featured by portals. To study the impact of patient portals on transplant access, we use the

time to transplant (deceased donor transplant) as the dependent variable. Specifically, time

to transplant is the time difference between the date the patient registered to the waitlist

and the date that the patient was removed from the list due to transplant. Policy makers

recognize the time to transplant as a primary outcome measure for ‘Access.’ The main in-

dependent variable is Portal-main which is coded on a scale from 0 to 2 and it indicates no
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portal adoption, portal adoption with PHR, and portal adoption with PHR and access to

lab test results, respectively. To control for variations in patient portals features, we also

use a binary variable, Portal-add which takes a value of one if a transplant center adopted a

patient portal with any of the non-clinical features, billing, scheduling, and registration. We

use two types of control variables to account for alternative variations for the time-to-event.

We include factors related to individual patients to control for patient-level variations, follow-

ing the literature on the kidney transplant. We also include center-level controls, following

reports on transplant centers activities.

We use competing risks models that analyze covariate effects on the time duration be-

tween an entry and exit of a subject under the existence of more than one event that remove

a subject from the record. Our models show that when a patient has access to health in-

formation through a patient portal, the likelihood that the patient receives deceased donor

transplant at a given point in time increases. Interestingly, we find that the effect of a

patient portal is moderated by patients’ education and ethnicity status. A potential expla-

nation for this result is that those with insufficient health information processing skills can

feel frustrated even when a decision aid is available, or lose interest in utilizing information.

This implies that socio-economic factors can play an important role in utilizing information

sources featured by patient portals. We conduct a series of robustness checks and find our

main results remain qualitatively consistent.

Our findings provide meaningful implications to policy makers and healthcare providers.

From a managerial perspective, our findings imply that patient portal implementation can

facilitate the rapid placement of donated kidneys, improve post-transplant outcomes, reduce

the workload for waitlist management for deceased-donor kidney transplant. Management

of transplant candidates (or wait-listed patients) requires enormous efforts from transplant

centers because transplant centers need to frequently communicate with patients, conduct

routine medical tests, and educate patients. A increased transplant rate by portal inter-

vention can significantly improve financial soundness of a transplant program. On the other
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hand, however, the impacts may be limited to specific patient groups such as highly educated

or non African-American patients, which requires transplant hospitals to approach different

strategies in implementing patient portal intervention for the improvement of their patient

management. From a societal perspective, our study demonstrates that patient portals have

positive impacts in reducing time to transplant for deceased-donor transplants without the

expense of sacrificing other efficiency outcomes. However, since the impact could very on

subpopulations, the efforts to bridge the digital divide may benefit some patient group at

the expense of other groups, leading to further disparities in the care service. Our analysis

of multiple factors provides a more clear picture for a better policy-making to reduce the

existing disparities in transplant. Specifically, policymakers can utilize

Our research also contributes to the literature on digital divide. Digital divide tradi-

tionally focuses on IT accessibility. When sufficient resources are available for an IT-driven

transformation for all, disparities due to accessibility can be mitigated. However, in an en-

vironment where the supply of final goods or services is highly limited, the issues regarding

the effects of IT in mitigating the disparities of the supply becomes more important than the

issues of IT accessibility (Srivastava and Shainesh, 2015). (Wei et al., 2011) extend the view

of the digital divide to that of a service divide to understand the role of IT in the utilization

of limited (service) resources. Kidneys are scarce societal resources, and therefore a central

decision maker allocates donated kidneys to patients suffering from end-stage renal disease

(ESRD). A fair and efficient allocation is critical, yet a very difficult task. Our research ex-

tend the discussion on the role of IT in the service divide by examining a unique healthcare

context, access issues around kidney transplants and the role of IT.
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CHAPTER 2

PAYMENT MECHANISMS, INCENTIVES FOR ADOPTION AND VALUE

OF HEALTH INFORMATION EXCHANGES (HIES)

2.1 Introduction

The American healthcare system has long been characterized as highly inefficient even

though it can provide the most advanced system of care (Garber and Skinner, 2008). In

a global study of healthcare-spending efficiency across developed nations, the U.S. ranked

near the bottom (Huffington Post, 2015). Although many reasons, such as the emphasis

on sick care rather than healthcare, have been cited, inefficiency in delivery is largely at-

tributed to misaligned economic incentives and lack of care coordination among providers

(Barr, 2016). Recognizing these drivers of inefficiency, the Secretary of Health and Human

Services (HHS) recently set forth the goal of the U.S. government to achieve increased coor-

dination, harnessing of the power of information, and higher-value care (Burwell, 2015). In

particular, the HHS identified 1) setting the right incentives for providers through new pay-

ment models and 2) aligning the IT practices—namely, coordinating care through IT-enabled

health-information exchanges (HIEs)—as keys to success in realizing these goals. The role of

payment models in influencing the providers’ care provision and the role of HIEs in achieving

better care coordination are apparent and have been well recognized (Furukawa et al., 2013).

However, the payment models and HIEs have subtle interactions in incentivizing providers

and patients to choose socially desirable actions and these interactions have not been clearly

articulated either in the academic literature or in the discussion of the recent initiatives by

the HHS.

While the payment models and HIEs are seemingly independent, each seeking to accom-

plish a different objective, they affect one another in a crucial way. A payment model affects
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providers by altering the intensity and the type of the services (or effort) they provide (El-

lis and McGuire, 1996). Similar to other contracting contexts, two types of effort exist in

healthcare services: observable and unobservable. In reality, the observable effort is related

to the services that can be well documented and reported such as tests, procedures, and

physician notes. The unobservable part of the effort is those services that are difficult to

document and report, such as the diligence in interpreting the test results and the detailed

communication between the physician and the patient. While payment to a provider can be

contingent on the level of observable (and thus verifiable) effort, it cannot be contingent on

the level of unobservable (and unverifiable) effort. The health economics literature deems

observable effort as contractible physician actions and unobservable effort as noncontractible

physician actions (McGuire, 2000). Consequently, payment models are likely to influence the

type and amount of effort providers exert. Furthermore, the observable effort is the type of

effort that can be shared with other providers. In fact, the analysis of HIE access logs sug-

gests that physicians most frequently access laboratory and radiology reports—observable

actions taken by other providers (Campion et al., 2013). Hence, there is a clear connec-

tion between what is “observable” and what is “sharable.” Furthermore, it is known that a

provider participating in an HIE is less likely to repeat diagnostic tests when test information

is available from other providers as part of electronic health records (EHR) (Bailey et al.,

2013). Given the natural link between observable effort and sharing of it through HIEs, and

the connection between payment model and the type as well as the level of provider effort,

the value and adoption of HIEs depends critically on the adopted payment model.

Another important consequence of HIE adoption is that it can alter the “competition”

among providers. For instance, when providers adopt HIEs, they have access to the history

of observable efforts of other providers for the patients. However, providers have access to

the history of only their own efforts if they do not adopt HIEs. Consequently, patients are

less deterred from switching providers during an episode when providers adopt HIEs than
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when they do not. In other words, the HIEs can intensify provider competition for patients,

while simultaneously enabling cooperation among providers through sharing of observable

efforts about patients (Grossman et al., 2006; Adjerid et al., 2016).

Because of the intricate interactions among payment model, provider efforts, HIEs, and

patient behavior, it is unclear whether prevailing and newer payment models encourage care

providers and patients to choose actions that lead to the most desirable social outcomes

(O’Malley, 2011). In a recent keynote speech at the 2016 Workshop on Health IT and Eco-

nomics, Richard G. Frank—a renowned health economist and former Assistant Secretary

for Planning and Evaluation at the HHS—confirmed this observation and argued that the

current shift toward outcome-based payment models would not necessarily lead to successful

HIE adoption if proper quality measures related to payment arrangements are not selected.

In particular, one criticism of the new payment models is the use of unilateral quality mea-

sures that does not adequately capture the value of information exchange between providers.

The lack of interdependency between payment models and incentives for HIE adoption will

inevitably diminish the effectiveness of coordination efforts (Frank, 2016). Consistent with

this argument, in this chapter, we aim to develop a coherent understanding of the interre-

lationships among new/existing payment models, the providers’ incentives to exert efforts

and coordinate through—or invest in—HIEs, patients’ choices of providers, and the value of

HIEs. Specifically, we seek to answer the question of how the payment structure should be

designed to maximize the social welfare that accounts for all the interrelationships among

stakeholders articulated above.

2.1.1 Health Information Exchanges

In an attempt to improve care quality and reduce costs, the Centers for Medicare and

Medicaid Services (CMS) introduced the Meaningful Use incentive program (Blumenthal

and Tavenner, 2010). The program provides nearly $27 billion in incentive payments to
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hospitals and physicians for adopting EHRs over the course of ten years. An important

criterion for receiving incentive payments is the ability to demonstrate the capability to share

information among disparate providers. Such capability is effectively enabled through HIE

platforms that electronically move clinical data among participating healthcare providers.

Sharable information may include lab results, radiology reports, discharge summaries, and

vital health information, among others (Furukawa et al., 2013).

Although HIEs promise substantial value in improving quality of care and generating

significant cost savings through efficiency gains (Hillestad et al., 2005), recent studies suggest

that the exchange of information outside the boundaries of healthcare organizations is limited

(ONC, 2014). In particular, it has been pointed out that the prevalent payment structure

in the U.S. could present a substantial barrier to widespread health information sharing

(Furukawa et al., 2013). The lack of exchange of electronic health information is a concerning

issue for not only the policy makers, but also the industry leaders and consumer advocates

(Shapiro et al., 2016). Furthermore, the alternative payment models introduced as part

of the recent legislative efforts assume widespread exchange of health information among

providers (Bitton et al., 2012). However, it is unclear how much value is offered by HIEs

and whether providers would adopt HIEs under various payment models.

2.1.2 Payment Models

Despite several proposals and pilots for alternative payment models, fee-for-service (FFS)

is currently the dominant payment model for compensating providers for the services they

render to patients. Electronically capturing the healthcare data through EHR is attractive

in an FFS environment because it facilitates compliance and revenue generation through

better coding of provider services. However, there is widespread consensus that the FFS

model promotes volume and intensity rather than value (Rosenthal, 2008). Ever-increasing

healthcare costs and unsatisfactory quality have prompted the introduction of the pay-for-

performance (P4P) models in the last decade.
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P4P models aim at realigning incentives for reducing costs while improving the quality

and mitigating the moral-hazard problem associated with the FFS model (Ellis and McGuire,

1996). Although the specifics may vary across P4P models, these payment schemas generally

reimburse the providers based on outcome measures such as quality, efficiency, or patient

satisfaction, thereby focusing on value over volume (Rosenthal and Dudley, 2007). Recog-

nizing the need for outcome-based payments to improve care quality, Value-Based Payment

(VBP) modifier was created for providers participating in Medicare (Jha, 2013). The VBP

modifier adjusts a provider’s compensation upwards or downwards based on the provider’s

performance relative to that of its peers. It is expected that the corresponding gain or loss

due to the adjustment will realign providers’ incentives with payer’s goals. The evidence on

whether this P4P model achieves the intended objective is mixed (Goitein, 2014).

The mixed evidence on the success of P4P models and the continuing interest in “value”

have paved the way for a broader payment reform (Rosenthal, 2008) and led the Department

of HHS to consider bundling of payments on the basis of a clinically defined episode of

care, namely an episode-based payment (EBP) (Burwell, 2015), rather than on the basis of

individual services rendered by providers. Under EBP, the payer reimburses the independent

providers participating in the episode based on the outcome of treatment efforts related to

a single condition. For example, consider a patient who undergoes a bypass surgery at

a hospital and later gets readmitted to the same or another hospital (readmission is an

indicator of low quality). The payer then makes payments to hospitals in the episode using

a pre-determined rate, which is a function of i) typical cost of a bypass surgery and ii)

the extent to which the hospital in the initial admission is accountable for the readmission

(e.g., see Brantes et al., 2009, for an example of the distribution of EBP payments in such

a scenario). However, whether the EBP or the P4P models coordinate care through HIEs is

unclear, prompting policy makers to call for a scrutiny of payment models (Frank, 2016).
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2.1.3 Model Setup and Summary of Main Findings

We examine the role of payment models in providers’ choices of effort levels and HIE

adoption decisions and patients’ choices of providers in the context of a stylized healthcare

setting with two providers. The providers exert observable (and hence sharable) effort as

well as unobservable (and hence unsharable) effort in treating a patient. The patient needing

care during an episode first visits her preferred provider. If the patient is not cured by her

preferred provider in her first visit, the patient may return to the same provider or switch

to the other provider for the second visit. The new provider has access to the sharable or

observable services provided by the first one if and only if both providers participate in the

HIE. On the other hand, irrespective of HIE adoption, the providers have access to their

own first-visit services if the patient returns to them for a second visit. However, in case the

patient returns to the same provider for the second visit, the provider’s second visit efforts

have a diminished effectiveness. The providers incur a cost when they adopt the HIE.

We show that HIE adoption is socially optimal only when the cost of adoption is less

than a certain threshold value, which is increasing in a patient’s incentive to switch providers

during an episode (represented by the reduced effectiveness in a return visit to preferred

provider). This result suggests that, for a given HIE adoption cost, HIE adoption is more

attractive for the society when patients are more inclined to switch providers. More impor-

tantly, from the social welfare perspective, the desirable HIE adoption status and patient

switching behavior are not independent. When patients have a strong (weak) incentive to

switch providers, the socially desirable patient behavior is switching (not switching) whether

or not HIE adoption is socially desirable. However, when patients have only a moderate in-

centive to switch providers, the socially desirable scenario is the one in which patients switch

providers when HIE adoption is socially desirable and return to their preferred providers

when HIE adoption is not socially desirable. Therefore, any potential benefit of HIE accrues

solely from its impact on provider coordination when patients have either a strong incentive
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to switch providers or a strong incentive to return to same providers. When patients have a

moderate incentive to switch providers, however, the benefit of HIE arises both from provider

coordination and through HIE’s impact in altering the patient behavior.

We find that, regardless of patient switching behavior, FFS neither induces HIE adoption

nor does it lead to socially optimal provider efforts. Moreover, it may not also induce the

desirable patient switching behavior. On the other hand, the P4P model can induce the

first-best solution under some conditions; specifically, when the patients have a very weak

incentive to switch providers. However, when the patients have a moderate or a strong

incentive to switch providers, the P4P model (i) may fail to induce HIE adoption when it

is socially desirable, (ii) may fail to induce the socially desirable patient switching behavior,

and (iii) does not produce socially optimal effort levels. The P4P models achieve a higher

quality of care and a higher overall social welfare compared to the FFS model, supporting

the view that they are an improvement over FFS.

We identify a specific EBP model that induces socially optimal HIE adoption, patient

switching behavior, and provider efforts, implying that the EBP model is superior to both

FFS and P4P models from the social welfare maximization perspective. This EBP model

reduces to the P4P model when patients have a very weak incentive to switch providers.

When patients have a moderate or a strong incentive to switch providers, the proposed EBP

model has three distinct characteristics: first, it is multilateral in the sense that the payment

to a provider depends not only on the provider’s own efforts and outcome but also those of

the other provider. Second, the payment in this EBP model is sequence dependent in the

sense that payment to a provider is contingent upon whether the patient visits the provider

first or second. Finally, rewarding a good outcome while simultaneously penalizing a bad

outcome is an essential feature of the proposed EBP model.

We further show that the EBP model delivers not only the lowest healthcare cost but

also the highest quality of care. However, the EBP model does not necessarily minimize
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the total payments to providers. The finding suggests that the switch to the first-best

inducing EBP model from the prevailing FFS and P4P models may not reduce the payment

to providers but the extra payments, if any, will be accompanied by quality improvements.

The P4P model indeed delivers a higher quality while simultaneously reducing the total cost

compared to the FFS model, but the P4P model also does not necessarily reduce the payment

to providers compared to the FFS model. The FFS model results in the highest total cost,

lowest quality, and highest observable effort among the three payment models, providing

support to the claim that the FFS model promotes volume at the expense of quality. On

the other hand, the FFS model also results in the lowest provider payment among the three

models, suggesting that the providers’ fear of reduced compensation under newer payment

models (e.g., see Goitein, 2014) may be unwarranted.

Finally, we show that the value of an HIE—defined as the social payoff under HIE minus

the social payoff under no HIE—depends critically on the payment model used by the payer

as well as the patient switching behavior induced by it. The value of HIE is higher when

patients switch than when they do not regardless of the payment model. Moreover, the

value of an HIE is the highest under the FFS model and the lowest under the P4P models,

while its value under the EBP model is between the values resulting from the FFS and

P4P payment models. Hence, assessing the value of an HIE independent of the underlying

payment mechanism and the patient switching behavior result in over- or under- estimating

the true benefit of the adoption. This finding also suggests that (i) even if HIEs do not

offer a positive payoff under the centralized setup (i.e., from a social planner’s perspective),

HIEs may be beneficial under the FFS model, and that (ii) even when the HIEs offer a

positive payoff under the centralized setup, HIEs may not be beneficial under the P4P

models. Therefore, as new payment models evolve, the value of HIEs and the government

intervention policies that promote HIE adoption must be carefully reevaluated taking into

account the factors that influence patients’ provider choices.
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2.2 Literature Review

Our study relates broadly to the literature on the value of IT, and specifically, to the

adoption and value of health IT. The question of the value of—and, therefore, firms’ incentive

to invest in—IT has been extensively studied in the IS literature (Melville et al., 2004). The

main focus of this stream of work is to understand whether IT adoption improves a firm’s

performance or competitive position (Bharadwaj, 2000). Researchers have examined various

forms of IT adoption decisions, including electronic data interchange (e.g., Premkumar et al.,

1997), customer relationship management (e.g., Zablah et al., 2012), e-business (e.g., Zhu

et al., 2003), and information security technology (e.g., Cavusoglu et al., 2005, 2009). While

some empirical studies indicate that firms are more likely to invest in IT to improve their

strategic position (Iacovou et al., 1995), others suggest that firms are less inclined to invest

in IT because the value of IT is competed away and, ultimately, customers and partners

appropriate the returns from these investments in the form of higher quality or lower prices

(Brynjolfsson and Hitt, 1996). In terms of the impact on firm profits, the evidence is also

mixed, ranging from none or negative (e.g., Hitt and Brynjolfsson, 1996) to positive (Mithas

et al., 2012). Our study contributes to the ongoing discussion about the value of IT-based

technology adoptions. However, unlike prior studies—where the level of competition between

firms shapes the adoption decisions because firms invest in IT to gain competitive edge or to

improve productivity/profitability—we focus on how a social planner can design an incentive

structure (i.e., payment model) to induce providers to cooperative through HIEs even though

such a cooperation could facilitate the patient’s switching from one provider to another.

There has been substantial research on the value and adoption of health IT, specifically

that of electronic medical records (EMR) and HIEs. (Chiasson and Davidson, 2004) and

Romanow et al. (2012) provide a comprehensive review of health IT research over the last

two decades. (Fichman et al., 2011) identify salient dimensions of the healthcare domain and

recommend further research on the role of information systems. Much of the work on health
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IT has focused on EMR. For instance, the impact of EMR on physician productivity (Bhar-

gava and Mishra, 2014; Hah et al., 2013; Lee et al., 2013), workflow (Zheng et al., 2010),

quality of care (McCullough et al., 2013; Aron et al., 2011a), readmission (The Hospital

Readmission Workgroup, 2012), and care efficiency (Dranove et al., 2014; Menon and Lee.,

2000; Angst et al., 2011) have been examined in the past. Research on the adoption and

value of HIE is recent. Using longitudinal data on adoption decisions, (Yaraghi et al., 2013)

demonstrate network effects in HIE’s diffusion among various types of healthcare providers.

(Miller and Tucker, 2014) show that hospital size is an important determinant of EMR and

HIE adoption and that larger hospitals are more likely to adopt EMR but less likely to

adopt HIE. Grounding their research in social network theory, service operations theory,

and institutional isomorphism theory, (Yaraghi et al., 2015) identify HIE adoption and use

behaviors from a longitudinal database of medical practices. (Desai, 2013) examines the

impact of competition on provider’s HIE-adoption decisions. (Adjerid et al., 2016) studied

the moderating role of capitation-based payments in HIE’s impact on reduced costs. Al-

though these empirical studies expand our understanding of HIEs, many of these studies

suffer from a small sample and have been conducted in a localized setting. Thus, there is

little generalizable evidence regarding the cost and quality benefits of HIEs (Rahurkar et al.,

2015).

There exist a few theoretical models examining various drivers of HIE adoption and value.

(Ozdemir et al., 2011) show that when a patient controls the sharing of health information,

an independent platform providing personal health records (PHR) services can align the

incentives for information exchange under competition. They present Google Health and

Microsoft HealthVault, online PHR services, as evidence to support their findings. However,

Google’s decision to discontinue the initiative and the uncertainty in Microsoft’s business

model suggest that empowering consumers may not necessarily drive information sharing

(Morris et al., 2012). The view that HIE adoption can be driven by incentivizing providers,
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and not by having patients carry their health records across providers, is consistent with

the realities of the healthcare industry and expert opinion (Frank, 2016; Mahajan, 2016).

(Demirezen et al., 2016) show how the subscription fee affects the sustainability of providers’

participation in HIE. However, these studies investigate the value, and therefore adoption,

of HIEs without any reference to the underlying payment model, unlike our study.

There is voluminous literature in the healthcare domain about the role of payment models

in delivery of healthcare services. The health-economics literature consists of two broad

streams: (i) the use of coordination mechanisms on the demand side (i.e., patients) to

maximize the social welfare, such as cost sharing (e.g., Zeckhauser, 1970), and (ii) the impact

of payment characteristics on the supply side (i.e., providers) in efficient care delivery (e.g.,

Ellis and McGuire, 1986). Our study falls under the second stream and we refer readers

to (Newhouse, 1996) and (Cutler and Zeckhauser, 2000) for a comprehensive review of the

literature on payment models. Recent research has studied payment models in the healthcare

domain to assess their impacts on patient selection (Ata et al., 2013), quality outcomes

(Fuloria and Zenios, 2001), patient waiting times (Jiang et al., 2012), providers’ workload

and compensation (Powell et al., 2012), provider’s process compliance (Lee and Zenios, 2012),

hospital readmission (Carey, 2015), and the payer’s problem of choosing providers’ proposals

to bundle payments (Gupta and Mehrotra, 2015). However, to the best of our knowledge,

there is no prior research examining the role of payment models on the incentives to adoption

HIEs and their value under the different payment models.

Because the type and the extent of health services provided depends on the payment

terms agreed upon between the payer and the provider, our research is also related to the

vast literature on contracting. Since the early 1990s, the theory of incentives has been

extensively studied within vast application areas (Gibbons, 2005; Laffont and Martimort,

2009). For instance, in the IS literature, issues related to contract design have been studied

in the context of IT outsourcing services, such as software development (e.g., Dey et al.,
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2010; Wu et al., 2012; Chen and Bharadwaj, 2009) and information security management

(e.g., Cezar et al., 2013; Lee et al., 2013; Rowe, 2007). The contracting problem we study

has distinctive characteristics in that it deals with multiple agents (i.e., providers) with

sequential efforts exerted in stages where i) the outcome in each stage is determined by two

types of efforts (observable and unobservable), and ii) agents control not only the levels of

efforts they exert, but also the sharing of the observable effort with subsequent agents via

HIEs.

2.3 The Model

Our model setup includes two providers A and B, a single payer, and a heterogeneous

population of patients with a mass normalized to one. The payer behaves as a social planner

in the sense that it seeks to maximize the social payoff. The CMS is an example of such a

payer. We label a particular disease or health condition requiring a provider’s attention as

an episode.1 When an episode strikes a patient, she visits one of the two providers. The

patients have a heterogeneous preference regarding the provider they want to visit first. The

patient’s provider choice for the first visit could arise from factors such as the distance of the

provider from the patient and the provider reputation. We assume without loss of generality

that a patient prefers provider A with probability θ and θ > 1/2.2 For a patient, if the

treatment succeeds (referred to as cured) at the end of the first visit, the episode ends. If

the treatment in the first visit fails (referred to as not cured), the patient can choose to visit

1We assume a single episode in our model for expositional clarity. In general, providers may face multiple
episodes and these episodes can be for different health conditions. Modeling multiple episodes and making
HIE adoption decision based on the expected payoff over all episodes do not alter qualitative findings we
present in this chapter. However, it complicates the analysis extensively. Nevertheless, modeling a single
episode may still be the actual scenario for specialty care hospitals. Namely, a heart hospital may only deal
with heart patients or a surgical hospital may specialize in hip or knee replacement.

2A patient’s provider preference for the initial visit can be modeled explicitly using the Hotelling model,
but this approach does not change the results other than endogenizing θ based on additional exogenous
model parameters.
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the other provider or return to the same provider in her second visit to seek care for the

same condition.3 The episode ends after two visits whether or not the patient is cured after

the second visit.

In any of the visits related to an episode, we call the services rendered by the provider

for diagnosing and treating the health condition as effort. The provider effort consists of

observable and unobservable parts. We denote the level of observable and unobservable

efforts exerted by provider i during a visit given that the patient (possibly) visited provider j

in a previous visit within the same episode using eij and êij, respectively. Clearly, i ∈ {A,B},

but j can take one of three values: j = 0 when it is the patient’s first visit, j = i when the

patient returns to i for her second visit, and j ̸= i, which we denote as j = (−i), when the

patient switches to provider i for her second visit after visiting the other provider first.

We assume that there is a single HIE platform that providers can adopt. We consider the

HIE adoption to indicate both contributing to and retrieving from a common information

pool, which is consistent with the ‘directed exchanges’ where a provider both sends and

receives information.4 We treat only the observable effort as sharable information with the

other provider. The two providers can exchange the observable efforts via the HIE only

if they both adopt it. We let Si ∈ {H,N} represent the HIE status of provider i with H

denoting the adoption and N denoting the nonadoption of HIE. This, in turn, generates four

possible adoption-status pairs based on the providers’ HIE adoption decisions: (SA, SB) ∈

{(H,H), (H,N), (N,H), (N,N)}.

3We could also consider a model in which a patient does not visit any provider after an unsuccessful
first visit with a positive probability, but this alternative model does not alter the qualitative results or the
insights provided in the paper.

4For more information on different forms of HIEs, see https://www.healthit.gov/providers-
professionals/health-information-exchange/what-hie. Different forms serve different purposes which include
1) query-based exchanges, often used in unplanned care settings, 2) consumer-mediated exchanges, where
patients manage their health information online, and 3) directed exchanges, that enable disparate providers
to share information for a patient in a non-emergency settings such as inpatient or outpatient care. (Williams
et al., 2012).
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The probability that a patient is cured in any visit depends on several factors including

the provider efforts in the current visit, available provider efforts from the previous visit

of the episode, and providers’ HIE adoption decisions. Specifically, we make the following

observations regarding the probability of cure in any visit.

(i) The observable and unobservable efforts exerted by the provider during the current

visit affect the treatment outcome.

(ii) If the current visit is the patient’s second visit to the same provider during an episode,

then the observable and unobservable efforts exerted by the provider during the first

visit also affect the outcome because the provider will have access to the details of the

previous visit. However, when the patient visits the same provider after a failed first

visit, all else being equal, the additional effort exerted by the same provider in the

second visit will have a diminished impact on the outcome. We use parameter t to

model the reduction in treatment effectiveness when the patient sees the same provider

for the second time and refer to it as the ineffectiveness in treating a returning patient.

The parameter t also indicates the patients’ incentive to switch providers during the

episode; a larger value implies a stronger incentive to switch providers, ceteris paribus.

(iii) The HIE adoption status affects the cure probability because HIE facilitates coordi-

nation through the communication of clinical records. The HIE has an impact only

when both providers adopt it. Thus, we define the following indicator function for the

providers’ HIE statuses.

p(SA,SB) =

1, if (SA, SB) = (H,H),

0, otherwise.

When both providers adopt HIE, i.e., p(SA,SB) = 1, the following effects occur: (a) the

HIE allows both providers to have access to the observable parts of the entire patient
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record, specifically the observable efforts for the current episode and possibly prior

episodes as well. The clinical history benefits the providers and improves the cure

probability regardless of whether it is the first or the second visit for the patient. We

denote this effect using parameter α. (b) When a patient visits a different provider for

her second visit, the second provider can access the first provider’s observable effort

related to the current episode as well, which also affects the outcome.

We assume that the probability of cure in a visit is a nondecreasing concave function

in all available provider efforts. For easier exposition and simplicity, we assume a linear

probability function.5 A linear function for the probability of success or benefit is common

in the literature for model tractability reasons (e.g., see Varian, 2004; Koh et al., 2017; Hao

et al., 2017; Lee et al., 2016). Let βp
ij be the probability of cure when the patient visits

provider i given that she has possibly visited j previously and the HIE status is p(SA,SB).

Then we have the following.

βp
ij =



ei0 + êi0, if j = 0 and p = 0,

α + ei0 + êi0, if j = 0 and p = 1,

ei0 + êi0 + eii + êii − t, if j = i and p = 0,

α + ei0 + êi0 + eii + êii − t, if j = i and p = 1,

ei(−i) + êi(−i), if j = −i and p = 0

α + ei(−i) + êi(−i) + e(−i)0, if j = −i and p = 1.

Figure 2.1 provides the schematic of the possible paths the patient can take in getting

care for the episode, possible outcomes, and their probabilities.

Provider efforts are costly. We assume a quadratic cost function for both effort types.

Thus, we let the cost of eij be δe2ij and, analogously, the cost of êij be δê2ij, where δ > 0. If

5Linear probability and quadratic cost functions ensure concavity of the payoff function and a unique
interior solution.
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Figure 2.1. Patient pathways for (SA, SB)
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the patient is still not cured after she makes two visits, the patient incurs a cost of u > 0

while the cost of treatment failure at the end of the first visit is normalized to 0. We assume

that the patients are heterogeneous with respect to the cost of treatment failure and let u

be uniformly distributed between U − ϵ and U + ϵ where U > ϵ. The treatment failure cost

is private information of the patient; however, its distribution is common knowledge.

Engaging in information sharing through HIEs is a serious and costly undertaking (e.g.,

see Vest and Gamm, 2010) and providers need to pay the HIE platform operator for using it.

Consistent with the subscription model of HIEs in which the subscription fee is based on the

volume of patients and/or episodes, we let CHIE be each provider’s per-patient-per-episode

cost of adopting and using the health information exchange, and therefore provider A’s HIE

adoption cost is θCHIE and provider B’s HIE adoption cost is (1− θ)CHIE.

Finally, consistent with the per-patient-per-episode level of analysis we follow, we let

ωi ≥ 0 be the reservation payoff of provider i for providing care to the patient during an

episode. We assume that the cost of efforts is sufficiently high and other model parameters

are such that the treatment in each visit has a non-zero and less than one probability of
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failure so as to allow second visits for some patients and to ensure that the HIE adoption

decision is non-trivial.6

2.4 Benchmark: First-Best Solution

We first examine a benchmark scenario in which a centralized social planner makes the

socially optimal choices regarding effort levels and HIE adoption and induces the socially

optimal patient behavior. Clearly, the social payoff is the highest under the benchmark.

While designing a payment model, the social planner would desire to induce the providers

and patients to make the same decisions as those under the benchmark. We refer to the

optimal decisions in the benchmark scenario as the first-best solution.

We use backward induction to derive the first-best solution. We begin with a patient’s

decision when she is not cured after the first visit to her preferred provider. Consider a

patient who is not cured after the first visit to provider j. If the patient goes to provider i,

i ̸= j, for the second visit, the patient’s expected future payoff conditional on the HIE status

p, denoted as V p
ij , is given by

V p
ij := −(1− βp

ij)u =

−(1− ei(−i) − êi(−i))u, if p = 0,

−(1− α− ei(−i) − êi(−i) − e(−i)0)u, if p = 1.

If the patient goes to the same provider j for the second visit, her expected future payoff is

given by

V p
jj := −(1− βp

jj)u =

−(1− ej0 − êj0 − ejj − êjj + t)u, if p = 0,

−(1− α− ej0 − êj0 − ejj − êjj + t)u, if p = 1.

If V p
ij > V p

jj the patient switches to provider i for the second visit after visiting provider j;

otherwise, she stays with the same provider j for the second visit.

6Inequalities (A.1) in Appendix A.1 provide the specific technical conditions.
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The social planner will choose the optimal HIE adoption status and provider efforts

that will induce the desired patient behavior (i.e., switching or no switching) to maximize

the social payoff. We characterize the possible patient behaviors for the second visit after

visiting her preferred provider and not getting cured in the first visit using visit pairs (k, l) =

{(A,A), (B,B), (A,B), (B,A)} , where k denotes the provider in the second visit for a patient

preferring A, and l denotes the provider in the second visit for a patient preferring B.

Then, given the patient switching behavior indicated by pair (k, l) and HIE adoption status

(SA, SB), the social planner’s optimal efforts are given by the solution to the following model:

max Πkl(SA, SB)
eA0,êA0,eB0,êB0
ekA,ekA,êlB ,êlB

=

Expected per patient social payoff when initial visit occurs at A︷ ︸︸ ︷∫ U+ϵ

U−ϵ

θ
[ Cost of initial visit to A︷ ︸︸ ︷

−δe2A0 − δê2A0 +

Second visit probability︷ ︸︸ ︷
(1− βp

A0)

Cost of second visit to k︷ ︸︸ ︷(
− δe2kA − δê2kA − u(1− βp

kA)
) ] 1

2ϵ
du

+

Expected per patient social payoff when initial visit occurs at B︷ ︸︸ ︷∫ U+ϵ

U−ϵ

(1− θ)
[
− δe2B0 − δê2B0 + (1− βp

B0)
(
− δe2lB − δê2lB − u(1− βp

lB)
)] 1
2ϵ
du

−
Expected per patient cost of HIE︷ ︸︸ ︷

θ(1SA
CHIE)− (1− θ)(1SB

CHIE)

s.t.

V P
kA ≥ V P

k̄A,

V P
lB ≥ V P

l̄B,

(2.1)

where Πkl(SA, SB) is the expected social payoff under HIE adoption status (SA, SB) and

patient switching behavior (k, l), 1Si
is an indicator function for provider i’s HIE adoption

status; one if Si = H, zero otherwise, and k̄ = A if k = B and B otherwise and l̄ = A if l = B

and B otherwise. The social payoff function consists of three main parts as described by the

text above the brackets in each part. We note that the two constraints in the above model

denote the incentive compatibility constraints related to the patient’s switching behavior.
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Let the optimal social payoff for the HIE adoption status (SA, SB) and patient switching

behavior (k, l) be Π∗kl(SA, SB). 7 Clearly, the social planner will choose the (k, l) and (SA, SB)

that will result in the maximum Π∗kl(SA, SB). For any patient switching behavior (k, l), the

social planner will choose HIE adoption only when Π∗kl(H,H) is greater than Π∗kl(N,N). The

asymmetric HIE adoption scenarios in which only one provider adopts HIE cannot be an

optimum solution under any patient switching behavior because health information sharing

can bring value only when both providers participate in the exchange. This implies that

asymmetric adoption scenarios cannot be better than nonadoption by either provider, i.e.,

Π∗kl(N,H) < Π∗kl(N,N) and Π∗kl(H,N) < Π∗kl(N,N) for any (k, l).

Before we present the first-best solution, we introduce a threshold on cost of HIE and

two thresholds on ineffectiveness in treating a returning patient. Let CHIE(t) denote the

threshold on CHIE for a given t while tHH and tNN respectively denote thresholds on t for

HIE adoption scenarios (H,H) and (N,N). Define

CHIE(t) :=



−αU(U−2δ(−α+t+2))
2(δ+2U)

, if t ≤ tHH ,

U(8δ3U2(α(2α−7)−2t2+t+2)+32δ5(t−(α−2)α)−4δ(t−1)U4)
8δ2(δ+2U)(4δ2−U2+4δU)

+
U(4δ2U3(4α+t(t+4)−3)−8δ4U(α(7α−12)+2(t−2)t+3)+U5)

8δ2(δ+2U)(4δ2−U2+4δU)
, if tHH < t ≤ tNN ,

U(−32(α−2)αδ5+U5−8δU4+24δ2U3+8(α−4)δ3U2+8(α2−4α+3)δ4U)
8δ3(4δ2−U2+4δU)

, if tNN < t,

where

tHH :=
8αδ4 − 8δ4 + U4 − 4δU3 − 2αδ2U2 − 2δ2U2

2δU (−4δ2 + U2 − 4δU)
+

8αδ3U − 8δ3U

2δU (−4δ2 + U2 − 4δU)

+
2
√

δ (4δ3 − 2U3 + 7δU2 + 12δ2U) (−2(α− 1)δ2 + U2 + (α− 1)δU)

2δU (−4δ2 + U2 − 4δU)
,

tNN :=
2δ4 + δ2U2 + δ3/2

(
−
√
δ + 2U

)
(2δ2 + U2 − 2δU)

2δ3U
.

We then have the following proposition. The proofs for all our results are provided in

Appendix A.1.

7In the rest of the paper, we use superscript ∗ on model parameters to indicate the optimal equilibrium
solution under that model.
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Proposition 1. The first-best solution is specified as follows.

(i) For any given t, the social planner adopts HIE if CHIE < CHIE(t) and does not

adopt HIE otherwise.

(ii) Under HIE adoption scenario (SA, SB) ∈ {(H,H), (N,N)}, the patient returns to

the same provider after an unsuccessful treatment in the first visit if t ≤ tSASB
and

switches to the other provider for the second visit otherwise.

(iii) The optimal effort levels are as shown in Table 2.1.

Table 2.1. The first-best effort levels

Variables CHIE ≥ CHIE(t) CHIE < CHIE(t)

e∗i0
U(2δ(t+2)−U)

4δ(δ+2U)
U(2δ(−2α+t+2)−U)

4δ(δ+2U)

t ≤ tHH
ê∗i0

U(2δ(t+2)−U)
4δ(δ+2U)

U(2δ(−2α+t+2))−U
4δ(δ+2U)

e∗ii, ê∗ii
U
2δ

U
2δ

e∗i(−i), ê
∗
i(−i) NA NA

e∗i0
U(2δ(t+2)−U)

4δ(δ+2U)

U(8(1−α)δ2+U2+2(α−2)δU)
2δ(4δ2−U2+4δU)

tHH < t ≤ tNN
ê∗i0

U(2δ(t+2)−U)
4δ(δ+2U)

U(4(1−α)δ2−U2−2δU)
2δ(4δ2−U2+4δU)

e∗ii, ê∗ii
U
2δ

NA
e∗i(−i), ê

∗
i(−i) NA U

2δ

e∗i0
U(2δ−U)

4δ2
U(8(1−α)δ2+U2+2(α−2)δU)

2δ(4δ2−U2+4δU)

tNN < t
ê∗i0

U(2δ−U)
4δ2

U(4(1−α)δ2−U2−2δU)
2δ(4δ2−U2+4δU)

e∗ii, ê∗ii NA NA
e∗i(−i), ê

∗
i(−i)

U
2δ

U
2δ

Notes. We use “NA” to denote the value when the variable for a variable when it not
applicable.

Figure 2.2 illustrates the salient aspects of Proposition 1. Proposition 1(i) is intuitive;

it shows that, under any patient switching scenario, the social planner will not prefer HIE
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Figure 2.2. A graphical representation of HIE adoption and patient switching in the first-
best. The solid line represents CHIE(t).

adoption if the cost of HIE is greater than the benefit offered by it in that scenario. The

benefit offered by HIE, which is represented by the curve in the figure, is non-decreasing in

t. This is because when the ineffectiveness in treating a returning patient goes up (i.e., t

increases), the benefit of switching to a different provider relative to returning to the same

provider increases and hence the benefit of HIE also increases. If t is so high (i.e., t > tNN)

such that the patient will switch providers even without HIE, then the benefit of HIE is

independent of the level of t.

Proposition 1(ii) reveals that the patient’s optimal provider choice for the second visit

depends on both the ineffectiveness in treating a returning patient and HIE adoption status.

If the ineffectiveness is low (i.e., t ≤ tHH), then the social planner will prefer the equilibrium

in which the patient returns to the same provider, even when HIE adoption is socially

optimal. This is because the benefit from the availability of both observable and unobservable

efforts from the first visit when the patient returns to the same provider exceeds any benefit

from switching to a different provider even when the providers adopt HIE. On the other

hand, if the ineffectiveness in treating a returning patient is high (i.e., t > tHH), then the
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social planner prefers the patient going to a different provider even when HIE adoption is not

socially optimal. That is, returning to the same provider is not welfare maximizing despite

the lack of sharing of the observable effort from the initial visit with the other provider.

Hence, in both these cases of low and high ineffectiveness in treating a returning patient, HIE

plays no role in the social planner’s preference for the patient’s provider switching behavior.

When the ineffectiveness in treating a returning patient is moderate (i.e., tHH < t ≤ tNN),

the social planner prefers that the patient returns to the same provider if HIE is not adopted

and switches to the other provider if the HIE is adopted. In a way, the benefit arising from

HIE-enabled availability of prior observable effort makes switching to the other provider

preferable from the social planner perspective.

Corollary 1. Under the first-best solution, the HIE adoption alters patients’ provider choice

for the second visit only if the ineffectiveness in treating a returning patient is moderate (i.e.,

tHH < t ≤ tNN).

The corollary reveals that in the first-best case, when the ineffectiveness in treating a

returning patient is moderate, the coordination through HIE adoption by both providers

intensifies the competition between the providers in the sense of inducing patients to switch

providers for their second visit. The concern of providers that participation in HIE erodes

their competitive advantage has been widely documented in popular press and academic

research (e.g., see Grossman et al., 2006; Adler-Milstein and Jha, 2012; Yaraghi, 2015). The

above result clearly reflects such an observation, but only when the patient’s incentive to

switch providers (as measured by the ineffectiveness) is neither too weak nor too strong.

2.5 Contracting Problem Under Prevailing Payment Models

The benchmark analysis and results hold when the social planner decides on effort lev-

els and HIE adoption status. However, in practice, the payer contracts with providers to
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compensate for the services they render and providers make decisions to maximize their own

payoffs by considering the contract terms. Therefore payer and provider incentives may not

be aligned. In this section, we consider two of the prevailing payment models: (i) Fee-for-

Service (FFS), and (ii) Pay-for-Performance (P4P). Our primary goal is to examine whether

either of these payment models can induce the first-best solution in a non-cooperative setting.

We assume the following sequence of events, regardless of the payment contract type

offered (for FFS and P4P in the current section and EBP considered in the next section).

Stage 1. The payer offers a payment contract and each provider either accepts or rejects the

contract.

Stage 2. If a provider accepts the contract, he chooses to either adopt or not adopt the HIE.

Stage 3. When a patient visits her preferred provider in her first visit, the provider exerts

efforts and incurs the effort costs.

Stage 4. If the treatment is successful, the episode moves to stage 6; otherwise, the patient

chooses the provider for the second visit.

Stage 5. The provider in the second visit exerts efforts and incurs the effort costs.

Stage 6. The payer reimburses the provider (or both providers) based on the contract pay-

ment terms, all parties realize their respective payoffs, and the episode ends.

We assume that the payer is the social planner that seeks to maximize the expected social

welfare. In Stages 3 and 5, the provider in that stage exerts efforts to maximize his expected

(future) payoff from serving a patient. In Stage 2, the providers make HIE adoption decisions

based on the expected future payoff from serving the whole patient population. The timeline

is consistent with the notion that a provider’s efforts are short-term decisions focusing on

the specific patient, but his adoption of HIE is a long-term decision that accounts for the
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possible impacts of the decision on the expected payoff for the entire episode and for the

whole patient population. We use backward induction to solve the contracting problem and

derive the subgame perfect Nash equilibrium. In our notation for the payment models, we

use superscripts F for FFS and P for P4P. In Stage 3 and Stage 5 of the contracting game, we

use πM
ij (SA, SB) to denote provider i’s payoff in the patient’s current visit to i after visiting

provider j in the previous visit under payment model M and HIE adoption scenario (SA, SB).

Using a similar subscript notation as for the efforts or cure probabilities, let Dp
i0 and Dp

ij

denote the demand for provider i’s care in Stage 3 (first visit in an episode) and Stage 5

(second visit in an episode with prior visit to j), respectively. Then,

Dp
i0 :=

θ, if i = A,

1− θ, if i = B,
, Dp

ij :=

Dp
i0(1− βp

i0), if j = i,

Dp
j0(1− βp

j0), if j ̸= i, j ̸= 0.

Therefore, in Stage 2 of the game, provider i’s expected future total payoff if the patient visits

provide j for her second visit is given by πM
i.j(SA, SB) := Dp

i0π
M
i0 (SA, SB) +Dp

ijπ
M
ij (SA, SB) −

Dp
i0 CHIE p(SA,SB), j ̸= 0. We let eM∗

ij (SA, SB) and êM∗
ij (SA, SB) represent provider i’s optimal

observable and unobservable efforts, respectively, in scenario (SA, SB) under the payment

model M.

We assume that the social payoff is higher when both providers accept the contract and

participate than when they reject the contract and do not participate. Clearly, when either

provider rejects the contract, a segment of the patient population either will not be served or

will have an option to visit a different provider for the second visit, leading to social welfare

loss. Finally, when the payer is indifferent between two values for any payment contract

term, he will choose the smaller value all payment models.

2.5.1 Contracting Under a Fee-for-Service Payment Model

Under the FFS payment model, we let γF
1 denote the payment per unit of observable

effort for the patient’s first visit to a provider. Analogously, let γF
2 denote the payment per
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unit of observable effort for a return visit to the same provider. We also let τF denote the

fixed payment to a provider if the patient visits him during the episode. The fixed payment

to a provider is assumed to be paid when the patient visits that provider for the first time

during the episode.

This payment schedule is consistent with the currently dominant FFS model (e.g., see

Berenson et al., 2012; Jencks et al., 2009) in which a medical payment claim consists of

two main components: (i) the medical condition for which the patient has sought atten-

tion, which is indicated by a code called the International Classification of Diseases in its

10th version (ICD-10), and (ii) tests, procedures, devices, and treatments provided, which

are captured by Current Procedural Terminology (CPT) codes. The fixed payment repre-

sents the compensation for the former component of the claim while the variable payment

compensates the provider for observable services performed by the provider.

If the patient visits provider i in Stage 5 of the game, the provider chooses efforts eij and

êij to maximize his payoff in that stage given by the following:

πF
ij(SA, SB) =

γF
1 eij + τF − δe2ij − δê2ij, if j ̸= i,

γF
2 eij − δe2ij − δê2ij, if j = i.

(2.2)

In Stage 4, the patients choose their second visit provider using the decision rule discussed

in the benchmark case, i.e., they choose the provider that offers a higher patient payoff in

the second visit. In Stage 3 of the game, if the patient visits provider i, then the provider

chooses efforts ei0 and êi0 to maximize his future payoff (which is the sum of the payoff in

Stage 3 and the expected payoff from Stage 5) given by the following:

πF
i0(SA, SB) =γF

1 ei0 + τF − δe2i0 − δê2i0, if patient switches,

γF
1 ei0 + τF − δe2i0 − δê2i0 + (1− βp

i0)π
F∗
ii (SA, SB), otherwise

(2.3)

where πF∗
ii (SA, SB) is the provider’s maximal payoff from a patient’s second visit to him.
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Substituting the optimal Stage 3 and Stage 5 efforts into the payoff functions of providers

A and B, we solve the HIE adoption subgame in Stage 2. Finally, anticipating the providers’

decisions regarding HIE adoption and effort levels, the payer chooses the contract terms, γF
1 ,

γF
2 , and τF, in Stage 1 that maximize the social payoff subject to the providers’ participation

constraints. We assume that the social payoff is higher when both providers accept the

contract and participate than when they reject the contract and do not participate. Clearly,

when either provider rejects the contract, a segment of the patient population will not be

served leading to social welfare loss. When the payer is indifferent between two values for any

payment contract term, he will choose the smaller value in FFS as well as in other payment

models.

Let tF (SA, SB), provided in Appendix A.1, be the threshold for the ineffectiveness in

treating a returning patient under the FFS model and HIE adoption scenario (SA, SB). The

following lemma characterizes the equilibrium under the FFS payment model.

Lemma 1. The equilibrium under FFS has the following properties:

(i) Neither provider adopts HIE.

(ii) The patient returns to the same provider after an unsuccessful treatment in the first visit

if t ≤ tF (N,N) and switches to the other provider otherwise.

(iii) The provider effort levels and contract parameters are as shown in Table 2.2.

Three observations from Lemma 1 are worth noting. (i) Neither provider adopts HIE

in the equilibrium under the FFS model. The primary reason for this finding is that HIE

adoption neither increases the marginal benefit nor reduces the marginal cost of efforts to

providers under this payment model. Therefore, for any given stage, providers’ optimal

efforts, and hence payments as well as effort costs, are identical under (SA, SB) = (H,H) and

(SA, SB) = (N,N) scenarios. However, the cost associated with adoption causes providers
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Table 2.2. The equilibrium under the FFS payment model
Stage 3 and 5 Stage 2 Stage 1

t ≤ tF (N,N) e∗i0
4γF∗

1 δ−(γF∗
2 )2

8δ2 γF∗
1 γ̇F

1(Stage 4: Patient returns e∗ii
γF∗
2

2δ
(S∗

A, S
∗
B)

τF∗ τ̇Fto the same provider e∗i(−i), ê
∗
i(−i) NA = (N,N)

γF∗
2 γ̇F

2for the second visit) ê∗i0, ê
∗
ii 0

t > tF (N,N) e∗i0
γF∗
1

2δ γF∗
1 γ̈F

1(Stage 4: Patient visits e∗ii, ê
∗
ii NA (S∗

A, S
∗
B)

τF∗ τ̈F
the other provider e∗i(−i)

γF∗
1

2δ
= (N,N)

γF∗
2 0

for the second visit) ê∗i0, ê
∗
i(−i) 0

Notes. We define

γ̇F
1 =


4δ2(t+2)U+U3

4δ(δ+U)
, if t ≤ U(4δ−U)

8δ2
,

δ(4δ(1−t−
√
1−2t)+(3−t−

√
1−2t)U)

δ+U
, if U(4δ−U)

8δ2
< t ≤ 2

√
δ

4δ+U
− 2δ

4δ+U
,

2δ, if 2
√

δ
4δ+U

− 2δ
4δ+U

< t ≤ 1
2
,

γ̈F
1 =

4δ−2
√

(4δ2+U2−2δU)+2U

3
,

γ̇F
2 =

{
U, if t ≤ U(4δ−U)

8δ2
,

2
(
δ − δ

√
1− 2t

)
, if U(4δ−U)

8δ2
< t ≤ 1

2
.

We provide the expressions for τ̇F, and τ̈F in Appendix A.1.

to not adopt HIE.8 (ii) If patients switch providers for their second visit, i.e., when t >

tF (N,N), providers exert the same level of observable effort whether the patient visits them

first or second i.e., e∗i0 = e∗i(−i). This is because payment rate for the observable effort

differs only when the patient makes a repeat visit to the same provider. (iii) Regardless

of patient switching behavior, neither provider exerts a positive unobservable effort, i.e.,

ê∗i(−i) = ê∗ii = e∗i0 = 0. The reason for this finding is that there is no payment contingent on

the unobservable effort, but this effort is costly for providers. The lack of observable effort

8We find that in practice some providers adopt HIE under the FFS payment model. This is explained
by the Meaningful Use incentive program of CMS that provides subsidy for HIE adoption (Blumenthal and
Tavenner, 2010).

37



reflects the moral hazard problem that exists in the FFS model and is well recognized in the

healthcare literature (Ellis and McGuire, 1996).

Proposition 2. The social planner cannot induce the first-best solution under the FFS

payment model.

Lemma 1 and Proposition 2 suggest, from the social planner’s perspective, the FFS

model suffers from three limitations: (i) it does not induce HIE adoption even when the

social planner prefers HIE adoption by both providers (i.e., when CHIE < CHIE(t)). (ii)

It does not induce the socially optimal patient switching behavior. For instance, when

tF (N,N) < t ≤ tNN , while the social planner desires the patient to return to the same

provider under no HIE, but the FFS induces the patient to switch to the other provider. (iii)

It does not induce the desired observable effort and is unable to induce any unobservable

effort. Clearly, unobservable provider effort gives rise to a moral hazard issue under FFS,

which partly explains the failure to achieve the first-best solution. A standard approach

to mitigate moral hazard is to make payments contingent on observable outcomes. A P4P

payment model that we examine next follows this approach.

2.5.2 Contracting Under a Pay-for-Performance Model

A P4P model is implemented using one of two approaches—using a penalty or using a

reward. The penalty-based approach penalizes a provider for an unsuccessful visit outcome

while the reward-based approach rewards a provider for a successful visit outcome. Both

approaches are equivalent in our context as any penalty-based P4P model can be converted

into an equivalent reward-based P4P model that yields identical outcomes and vice versa.

Consequently, we present only a penalty-based P4P model, hereafter referred to simply as

the P4P model. In our model, there are two possible outcomes of a patient visit—the patient

is cured, denoted by s = 1, or the patient is not cured denoted by s = 0. The former outcome
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corresponds to good quality of care while the latter one refers to poor quality of care. Under

the P4P model, we let τP denote the fixed payment to a provider if the patient visits him

during the episode. The fixed payment to a provider is assumed to be paid when the patient

visits that provider for the first time during the episode. We let p1 denote the penalty for

a poor quality outcome if it is the patient’s first visit to the provider, and p2 denote the

penalty for a poor quality outcome if it is the return visit to the same provider. No penalty

is imposed if the patient is cured.

If the patient visits provider i in Stage 5 of the game, the provider’s payoff in that stage

is given by the following:

πP
ij(SA, SB) =

τP − δe2ij − δê2ij − p1(1− βp
ij), if j ̸= i,

−δe2ij − δê2ij − p2(1− βp
ij), if j = i.

(2.4)

In Stage 3 of the game, if the patient visits provider i, then the provider’s expected future

payoff is given by the following:

πP
i0(SA, SB) =τP − δe2i0 − δê2i0 − p1(1− βp

i0), if patient switches,

τP − δe2i0 − δê2i0 + (1− βp
i0)
(
− p1 + πP∗

ii (SA, SB)
)
, otherwise.

(2.5)

where πP∗
ii (SA, SB) is the provider’s maximal payoff from a patient’s second visit to him.

Following the backward induction procedure, we solve for the equilibrium under the P4P

model. Unlike the equilibrium under the FFS model, there are two possible HIE adoption

scenarios in the equilibrium under the P4P model: an equilibrium in which both providers

adopt HIE corresponding to the adoption status (H,H), and an equilibrium in which neither

provider adopts HIE corresponding to the adoption status (N,N). The former (latter)

equilibrium occurs when CHIE is less than (greater than or equal to) a threshold value. A

closed-form solution for the equilibrium exists when CHIE is high or when it is low; however,

for moderate values of CHIE, we could not find a closed-form solution. Therefore, for brevity,
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we provide analytical results for the region where a closed form solution exists while providing

numerical result for the other region.

Lemma 2. Suppose either CHIE ≥ C
P

HIE or CHIE ≤ CP
HIE holds. Then, the equilibrium

under P4P is characterized by the following.

(i) Neither provider adopts HIE if CHIE ≥ C
P

HIE, but both adopt HIE if CHIE ≤ CP
HIE.

(ii) Under no HIE adoption scenario (N,N), a patient returns to the same provider after an

unsuccessful first visit if t < tP(N,N) and switches to the other provider otherwise.

(iii) The effort levels and contract parameters are as shown in Table 2.3 and 2.4.

Table 2.3. The equilibrium under the P4P payment model when CHIE ≥ C
P

HIE

Stage 3 and 5 Stage 2 Stage 1

t ≤ tP(N,N)
e∗i0, ê

∗
i0

2δp∗1+2δp∗2(t+2)−(p∗2)
2

4δ(δ+2p∗2)
p∗1 0(Stage 4: Patient returns

e∗ii, ê
∗
ii

p∗2
2δ

(S∗
A, S

∗
B) τP∗ τ̇P(N,N)to the same provider

e∗i(−i), ê
∗
i(−i) NA = (N,N)

p∗2 Ufor the second visit)

t > tP(N,N)
e∗i0, ê

∗
i0

p∗1
2δ

p∗1 p̈1(Stage 4: Patient visits
e∗ii, ê

∗
ii NA (S∗

A, S
∗
B) τP∗ τ̈P(N,N)the other provider

e∗i(−i), ê
∗
i(−i)

p∗1
2δ

= (N,N)
p∗2 0for the second visit)

Notes. We define p̈1 =
2(δ+U−

√
δ2+U2−δU)
3

.

Comparing Lemma 1 and Lemma 2, we observe that the P4P model can induce a nonzero

unobservable effort, unlike the FFS model. Clearly, a penalty for a bad outcome increases

the marginal benefit of both observable and unobservable efforts, leading to a nonzero un-

observable effort that is nondecreasing in the penalty p. However, it is also clear from

Lemma 2 that the equilibrium under the P4P model can differ from that in the bench-

mark. For instance, consider a numerical example with the following parameter values:

CHIE = 0.5, δ = 100, θ = 0.6, U = 20, α = 0.2, t = 0.1 and ωA = ωB = 0, HIE adoption is
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Table 2.4. The equilibrium under the P4P payment model when CHIE ≤ C
P

HIE

Stage 3 and 5 Stage 2 Stage 1

t ≤ min[tP(H,H), 7U
2−4αδU+8δU
4δ2+6δU

]
e∗i0, ê

∗
i0 ėio p∗1 0

(Stage 4: Patient returns
e∗ii, ê

∗
ii

p∗2
2δ

(S∗
A, S

∗
B) τP∗ τ̇P(H,H)to the same provider

e∗i(−i), ê
∗
i(−i) NA = (H,H)

p∗2 Ufor the second visit)

t > tP(H,H)
e∗i0, ê

∗
i0

p∗1
2δ

p∗1 p̈1(Stage 4: Patient visits
e∗ii, ê

∗
ii NA (S∗

A, S
∗
B) τP∗ τ̈P(H,H)the other provider

e∗i(−i), ê
∗
i(−i)

p∗1
2δ

= (H,H)
p∗2 0for the second visit)

Notes. We define ėio =
2δp∗1+2δp∗2(t+2−2α)

4δ(δ+2p∗2)
− (p∗2)

2

4δ(δ+2p∗2)
, p̈1 = U − 1

3
(α − 2)δ − 1

3√
(α− 2)2δ2 + 9U2 + 3(3α− 1)δU . We provide the expressions for τ̇P(SA, SB), and

τ̈P(SA, SB) for ∀(SA, SB) ∈ {(H,H), (N,N)} in Appendix A.1. The equilibrium result in
the parameter space 7U2−4αδU+8δU

4δ@+6δU
< t ≤ tP(H,H) is not provided since we could not find a

closed form solution.

induced and the patient switches to the other provider for the second visit in the first-

best scenario. Under the P4P contract, the social planner is able to induce HIE adoption

and the patient switching behavior with the contract parameters which are set as p∗1 =

17.1314, p∗2 = 0, and τP∗ = 11.8512. However, the equilibrium efforts under this P4P

equilibrium still differ from those in the benchmark. The equilibrium efforts under P4P

are eP∗i0 = êP∗i0 = eP∗i(−i) = êP∗i(−i) ≈ 0.0857 for ∀i ∈ {A,B} but the benchmark efforts are

e∗i0 ≈ 0.1042, ê∗i0 ≈ 0.0496, and e∗i(−i) = ê∗i(−i) = 0.1000 for ∀i ∈ {A,B}. We state a key result

from the penalty-based P4P model in the next proposition.

Proposition 3. (i) If CHIE ≥ C
P

HIE and t ≤ tP(N,N), then the social planner can induce

the first-best solution under the P4P model. (ii) If CHIE ≤ C
P

HIE and t ≤ min[tP(H,H),

7U2−4αδU+8δU
4δ2+6δU

], then the social planner can induce the first-best solution under the P4P model.

(iii) In other cases, the social planner cannot necessarily induce the first-best solution under

the P4P model.
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A comparison of the equilibria under the FFS and P4P models reveals that the P4P

model is superior to the FFS model in the following ways: (i) the P4P model can induce

the first-best solution under some conditions whereas the FFS model does not induce the

first-best solution under any condition, (ii) the P4P model can induce positive unobservable

efforts and thus partly mitigate the moral-hazard problem present under the FFS model.

Basically, under the P4P model, the penalty parameter p motivates the provider to exert

unobservable effort to reduce the expected penalty while there is no such motivation under

the FFS model. (iii) The P4P model possibly induces HIE adoption when it is socially

desirable while the FFS model can not induce HIE adoption at all. (iv) Lastly, the P4P

model can induce a patient switching behavior that is socially desirable by penalizing the

providers for bad quality of care and by internalizing the costs and benefits of HIE adoption.

Despite the superiority of the P4P model over the FFS model along the above dimensions,

the P4P model falls short relative to the first best in the sense that P4P model does not

always induce the socially optimal HIE adoption decisions, patient switching behavior, nor

the socially optimal effort levels.

In summary, the analysis of this section shows that under the currently popular FFS

or P4P payment models do not always induce the first-best solution. Therefore, a critical

question faced by a social planner is whether a new payment model can be designed that

is guaranteed to induce the first-best solution, namely both socially-optimal HIE adoption

decisions, effort levels, and patient behavior. We answer this question affirmatively in the

next section by proposing and analyzing an EBP model.

2.6 Contracting Under the Episode-Based Payment Model

The proposed EBP model makes payments to providers contingent on the episode out-

come, denoted by o. In particular, the following outcomes are possible in an episode: (i)

the patient is cured after the first visit (C), (ii) the patient is cured after a second visit
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to the same provider (CS), (iii) the patient is not cured after a second visit to the same

provider (NS), (iv) the patient is cured after the patient switches to a different provider

for her second visit (CD), and (v) the patient is not cured after the patient switches to a

different provider for her second visit (ND). Under the EBP model, we let τEn denote the

fixed payment to the provider in the patient’s nth, n ∈ {1, 2}, visit for the episode. The fixed

payment to a provider is assumed to be paid when the patient visits that provider for the

first time during the episode. We define the outcome-dependent payment to the provider in

the nth visit under outcome o ∈ {C,CS,NS,CD,ND} in EBP as Pno. The game sequence

for the EBP model remains identical to that for FFS and P4P models as discussed in § 2.5.

Let i be the provider in the patient’s second visit and j be the provider in the patient’s

first visit. Then, provider i maximizes the following payoff in Stage 5.

πE
ij(SA, SB) =

τE2 + βp
ij P2CD + (1− βp

ij) P2ND − δ(e2ij + ê2ij), if j ̸= i,

βp
ij P2CS + (1− βp

ij) P2NS − δ(e2ij + ê2ij), if j = i.
(2.6)

In Stage 3 of the game, provider j in the patient’s first visit maximizes the following payoff.

πE
j0(SA, SB) =



τE1 − δ(e2j0 + ê2j0) + βp
j0P1C + (1− βp

j0)(
βp
ijP1CD + (1− βp

ij)P1ND

)
, if patient switches,

τE1 − δ(e2j0 + ê2j0) + βp
j0P1C + (1− βp

j0)(
πP∗
jj (SA, SB)

)
, otherwise.

(2.7)

Following the backward induction procedure, we derive the equilibrium under EBP, which

is characterized in the following proposition.

Proposition 4. Regardless of the values of t and CHIE, the social planner can induce the

first-best solution via the contracts specified in Table 2.5.

An important feature of the first-best inducing EBP model is that fixed wages are paid

upfront and subsequent payment adjustments are made upon the end of the episode rather
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Table 2.5. First-best inducing EBP contracts
If CHIE ≥ CHIE,

design the E-NN contract
Otherwise,

design the E-HH contract

t ≤ tHH
τE∗1 = τ̇E1 (N,N)
P ∗
2NS = −U

τE∗1 = τ̇E1 (H,H)
P ∗
2NS = −U

tHH < t ≤ tNN

t > tNN

τE∗1 = τ̈E1 (N,N)

P ∗
1C = U − U2

2δ

P ∗
2CD = U + P ∗

2ND

P ∗
2ND = P̈2ND(N,N)

τE∗1 = τ̈E1 (H,H)

P ∗
1C = U + U2

2δ

P ∗
1CD = U

P ∗
2CD = P ∗

2ND

P ∗
2ND = P̈2ND(H,H)

P ∗
2NS = P ∗

1C

Notes. We provide the expressions for τ̇E(SA, SB) and τ̈Ei (SA, SB) ∀(SA, SB) ∈
{(H,H), (N,N)} in Appendix A.1. Furthermore, all parameter not indicated in the table
are set to zero.

than at the end of each visit as in FFS and P4P models. Specifically, we highlight the

following distinctive characteristics of the first-best-inducing EBP contract.

(i) First, under no switching, regardless of HIE adoption, i.e., t ≤ tHH , a simple contract

in which the provider is paid a fixed payment at the beginning of the episode and

imposed a penalty for not curing the patient after a second visit is sufficient to induce

the first-best outcome. Because patient choice is not to switch, the episode effectively

involves a single provider in this case. Hence, the contract is unilateral in the sense

that the payment to the provider depends only on his performance.

(ii) Second, under switching of providers, the contract is uniltateral when HIE adoption is

not desirable. However, unlike no switching, the contract has both reward and penalty

elements. For example, P ∗
1C > 0 and P ∗

2ND < P ∗
2CD.

(iii) On the other hand, under switching of providers, when HIE adoption is desirable, the

EBP contract is multilateral in the sense that the payment to a provider is contingent

44



not only on his performance but also on the performance of the other provider. For

instance, note that P ∗
1ND = 0 whereas P ∗

1CD > 0.

(iv) When switching behavior is affected by providers’ HIE adoption status, i.e., tHH < t ≤

tNN , the first-best inducing EBP contract is unilateral when the HIE is not socially

desirable and multilateral when HIE adoption is socially desirable.

(v) Regardless of patient switching behavior and HIE adoption, the fixed payment to a

provider is contingent on whether the patient visits the provider first or second. Fur-

thermore, the outcome-dependent payment adjustment can also differ for the first and

the second providers under switching behavior. For instance, note that P ∗
1ND ̸= P ∗

2ND.

This observation suggests that the sequence of visits during the episode affects the

provider payments.

The main reason behind the above four findings is the nature of externality created by

HIE. When a provider adopts HIE, the observable effort (and only the observable effort

he exerts) affects the outcome of the other provider. We refer to this as the effort-related

externality. Moreover, the shared observable effort enabled by HIE benefits only the

second provider. We refer to this as the sequence-related externality. A multilateral and

sequence-dependent payment model fully accounts for the two externality dimensions,

and thus it can induce the first-best. When patient switching is not a concern, neither

provider can influence nor be influenced by the other provider’s effort, and therefore,

a unilateral, but still a sequence-dependent, EBP contract is sufficient to induce the

first-best solution.

(vi) Finally, we find that the first-best inducing EBP contract has both a reward component

for curing the patient and a penalty component for failing to cure the patient.
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2.6.1 Practicality of the Proposed EBP Model

The EBP model we propose is clearly superior to the currently dominant FFS and P4P

models, and no other payment model can be strictly superior to it from a social welfare

perspective. We present the main features of the three types of contacts we considered to

highlight similarities and differences among them in Table 2.6.

Table 2.6. Comparison of features of payment Models
Contract Features FFS P4P EBP

Fixed payment YES YES YES
Variable payment for observable effort YES NO NO
Payment adjustment for visit outcome NO YES NO
Payment adjustment for episode outcome NO NO YES
Multilaterality NO NO YES
Sequence dependency across provider payments NO NO YES

An important question that naturally arises is whether our EBP model is implementable

in practice. At a high level, the EBP model we propose reflects some features of existing

payment models, especially those that are recently introduced as part of the healthcare

reform. The three noteworthy programs relating to the EBP contract we propose are i)

bundled payments, ii) the VBP programs, and iii) Accountable Care Organizations (ACO).

The EBP model shares some of the features of all three payment programs while also differing

from them in other aspects. These programs’ details are complex. However, we briefly

compare these programs to the EBP model we propose.

(i) Bundled payment programs aggregate FFS payments around an episode of care and

build bundles (Cutler and Ghosh, 2012). Currently, alternative bundled payment

strategies are being tested and, as of October 2015, there were 1,551 healthcare orga-

nizations participating in CMS’s bundled payment initiatives. Under these initiatives,

the CMS was able to successfully define episodes of care with a clear beginning and an
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end for a number of conditions (Press et al., 2016). There have also been successful at-

tempts for episodic payments in the private payer setting (e.g., see Brantes et al., 2009,

for an example of payments for an episode of bypass surgery). The payments under

the EBP model are based on the whole episode as in the bundled payment program.

However, our EBP model provides a specific payment to each provider that partici-

pates in the episode whereas the bundled payment program makes only a lump-sum

payment for the episode without specifying how to allocate the overall payment among

providers.

(ii) The VBP implements a payment modifier to penalize/reward individual hospitals based

on their comparative performance (Rau, J., 2013). As the largest payer in the U.S.,

CMS provides a high-level description of how the payment modifiers are calculated.

Specifically, hospitals are given so-called achievement points that are awarded by com-

paring an individual hospital’s performance with that of other hospitals (CMS, 2013).

In some sense, VBP payments resemble the multilateral nature of EBP. However, our

EBP model assesses provider performance at the individual episode level whereas the

VBP program assesses performance at an aggregate level for a period such as a year.

Furthermore, a specific VBP program called Hospital Readmission Reduction Program

(HRRP), implements sequence-dependent payments. Under the HRRP, the CMS pe-

nalizes hospitals who have comparatively higher readmission rates, where readmission

is defined as all-cause 30-day excess readmission ratio following initial hospital visits.

In essence, a hospital who sees the patient first, but the patient is later readmitted

(say to another hospital), realizes a payment reduction (Kocher and Adashi, 2011).

Such payment adjustment is consistent with sequence-dependent payments of the EBP

model we propose.

(iii) Providers voluntarily come together under an ACO and coordinate care for patients

with the objective of reducing costs while preserving quality. If the participating
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providers demonstrate cost savings while meeting some quality standards, the payer

rewards the providers based on the cost savings. Setting the right incentives for par-

ticipating providers is important for the success of an ACO (American Academy of

Actuaries, 2012). Sequence-based payments of our EBP program reflect the spirit of

one of the Medicare-driven ACO programs called the “Shared Savings Program” in

which two or more disparate providers as part of a single ACO decide how to appropri-

ate the yearly savings or rewards received from the payer. The providers can determine

the distribution of savings to each participant in multiple ways. One such distribu-

tion scheme is based on each provider’s contribution to reduced need for utilization of

services and the quality at different points during the episode, hence making both the

sequence and outcome important factors in allocation of payment adjustments (Bailit

and Hughes, 2011).

The above comparisons suggest that the most notable aspects of the proposed EBP model

are already being experimented by payer organizations and regulatory agencies as part of

various initiatives. Therefore, the proposed EBP model does not pose unique implementation

challenges that are difficult to overcome. However, the key insight we derive is that achieving

socially desirable coordination and efforts from providers require that key elements of the

programs under experimentation such as bundled payments, VBP, and ACO, be integrated

into a single program such as the EBP model we propose.

2.7 Comparison of Payment Models

In this section, we examine the three payment models more closely. Specifically, we

compare the payment models along the dimensions of (i) total healthcare cost, (ii) quality

of care, (iii) observable effort, and (iv) total payment to providers. The first two dimensions

are intuitive. The total healthcare cost (which is the same as the negative of expected social

48



payoff) measures the overall health care cost that accounts for both the patients’ cost when

they are not cured and providers’ cost in treating the patients. The quality of care refers

to the expected probability of cure. We also compare the observable effort and the total

payment to providers across the three payment models. This comparison is useful because it

is often stated that the FFS model promotes volume at the expense of quality, and therefore

leads to a higher payment to providers, but the P4P model seeks to reduce volume and

subsequently total payment to providers (while also improving the care quality). This claim

is often made based on the volume of tests and procedures (including duplicate ones) which

are denoted as observable effort in our model. After contrasting the payment models along

the four important dimensions, we also examine the value of HIE under each payment model

as the HIE is touted to eliminate duplicate testing, thus providing savings, and coordinate

healthcare among providers.

We first present analytical results for parameter regions where the patient behavior is

same across the payment models and HIE is not adopted. Technically, we assume the follow-

ing: CHIE > max[CHIE, C
P

HIE] and t > max[tNN , t
F(N,N), tP(N,N)] or t ≤ min[tHH , t

F(N,N),

tP](N,N). The primary reasons for the above restrictions are three fold: (i) there are six

possible equilibrium regions in the first-best (as well as the EBP model), two different equi-

librium regions under FFS model, and six different equilibrium regions under the P4P model.

Consequently, an exhaustive comparison of payment models will require examining a large

number of combinations of these regions. (ii) the FFS model does not induce HIE adoption,

and (iii) a closed form solution for the equilibrium contract under the P4P model does not

always exist, eliminating the possibility of analytical comparison of the payment models for

some parameter regions. We conducted extensive numerical analysis to complement our

theoretical results. The numerical analysis reveals that the analytical results in this section

hold qualitatively the excluded regions as well except for a small region where only the result

that compares the observable efforts in the three payment models does not hold (indicated
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in the numerical results shown in Appendix A.2), thereby confirming the robustness of our

theoretical results. We present a representative set of numerical results in Appendix A.2.

2.7.1 Total Healthcare Cost, Quality, Observable Effort, and Total Payment

Conditional on an episode taking place, we denote the total healthcare cost as the negative

of the expected social payoff defined in §2.4. We denote quality of care, observable effort,

and total payment to providers for adoption scenario (SA, SB) using Σ(SA, SB), Ω(SA, SB),

and Γ(SA, SB), respectively9. We compute these quantities in expectation over an episode as

Σ(SA, SB) :=

1− (1− βp
i0)(1− βp

(−i)i) , if patients switch,

1− (1− βp
i0)(1− βp

ii) , otherwise.
(2.8)

Ω(SA, SB) :=

ei0 + (1− βp
i0)e(−i)i , if patients switch,

ei0 + (1− βp
i0)eii , otherwise.

(2.9)

Γ(SA, SB) :=

δe2i0 + δê2i0 + (1− βp
(−i)0)(δe

2
i(−i) + δê2i(−i)) , if patients switch,

δe2i0 + δê2i0 + (1− βp
i0)(δe

2
ii + δê2ii) , otherwise.

(2.10)

In the above definitions, Σ(SA, SB) is calculated as one minus the probability of non-cure at

the end of the episode, Ω(SA, SB) is calculated as observable effort at the preferred provider

plus the expected observable effort in a possible second visit (based on non-cure in the first

visit), and Γ(SA, SB) is calculated as the cost of effort at the preferred provider plus the

expected cost of effort in a possible second visit (based on non-cure in the first visit).

Proposition 5. Suppose CHIE > max[CHIE, C
P

HIE] holds and either t > max[tNN , t
F(N,N),

tP(N,N)] or t < min[tNN , t
F(N,N), tP(N,N)] is true. The total expected healthcare cost,

quality of care, and observable effort under different payment models are ordered as follows:

9We assume reservation wage to be zero to focus on service-related payments
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(a) If t ≤ min[tNN , t
F(N,N), tP(N,N)],

(i) Healthcare Cost (FFS) > Healthcare Cost (P4P) = Healthcare Cost (EBP).

(ii) Quality of Care (EBP) = Quality of Care (P4P) > Quality of Care (FFS).

(iii) Observable Effort (FFS) > Observable Effort (EBP) = Observable Effort (P4P) .

(b) If t > max[tNN , t
F(N,N), tP(N,N)],

(i) Healthcare Cost (FFS) > Healthcare Cost (P4P) > Healthcare Cost (EBP).

(ii) Quality of Care (EBP) > Quality of Care (P4P) > Quality of Care (FFS).

(iii) Observable Effort (FFS) > Observable Effort (EBP) > Observable Effort (P4P).

We are unable to analytically order the total expected provider payment under different

payment models, but our numerical analysis shows the following:

(a) If t ≤ min[tNN , t
F(N,N), tP(N,N)],

Provider Payment (EBP) = Provider Payment (P4P) > Provider Payment (FFS).

(b) If t > max[tNN , t
F(N,N), tP(N,N)],

Provider Payment (EBP) > Provider Payment (P4P) > Provider Payment (FFS).

Proposition 5 reveals that the EBP model delivers not only the lowest healthcare cost

but also the highest quality. The finding that the EBP model always achieves the lowest

healthcare cost is intuitive because it induces the first-best solution, i.e, no payment model

can achieve a lower cost than the EBP in the first-best solution. Under the conditions stated

in Proposition 5(a), the P4P model also achieves the lowest healthcare cost and highest

quality because it achieves the first-best. More importantly, the EBP model gives rise to

the lowest healthcare cost not by minimizing the total payment to providers but rather by

achieving the highest quality of care. In contrast, the finding suggests that the proposed EBP
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model can increase the total payment, which also indicates that the providers need not fear a

loss of compensation because of changes to payment models. That is, the fear that a switch

from FFS to other payment models will decrease their compensation could be unwarranted

(e.g., see Goitein, 2014; Lee, 2014, for a series of discussion). So, instead of resisting the

change to new payment models, the providers may actually welcome such changes. Critically,

the increase in payments is likely to be accompanied by quality improvements which can

further support provider buy-in.

The proposition also reveals that a switch to the P4P model from the FFS model indeed

delivers a higher quality of care. More importantly, the P4P model achieves the higher

quality of care by simultaneously reducing the total healthcare cost, compared to the FFS

model. Furthermore, the P4P model does not necessarily reduce the payments to providers

compared to the FFS model.

In summary, the FFS model results in the highest total healthcare cost, lowest quality

of care, and highest observable effort among the three payment models, thereby providing

strong support to the claim that the FFS model promotes volume at the expense of quality.

At the same time, the FFS model also results in the lowest payment to providers among

the three payment models. The primary reason for this result is that the FFS model does

not provide any incentive to providers to exert unobservable effort. Lacking costs related to

unobservable effort, providers are willing to render services at a lower overall payment under

the FFS model. On the other hand, the P4P model and the EBP model force providers to

exert some unobservable effort. The cost of unobservable effort leads providers to require a

higher total payment to provide healthcare services.

2.7.2 Value of HIE

As stated in § 2.1, the U.S. government is using subsidies to induce HIE adoption in

facilitating patient-information sharing among providers. The premise of subsidies are based
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largely on the conventional wisdom that information sharing is valuable and subsidizing HIE

adoption is, therefore, a good investment. The existing research on the value of HIE provides

limited guidance to policymakers about strategies to encourage HIE adoption. The question

of whether the U.S. government should intervene to encourage HIE adoption—and if so how

much—is therefore not clear, especially in the face of emerging payment models.

For each payment model, we define the value of HIE as the social payoff that would be

realized under the optimal choices of efforts by providers when providers adopt HIE10 minus

the social payoff under the optimal choices of efforts by providers when providers do not

adopt HIE. We use the social payoff expression defined in Equation (2.1). Let V M(U) be

the value of HIE under the payment model M ∈ {F,P,E}. We can analytically compute

the value of HIE under the EBP model and under the FFS model as:

V E(U) =


−CHIE + U6−8δU5+24δ2U4−32δ3U3+24δ4U2

8δ3(4δ2−U2+4δU)

+
α2(8δ4U2−32δ5U)
8δ3(4δ2−U2+4δU)

+
α(8δ3U3−32δ4U2+64δ5U)

8δ3(4δ2−U2+4δU)
, if patients switch

−CHIE − αU(U−2δ(−α+t+2))
2(δ+2U)

, otherwise.

V F(U) =


−CHIE − 2α(α2−6α+12)δ3−14U3−30αδU2−3(4α2−7α+2)δ2U

27δ2

−2(4δ2+U2−2δU)
3/2

27δ2
+

2((α−2)2δ2+4U2+(5α−1)δU)
3/2

27δ2
, if patients switch

−CHIE − αU(U−4δ(−α+t+2))
4(δ+U)

, otherwise.

We can also analytically compute the value of HIE under the P4P model under some condi-

tions as:

V P(U) =



−CHIE +
√
δ2+U2−δU(4(2−3α)δ2+20U2+(33α−5)δU)

27δ2

+
(4(α−2)(α+1)δ+3(α+3)U)

√
(α−2)2δ2+9U2+3(3α−1)δU

54δ

+4α((α−3)α+6)δ3−40U3+3(1−25α)δU2−3(α(11α−15)+2)δ2U
54δ2

, if patients switch

−CHIE − αU(U−2δ(−α+t+2))
2(δ+2U)

, if patients do not switch and t ≤ t
P,

10We note that the FFS and P4P models cannot always induce HIE adoption by themselves, so we assume
that HIE adoption is induced by some other means, such as a subsidy, and the payer designs the optimal
payment contract assuming HIE adoption.
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where t
P
:= 7U2−4αδU+8δU

4δ2+6δU
. We are unable to analytically compare the value of HIE across

three payment models for the whole range of t. Therefore, as in the case of Proposition 5,

we present the comparison of the payment models regarding the value of HIE for parameter

regions where the patients do not switch providers under any of the three payment models and

supplement the analytical result with numerical findings. The following lemma characterizes

the equilibrium.

Proposition 6. If the ineffectiveness in treating a returning patient is sufficiently low, i.e.,

t ≤ min[tHH , t
F, tP(N,N), tP(H,H)],

(i) V F(U), V P(U), and V E(U) are increasing in the patient’s cost of no cure, U .

(ii) V F(U) > V E(U) = V P(U).

The result that the value of HIE is increasing in U shown analytically in Proposition 6

can be explained as follows. Intuitively, an increase in U results in an increase in observable

efforts, regardless of the payment model. Therefore, the presence of HIE allows sharing of a

larger volume of the first provider’s effort with the second provider when U increases. This,

in turn, increases the quality of care in the second visit more, which subsequently leads to

an increase in the value of HIE.

Figure 2.3 illustrates how the value of HIE compares under different payment models and

also confirms the findings in Proposition 6. We make the following important observations

from this figure. First, the value of HIE is critically dependent on the payment model.

Regardless of the value of t, i.e., regardless of patient switching behavior, the value of HIE

is the highest under FFS and lowest under P4P. The FFS model yields the highest HIE

value because each provider exerts a higher observable effort under FFS, compared to P4P

and EBP, in order to benefit from the payment that is tied to the observable effort. Under

FFS, HIE enables better care of the patient by sharing this higher effort with the second
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(a) t = 0, t < tHH (b) t = 0.2, tHH < t < tNN

(c) t = 0.35, tNN < t

Figure 2.3. Comparison of the value of HIE across different payment models.
Notes. We use CHIE = 95, δ = 1, 000, θ = 0.6, α = 0.3 for the figure. Depending on the CHIE

value, the zero of the vertical axis can move up and down, leading to a positive or negative
value for a particular payment model for a given U .

provider. However, the P4P model results in the lowest HIE value because the first provider

exerts a lower observable effort, compared to FFS and EBP, and thus resulting in a lower

value from sharing this observable effort with the second provider. We further note that

under no switching of providers (i.e., when t < tHH), the value of HIE is identical under P4P

and EBP models. The reason for this finding is that if HIE adoption status is exogenously

enforced as we do to compute the value of HIE, the EBP model and the P4P model become

identical in terms of contract parameters and induced effort levels. Yet, when HIE adoption

is endogenous, clearly, as seen in § 2.5 and 2.6, while the EBP model can always induce the
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socially desirable HIE adoption status, the P4P model cannot. Second, the difference in the

value of HIE between any two payment models is generally non-decreasing in the patient’s

cost of no cure. The finding clearly suggests that the value of HIE can be overestimated or

underestimated if the payment model and its effects on provider and patient behavior are

not explicitly accounted for. Furthermore, this finding implies that, depending on the HIE

adoption cost, there exist situations where a centralized social planner making all decisions

does not find it beneficial to use HIEs, but they are valuable under the FFS model. Also,

there exist other situations where the social planner finds it beneficial to use HIEs, but they

are not valuable under the P4P model. Third, we find that, for any payment model, the

value of HIE is higher when patients switch providers than when they do not. Thus, for a

given set of parameter values, the value of HIE under any payment model is highest when

t > tNN , lowest when t ≤ tHH , and intermediate when tHH < t ≤ tNN .

The above findings reveal that the value of HIEs cannot be assessed without considering

the underlying payment mechanism in healthcare encounters. Therefore, as new payment

models evolve, the value of HIEs must be reevaluated and, consequently, government in-

tervention policies (like subsidies and their amount) encouraging providers to adopt HIEs

should be revised. Furthermore, the patient switching behavior is an important factor to

consider when a social planner develops HIE policies. In markets where patients are less

likely to switch providers, cost of adopting HIEs may outweigh the benefits that they may

bring.

2.8 Concluding Remarks

this chapter fills a crucial gap in our understanding of the interdependency between

two major parts of the federal strategy set by the U.S. government to improve the delivery

of healthcare services: (i) promoting alternative, value-driven rather than volume-driven,

payment models, and (ii) leveraging IT efforts to coordinate care, in particular facilitating
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information sharing through HIEs (Burwell, 2015). Thus, a significant contribution of this

chapter lies in the strong insights it provides to policymakers. We highlight these implications

in the following paragraphs.

First, we identify a specific episode-based payment model that offers the right set of

incentives to providers to maximize the social welfare. The payment to a provider under this

proposed model depends not only on the outcome at the end of the episode, but also on the

sequence of patient visits. Furthermore, the payment adjustment to each provider for good

or bad outcomes at the end of the episode is an essential component of this model. We find

that performance-based models that consider only the individual provider performance (and

not the joint performance), while superior to the fee-for-service model, do not offer a right set

of incentives. This finding is consistent with the qualitative observation that the unilateral

quality measures used in the performance-based models may not promote the adoption of

HIEs even when the exchange of information in socially desirable (Frank, 2016). Therefore,

while the P4P models are a good start for reforming the existing payment systems, the CMS

and other policymakers should possibly shift towards multilateral and sequence-dependent

EBP mechanisms to achieve their objective of higher quality of care and lower cost of care.

Second, although not identical, the EBP model that we propose is reminiscent of the

alternative payment models currently being evaluated by the CMS (e.g., bundled payments

or ACO) and is expected to be widespread in a near future (Press et al., 2016). For example,

in a bundled-payment setup, providers receive a lump-sum payment for an episode and a

convener facilitates the splitting of the payment among the providers caring for the patient.

One rationale for the bundled-payment model is that it will induce the providers to behave

like a single entity, analogous to a social planner. However, our analysis suggests that the

bundled-payment model is not guaranteed to offer the right set of incentives to providers if

the sharing of the payment among providers is not addressed. Similarly, it has been reported

that, in the context of determining payments to the participating members in an ACO, a
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common approach used in practice is that the providers agree ex-ante to share the payment

equally (The Advisory Board Company, 2013). That is, the sharing rule is contingent on

neither the collective outcome nor the sequence. Such a sharing arrangement may not lead

to the actions desired by the social planner as it may not provide the right set of incentives

to the providers participating in the ACO. Our analysis indicates that CMS should manage

the payments at the individual provider level for an episode, not only at the aggregate level

as in the current bundled-payment schemes or ACO models being considered.

Third, introducing new payment models is just one part of the ongoing healthcare reform

to encourage the desirable provider behavior in reducing costs and improving quality of care.

Concurrent with the payment reform, the U.S. government is also pursuing other strategies,

such as promoting HIEs through subsidies. Even though the federal incentive money may

have prompted an expansion in HIE efforts, a slowdown and even active blocking of these

efforts seems to be looming on the horizon (Adler-Milstein et al., 2013; ONC, 2015). The

primary implication of our results is that the U.S. government should carefully coordinate

the two-pronged strategy of payment-model reform and promoting HIE adoption. In fact, if

the CMS is successful in increasing the percentage of P4P-based payments and reducing the

pure FFS-based payments (ONC, 2014), then our results suggest that it should also reduce

the subsidy level because the value of HIEs is lower under the P4P model than under the

FFS model. On the other hand, if the CMS is successful in changing the prevailing payment

model to the EBP model we have identified, then it should increase the level of subsidy from

what it would offer under the P4P model. Furthermore, a uniform strategy of encouraging

HIE adoption in all markets regardless of patient incentive to switch providers may not be

appropriate.

Finally, our study has implications for further research on the value of HIEs. Because

early studies on the assessment of HIEs predated widespread HIE adoption, there has been

a lack of solid evidence on HIEs’ value proposition. A widespread adoption of HIEs has
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created more opportunities for evaluating their value. However, as our review of studies

on HIEs suggests, the vast majority of existing studies are constrained to specific settings

with disparate outcome measures and, hence, there is a need for new generalizable studies

(Rahurkar et al., 2015). We offer two insights for future HIE research and the interpretation

of the prior studies: (i) it is critical that future empirical research on the value of HIEs

use the payment model as a mediating variable due to the payment model’s impact on HIE

value. (ii) Past studies on the value of HIEs conducted in an FFS environment should

be interpreted with caution because they may have overestimated the actual value for the

current environment in which P4P and other outcome-based payment models are becoming

increasingly popular.

The insights in this chapter were derived from a stylized yet rich model of a typical

healthcare setting. We analyzed several variants of the model we present in the paper,

such as those that incorporate interaction between costs of observable and non-observable

efforts, and correlation between outcomes in the first and second visits. We found that

the primary result—namely, EBP model induces first-best solution whereas FFS and P4P

models do not—holds under these variations. Despite these robustness checks, our stylized

model has limitations and extending the model in different directions can provide a richer

set of insights. For example, our model can be extended to accommodate more than two

providers. Also, we considered a single payer that acts as a social planner. While CMS

plays a strong role in policy-making in the U.S. and others follow suit when CMS enacts

a policy, we recognize that multiple payers and insurance networks exist. Further research

is required to understand the role of payments models and HIEs in such settings. Another

valuable extension is to model and examine different variations of bundled payments under

consideration by the CMS. Finally, the modeling of patients can be en-richened. For instance,

relaxing the binary health outcome (cured vs. non-cured) to allow for multiple states of cure,

allowing more than two visits in an episode, and timing of patient switching behavior can
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be analyzed in future research. We hope that our study, which is unique in untangling the

relationship between payment mechanisms and value of HIE adoption, will pave the way for

further research on these topics.
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CHAPTER 3

WHEN IT CREATES LEGAL VULNERABILITY: NOT JUST

OVERUTILIZATION BUT UNDERPROVISIONING OF HEALTH CARE

COULD BE A CONSEQUENCE

3.1 Introduction

In introducing a recent special issue of Information Systems Research, (Ransbotham et al.,

2016) discuss how ubiquitous information technology (IT) creates new vulnerabilities. The

special issue introduction identifies several mechanisms through which the vulnerabilities are

created and outlines a research agenda for exploring the societal problems resulting from IT.

One of those mechanisms is the increased visibility of information. The increased information

visibility, while offering several benefits such as increased transparency and better decision

making, can also enable or exacerbate privacy loss and intellectual property theft. Another

significant downside to the enhanced information visibility is the increased legal vulnerability

decision makers face in the event of an adverse outcome, which is the focus of this paper.

One of the legal implications of IT is that it enables plaintiffs to have easier access to evi-

dence data in support of a lawsuit. In particular, when decision makers choose actions based

on a multitude of information, IT facilitates the plaintiffs to discover and exploit information

that favors their case. For a specific example in healthcare, consider the malpractice law-

suits against radiologists. One of the most cited bases for lawsuits is the failure to diagnose

breast cancer when physical breast examination indicated a palpable mass—an indicator of

a breast lesion—even though the subsequent mammogram result does not warrant a cancer

diagnosis (Brenner, 2004). In these cases, it is often argued, and sometimes successfully, that

the radiologist did not give adequate weight to the risk factor related to breast lesion while

interpreting the mammogram and providing the recommendation. Consistently, it is recog-

nized that widespread adoption of electronic health records (EHRs) and health information
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exchanges (HIEs) heightens health care providers’ duties to search for patient information

generated by other caregivers (such as the physical examination results and other risk fac-

tors) and creates a legal responsibility to act on that information (Mangalmurti et al., 2010).

The phenomenon—the heightened legal vulnerability faced by decision makers because of

IT (or increased visibility of information)—arises in many other contexts including security,

crime prevention, and law enforcement (e.g. see, Pena, 2008; O’Neill, 2005; Madigan, 2018).

A significant consequence of increased litigation risk is that the decision makers resort

to defensive actions which are solely undertaken to diminish the legal liability. Such de-

fensive actions are often wasteful to the society. For instance, in the health care context,

physicians’ provision of unnecessary care due to fear of being sued is known as defensive

medicine (Kessler and McClellan, 1996). More than 80% of physicians report practicing de-

fensive medicine (Hermer and Brody, 2010), which leads to an estimated wasteful spending

of $45 billion nationwide annually (Chandra et al., 2012). Therefore, from a social planner’s

perspective, designing a system or a set of policies that accounts for the decision makers’

response to the possible increased litigation risk created by IT is critical, which is what we

study in this chapter. We examine the social planner’s problem using health care as an

illustrative context.

3.1.1 Legal Vulnerability from Health Care IT

Since the passage of Health Information Technology for Economic and Clinical Health

(HITECH) Act, the U.S. government has been promoting the widespread adoption of EHRs

and health information sharing among providers through HIEs. As of 2015, almost all the

hospitals have adopted basic EHRs, and nearly three-quarters of hospitals have adopted

HIEs (The Office of the National Coordinator for Health Information Technology (ONC),

2016). Many studies have shown that EHRs and HIEs generate substantial value in the

health care delivery chain by reducing medical errors, improving quality, reducing cost, and
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improving coordination among multiple providers (Menon et al., 2000; Aron et al., 2011b;

Chaudhry et al., 2006; Walker et al., 2005; Ayal and Seidman, 2009; Menon and Kohli, 2013;

Vest and Gamm, 2010; Bhargava and Mishra, 2014). On the flip side, it has also been widely

recognized that EHRs and HIEs introduce undesirable behavioral shifts in care delivery due

to concerns about liability, privacy, confidentiality, and medical fraud (Adjerid et al., 2015;

Hodge Jr et al., 1999; Rosenbaum et al., 2005).

Among the various adverse effects of health IT, increased physician vulnerability to mal-

practice litigation has been widely discussed (Ozeran and Anderson, 2011; Sittig and Singh,

2011). In an influential article published in the New England Journal of Medicine, (Mangal-

murti et al., 2010) identify the effects of health IT on three key areas of medical malpractice

litigation: (i) care process and litigation risks, (ii) litigation process, and (iii) standard of

care. First, health IT amplifies the health care providers’ legal responsibility to act on vast

amounts of information regarding a patient’s health condition (Benbassat et al., 2001; Car-

ney et al., 2012). Second, more extensive documentation of clinical activity throughout the

health care system creates more discoverable evidence for plaintiffs in the lawsuit and the

mining of the metadata from the patient EHRs can make it easier to find evidence for physi-

cian’s sub-optimal decision making (Ozeran and Anderson, 2011; Ransbotham et al., 2015).

Third, as evidence-based clinical decision support systems (DSS) get embedded in health IT

systems, courts could increasingly rely upon the clinical guidelines and policies embedded in

such systems for judging the merits of a lawsuit (Brown and Miller, 2011).

3.1.2 Research Questions and Contributions

in this chapter, we examine the potential impact of the legal vulnerability created by

ubiquitous IT and provide insights into its unintended consequences. A social planner,

such as the Centers for Medicare and Medicaid Services (CMS) or the professional medical

societies, would balance the trade-offs between the benefits and costs of health IT and
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formulate policies that seek to maximize the social payoff. The policies would account for

how health care providers will respond to the increased visibility of patient data and possible

litigation risks associated with it. Taking the social planner’s perspective, we seek to answer

the following key research questions:

(i) Can the social planner develop policies that will induce the first-best solution that

maximizes social welfare in the presence of litigation risk and health IT?

(ii) When the policies do not achieve the first-best, what are the adverse impacts of infor-

mation sharing enabled by health IT?

(iii) How can the adverse impact be mitigated?

To study the social impact of legal vulnerability created by IT, we develop a stylized game-

theoretical model of a health care context as in the following. A physician conducts a medical

test on a patient that visits him and, based on the test results, he recommends a follow-up

(which could be a treatment or further testing), or no further action. The medical test and

any subsequent follow-up are typically not needed by all patients and, may sometimes incur

unnecessary costs, and to some patients, even do more harm than providing benefits. A

social planner develops screening policies that specify who should see the physician based

on specific indicators such as the existence of certain risk factors and/or clinical history1,

and, follow-up policies that specify the recommended course of action based on test results

and/or risk factors. We refer to the patient information (e.g. prior medical history, family

history, etc.) used for screening patients as risk information and the information collected

from the medical test results as test information.

1Some examples are the demographics and risk factors-based cancer screening policies issued by major
cancer organizations such as the American Cancer Society (ACS) or the U. S. Preventive Services Task
Force (USPSTF), which recommend that women at a higher risk of developing cancer should initiate cancer
screening at an earlier age, compared with their peers. For estimating risk, many validated risk calculators
exist for various types of cancers.
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Because information visibility is a key determinant of legal liability, we focus on the

information sharing role of health IT. In the presence of health IT, both the risk and the

test information are available to the physician at the time of decision making. Yet, in the

absence of health IT, the risk information may not be readily available to him. In the case of

a false-negative outcome, the patient files a lawsuit against the physician. The success of the

lawsuit (i.e., whether the patient wins the lawsuit) depends on the availability of information

at the time of decision making and the screening and follow-up policies regarding the usage

of such information. While the social planner seeks to maximize the social welfare, the

physician considers his own payoff and possibly that of the patient as well while choosing his

recommendation. Therefore, the social planner’s and the physician’s incentives to provide

health care may not be aligned.2

We make several key contributions to the literature and provide important policy impli-

cations. The main findings are as follows.

(i) When malpractice litigation is not a concern for the physician or when the patient’s

risk information is not shared with the physician, the social planner can set policies

that induce the first-best solution. On the other hand, when litigation is a concern and

the risk information is shared with the physician, the social planner is unable to always

induce the first-best solution. This finding demonstrates that the legal vulnerability

created by IT can be harmful to the society.

(ii) The legal vulnerability created by health IT is the result of potential conflicts between

the risk information and the test information. When such conflicts increase the like-

lihood of the patient winning the lawsuit, the social planner is unable to induce the

2We remark that numerous medical contexts fit the above setup. Examples include, but are not limited to,
a cardiologist deciding a course of action based on EKG test results and patient’s clinical history (Mackey
and Liang, 2011) or a radiologist recommending a biopsy to detect breast cancer based on findings from
mammography (x-ray imaging of breast) and patient’s risk factors (Brenner, 2004).
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first-best solution. This finding identifies one specific mechanism–information conflict–

by which information visibility creates vulnerability.

(iii) When the first-best solution cannot be achieved, the social planner is unable to mitigate

the adverse impact of information sharing in some cases. In such cases, the social

planner sets the same screening and follow-up policies as in the first-best solution

but the physician behaves more defensively under information sharing than under no

information sharing. This occurs when the benefit of follow-up is sufficiently large.

That is, the heightened legal vulnerability created by health IT leads to the predictable

defensive behavior by physicians. This finding is consistent with the well-documented

prevalence of overutilization phenomenon, i.e. the provision of medical care even when

there is no medical indication to do so (Cassel and Guest, 2012), when physicians face

litigation concerns.

(iv) When the first-best solution cannot be achieved, underprovisioning health care for high

risk patients can be a socially optimal strategy under some conditions. For instance, a

patient with a high risk score is sometimes not recommended testing in the presence of

information sharing whereas she would be recommended in the absence of information

sharing. This is a key finding which stands in sharp contrast to conventional wisdom

that legal vulnerability results in overutilization of health care. On the other hand, this

finding provides theoretical support to the arguments of some that underprovisioning

may be necessary to curtail the overutilization of health care (Grady and Redberg,

2010; Schwartz et al., 2014).

(v) An increase in the precision of risk information relative to that of the test information

exacerbates the underprovisioning of health care in the presence of information shar-

ing. This somewhat surprising result suggests that as the availability of vast amounts

of population health data increases the predictive power of patient risk models, such an
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increase may lead to policies that promote underprovisioning to mitigate physicians’

legal concerns. On the one hand, sharing the risk information will improve the preci-

sion of the information available to the physician (Aron et al., 2011b). On the other

hand, more precise risk information can exacerbate the underprovisioning of health

care resulting from litigation concerns. A more self-oriented physician also leads to a

similar impact.

(vi) Although underprovisioning of health care through screening policies could potentially

mitigate the adverse impact of health IT, we find that imposing malpractice damage

caps in addition to setting optimal policies can be useful in reducing, but not completely

eliminating, the need for underprovisioning.

3.2 Literature Review

This paper primarily relates to research on health IT and health care economics. Interest

in the value of health IT has surged in the last decade (Menon et al., 2000; Aron et al., 2011b;

Chaudhry et al., 2006; Walker et al., 2005; Ayal and Seidman, 2009; Menon and Kohli, 2013;

Vest and Gamm, 2010; Bhargava and Mishra, 2014). An early study by (Menon et al.,

2000) provided empirical evidence that IT contributes positively to the production of health

services at the industry level. (Aron et al., 2011b) showed that the use of information systems

by trained health care professionals reduces medical errors at the hospital level. (Bhargava

and Mishra, 2014) studied the impact of EHRs on an individual physician’s performance and

found that the long-term benefits from EHRs depend on the physician specialty. (Chaudhry

et al., 2006) found that the quality improvement effect of health IT is particularly significant

in preventive care. Menon and Kohli (2013) showed that improved quality through health

IT could contribute to lower malpractice insurance premium. Recognizing the importance

of coordination across care providers, the focus of health IT research has recently shifted to
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interoperability between health IT systems (Vest and Gamm, 2010). (Walker et al., 2005)

estimated $78 billion would be saved by integrating fragmented health data via HIEs. (Ayal

and Seidman, 2009) quantified the benefits of integrating information systems in hospitals.

Although the benefits of health IT in terms of improving various performance metrics

have been widely documented, academic research on potential drawbacks of health IT is

limited (Agarwal et al., 2010). As the implementation of digitized health records expands,

physicians are increasingly exposed to the risk of data breach (Garfinkel et al., 2007). Also,

the large volume of data included in a health record forces physicians to spend more time

on reviewing a patient’s health (Singh et al., 2013) and, some have suggested, that it would

make it more difficult for physicians to identify key information (Ozeran and Anderson,

2011). It was pointed out that such consequences not only delay physicians’ decision process

but also jeopardize patient safety (Beasley et al., 2011). We contribute to the literature on

potential drawbacks of health IT in relation to its impact on the malpractice environment

via economic modeling to capture the trade-offs and derive implications. Previous research

related to our work was mostly qualitative and has articulated the health IT and malpractice

connection using case studies and anecdotal examples. The main message from this stream

of research is that the adoption of health IT will increase a physician’s liability (Singh et al.,

2013; Mangalmurti et al., 2010; Beasley et al., 2011; Ozeran and Anderson, 2011; Garfinkel

et al., 2007). A recent empirical study provided some evidence for increased liability in the

case of basic EHR use when risk is measured in dollar value of paid claims, yet found that

the direction of impact could change in the case of advanced EHR use (Ransbotham et al.,

2015).

In recent years, there has been a growing interest also in health IT research using an-

alytical models. The focus within this stream has been on financial incentives for health

IT adoption (Demirezen et al., 2016; Ozdemir et al., 2011) or the incentive misalignment

among health care providers in sharing and securing health information (Huang et al., 2014;
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Bai et al., 2014). In this chapter, we extend the growing body of research on health IT by

examining the role of health IT in physicians’ litigation concern and the resulting defensive

medicine using an analytical model.

In health care economics, our research is related to policies regarding health care provi-

sion. It is standard practice to code various policies, including the use of health information,

in the form of guidelines (Rosenfeld et al., 2013). While scientific evidence and body of

knowledge is the predominant factor that guides the development of guidelines, the health

care literature has also documented economic and legal factors that are considered by policy

makers (Rosenfeld et al., 2013). For instance, though guidelines are not legally enforced on

physicians, they are often considered in defining physicians’ responsibility and legal stan-

dards of care in a medical lawsuit (Samanta et al., 2006; Mello, 2001). The necessity of

using health care guidelines in defining legal standards has attracted more attention in re-

cent years (Blumstein, 2006; Bovbjerg and Berenson, 2012; Orszag, 2010). However, there

is conflicting evidence regarding the effect of guidelines on determining legal standards of

care (Mackey and Liang, 2011; Woolf, 1998; The Office of Technology Assessment (OTA),

1994; Mello, 2001). Our research contributes to this discussion by demonstrating that the

litigation risk introduced by the increased data sharing may give rise to policies that leads

to underprovisioning even in the presence of scientific consensus.

On the modeling side, our paper is related to the gatekeeper models that have been

studied in the operations management and airline/information security literatures (Cavu-

soglu et al., 2010, 2013; Ulvila and Gaffney Jr, 2004; Ryu and Rhee, 2008). The seminal

research by (Shumsky and Pinker, 2003) considered a two-staged service model where gate-

keepers provide an initial service to customers and refer the customer to a specialist in a

principal-agent problem context. The model was extended to stochastic environments, out-

sourcing, and security contexts respectively by (Hasija et al., 2005), (Lee et al., 2012), and

(Zhang et al., 2011). (Freeman et al., 2016) empirically examined the association between
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system congestion and gatekeeping behavior in a health care setting. Recently, (Adida and

Bravo, 2017) studied how a payer can incentivize a primary caregiver (the gatekeeper) and a

provider (specialty care) to coordinate their efforts via optimal design of contracts. The ma-

jor difference in our model is that a social planner serves as the gatekeeper in the first stage

whose incentives may conflict with those of the specialist in the second stage. Furthermore,

the prior literature on gate keeper models does not focus on the litigation concerns as this

paper does.

3.3 Model Setup

Our model is similar to the gatekeeper models widely used in the health care operations

literature. The health care service setup consists of two types of patients based on their

health status. The patient’s true health status i is unhealthy (u) with probability λ and

healthy (h) with probability 1 − λ. Two types of information, the risk information and

the test information, are relevant for making a determination about the patient’s health

status. The risk information is used for making the recommendation to take the test (e.g.

recommend bowel cancer screening for patients with strong family history, where family

history status captures the risk information.) After the test is performed, the physician

uses the test information and the risk information, if available to him, to decide whether to

recommend a follow-up or not. Each information source provides a binary signal, high (H)

or low (L), about the patient’s true health status i ∈ {h, u}. We use sr to denote the signal

from the risk information and st to denote the signal from the test information. We use

these discrete signals in our model because even when signals are continuous, decisions are

often made after converting them into discrete quantities in practice. For instance, in the

case of breast cancer risk assessment based on mammography, radiologists report one of the

six BI-RADS categories to represent the likelihood of malignancy (Eberl et al., 2006). As

in almost all medical tests, signals are informative but noisy, where the precision of signals
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are measured by sensitivity (true positive rate) and specificity (true negative rate) (Zweig

and Campbell, 1993). Sensitivity and specificity of sr (st) are denoted by ru (tu) and 1− rh

(1 − th), respectively, where ru > rh and tu > th (i.e., true positive rate is greater than the

false positive rate). The signal from the test is more informative about the patient’s health

status than the signal from risk information, and therefore tu > ru and th < rh. Following

the classification literature (Cook et al., 2000; Han et al., 2011, p. 315), we assume that

the two signals are conditionally independent given a patient’s health status. Although the

relaxation of this assumption does not change our results qualitatively, it would make our

modeling and analysis more complex.

In the main model, we assume the risk information is shared with the physician. We

depict the sequence of events under the main model in Figure 3.1. In Stage 1, the social

planner decides two sets of health care policies: (i) screening policies regarding which patient

should be tested based on risk information (e.g., screen for bowel cancer if a family history

is present), and (ii) follow-up policies regarding whether the physician should recommend

a follow-up or not based on the test information and the risk information (e.g., conduct a

biopsy if either the family history is strong or if the family history is weak but the test result

is positive). If recommended by the screening policy, the patient visits the physician for the

test. In Stage 2, the physician performs the test and makes a follow-up recommendation

based on the test information and the risk information. In Stage 3, the true health status

of the patient is realized. In case of a false-negative recommendation by the physician,

i.e., if the physician does not recommend a follow-up for an unhealthy patient, in Stage

4, the patient files a lawsuit against the physician3 and the court provides a judgment on

the lawsuit. Finally, in Stage 5, the utilities for all players are realized. Table B.1 in the

3A more general model in which only a fraction of patients with a false-negative outcome files a lawsuit
yields qualitatively similar results to those presented in this chapter. The assumption that a lawsuit is filed
only when there is a false-negative recommendation is consistent with the empirical observations (Studdert
et al., 2005).
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appendix summarizes the notation used in our model, further details of which are presented

in the following subsections.

Figure 3.1. Timing of the game
Notes. In Section 3.4, we introduce three different scenarios (first-best, no-litigation, and
litigation). If the litigation is not a concern (first-best and no-litigation scenario), Stage 4
doesn’t exist.

3.3.1 Decision Variables

In Stage 1 of the game, the social planner chooses θsr and ϕsrst , respectively denoting

screening and follow-up policies, to maximize expected social utility. Both θsr and ϕsrst are

continuous variables with support [0, 1], where θsr denotes the probability that a patient with

risk signal sr should undergo the testing, and ϕsrst denotes the probability that a patient

with individual risk signal sr and test signal st should be recommended a follow-up action.

In Stage 2, we denote the physician’s follow-up decision as ηsrst which represents the

probability that a follow-up is recommended. Note that the physician could deviate from

the social planner’s follow-up policy, hence the value of ηsrst may be different from that of

ϕsrst .
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3.3.2 Utilities

The utilities for the patient, physician, and the social planner depend on the outcome

realized at the end of Stage 1 for a patient that does not visit the physician and at the end

of Stage 5 for a patient that visits the physician. The possible outcomes are depicted in

Figure B.1 in the appendix. We denote the patient’s utility as UPA which is composed of

benefits (in life years) and costs (in dollars). We convert all the benefits and costs into the

same utility unit using willingness-to-pay ratio, which assigns a cost the society is willing

to pay for one year increase in life and is well-established in the health economics literature

(Drummond et al., 2015). If the outcome is true-negative (TN), the patient receives v as

the base utility representing the reassurance of the absence of the disease. Without loss

of generality, we normalize v to zero in our analysis. The cost (or (dis)utility) of test for

the patient is ct which includes costs associated with taking the test and the consultation

of the physician in Stage 2. If the outcome is false-negative (FN), the patient incurs an

additional (dis)utility of d, which excludes the utility related to litigation (please also see the

next paragraph for more on this). For a true-positive (TP) outcome, the patient (dis)utility

decreases to d(1−µ) (i.e., 0 < d(1−µ) < d), where µ < 1 is the percentage reduction in loss

due to follow-up. Finally, the patient with a false-positive (FP) outcome receives a utility of

v − cFP where cFP refers to the (dis)utility or inconvenience associated with a false-positive

outcome.

Recall that a litigation event occurs in the case of a FN outcome. Without loss of

generality, we normalize the patient’s litigation-related cost to zero and assume that the

patient receives a compensation of k from the physician if she wins the lawsuit. The outcome

of the lawsuit is uncertain not only because of uncertainty associated with risk and test

information in predicting the health status and that with medical knowledge, but also because

of variability associated with judges’ interpretation of the health care policies regarding the

right course of action. Since health care policies play a critical role in judges’ evaluation of
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the merits of the lawsuit (Renshaw et al., 2014), the probability of the patient winning the

lawsuit is a function of the social planner’s policies. In practice, the patient usually has a

higher likelihood of winning the lawsuit if either the screening policy or the follow-up policy

strongly recommends (i.e., recommend with a higher probability) that a patient be tested

or followed up. Thus, the probability of the patient winning the lawsuit is monotonically

increasing in ϕsrst and θsr . We define the probability of the patient winning the lawsuit for

a given pair of sr, st ∈ {H,L} as f(θsr , ϕsrst) = asrstθsr + bsrstϕsrst where asrst and bsrst are

non-negative constants such that asr,st + bsr,st ≤ 1. We normalize f(θsr , ϕsrst) to zero if the

two signals are both low (i.e., sr = st = L), which implies that neither of the two signals

provides support to the patient’s claim.4

The physician is concerned about the patient’s welfare as well as his own payoff. There-

fore, the physician maximizes the total utility, UPH , which is composed of two parts: the

patient’s utility (UPA) and her own utility (UPH
O ). The physician’s own utility is com-

posed of the litigation related cost and a fixed amount of payment received from the pa-

tient for conducting the test and providing a recommendation. We let UPH be such that

UPH = αUPA + (1− α)UPH
O where α is a weight assigned by the physician on the patient’s

utility and captures the physician’s benevolence to the patient in her objective (Godager

et al., 2015; Clemens and Gottlieb, 2014). In the case where the patient successfully litigates

against the physician and the physician compensates the patient for the losses, the trans-

ferred utility between the physician and the patient appears in both the UPA and UPH
O in

the physician’s overall utility function. If the physician puts more weight on UPA, then he

may, unrealistically, be better off in case of a litigation and subsequent compensation of the

patient. To rule out this unrealistic scenario where the physician receives a higher utility

when he loses the litigation, we restrict the weight on patient’s utility α < 0.5. The physician

4Assigning a positive probability of litigation success for the patient even when both signals are low has
the sole effect of expanding the parameter space where the physician will practice defensive medicine in
equilibrium under every case we examine.
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receives a payment of u from the patient for providing care to the patient, which is a fraction

of the patient’s cost of testing ct. Furthermore, if there is litigation, the physician incurs a

legal cost of l, and in case the patient wins the lawsuit, an additional cost of k which is the

compensation provided to the patient. For the social planner, the total welfare USP is de-

fined as the sum of the patient’s utility UPA and the physician’s own utility UPH
O . Table 3.1

and 3.2 summarize the above discussion on the utilities for the patient, the physician, and

the social planner.

Table 3.1. The utilities when the physician wins the litigation claim

Utilities
Decision Outcomes

Screening Follow-up
TN FN TN FN FP TP

UPA 0 −d −ct −d− ct −ct − cFP −d(1− µ)− ct
UPH N/A N/A (1− α)u α(−d) α(−cFP ) −αd(1− µ)

+(1− α)(u− l) +(1− α)u +(1− α)u
USP 0 −d −ct + u −d− ct + u− l −ct − cFP + u −d(1− µ)− ct + u

Table 3.2. The utilities when the patient wins the litigation claim

Utilities
Decision Outcomes

Screening Follow-up
TN FN TN FN FP TP

UPA 0 −d −ct −d− ct + k −ct − cFP −d(1− µ)− ct
UPH N/A N/A (1− α)u α(−d+ k) α(−cFP ) −αd(1− µ)

+(1− α)(u− l − k) +(1− α)u +(1− α)u
USP 0 −d −ct + u −d− ct + u− l −ct − cFP + u −d(1− µ)− ct + u

Notes. SP: social planner, PH: physician, PA: patient. We use “N/A” to denote the case
when no utility is applicable.

Using the utility parameters discussed above and the likelihood of different outcome

scenarios, we can compute the expected utilities for the patient, the physician, and the

social planner (see Equations (B.1)-(B.10) in the appendix). We breach the notation and

denote the parameterized forms of USP as USP (θH , θL, ϕHH , ϕLH , ϕHL, ϕLL) and UPH as
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UPH(ηsrst |sr, st, θsr , ϕsrst). Then, the social planner’s problem in Stage 1 is formulated as

below.

Maximize
θsr ,ϕsrst ∀sr∈{H,L},st∈{H,L}

E[USP (θH , θL, ϕHH , ϕLH , ϕHL, ϕLL)]

subject to 0 ≤ θsr ≤ 1, ∀ sr ∈ {H,L},

0 ≤ ϕsrst ≤ 1, ∀ sr ∈ {H,L}, ∀ st ∈ {H,L}.

In Stage 2, we formulate the physician’s problem as below, and solve it separately for each

combination of sr ∈ {H,L} and st ∈ {H,L}.

Maximize
ηsrst ∀sr∈{H,L},st∈{H,L}

E[UPH(ηsrst |sr, st, θsr , ϕsrst)]

subject to 0 ≤ ηsrst ≤ 1, ∀ sr ∈ {H,L}, ∀ st ∈ {H,L}.

3.4 Model Analysis

We examine four cases in order to isolate the impacts of the heightened litigation vulner-

ability created by information sharing. First, we examine the global optimal case where all

decisions are made by a centralized social planner and there is no litigation concern. Thus,

in this case, Stage 4 does not exist in the game sequence discussed in the model section and

the social planner makes decisions in both Stage 1 and Stage 2. This case is the benchmark

because the solution offers the best possible or maximum social utility for any given set of

model parameters. We refer to this scenario as the first-best (Section 3.4.1). The other

three cases model the decentralized setup in which the social planner sets up screening and

follow-up policies, the physician makes decisions regarding follow-up by maximizing his own

expected utility. In the second case, the risk information is shared with the physician but

litigation is not a concern for the physician. We refer to it as the no litigation case (Section

3.4.2). Third, we analyze the case where the litigation is a concern, but the risk information

is not shared with the physician. We refer to it as the no information sharing case (Section
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3.4.3). Finally, we consider the case that incorporates the physician’s litigation concern and

information sharing and refer to it as litigation and information sharing case (Section 3.4.4).

The comparison between the first-best and the other cases provides insights into the impact

of the decentalized setup under various conditions, i.e., how the differing incentives of the

social planner and the physician affect the social planner’s policies and the social welfare,

and the role of litigation and information sharing. In all cases, we assume that when the

social planner is indifferent between two policies and if one of them is identical to that under

the first-best, then he will choose the one that is identical to the first-best to break the tie.

Also, if the physician is indifferent between practicing and not practicing defensive medicine,

then the physician will choose not practicing defensive medicine.

3.4.1 First-best Case

In the first-best case, the social planner chooses θsr and ϕsrst in Stage 1 in order to

maximize E[USP ]. Because the social planner serves in the physician role also, ηsrst is

identical to ϕsrst in the first-best. Define the following thresholds for µ:

THH :=
(1− λ)rhthcFP

λrutud
, TLH :=

(1− λ) (1− rh) thcFP

λ (1− ru) tud
,

THL :=
(1− λ)rh (1− th) cFP

λru (1− tu) d
, TLL :=

(1− λ) (1− rh) (1− th) cFP

λ (1− ru) (1− tu) d
.

(3.1)

These thresholds characterize the first-best follow-up policies for given signals, sr and st.

For each sr and st combination, the numerator of the corresponding threshold captures the

expected disutility in the case of a false-positive outcome while the denominator captures

the same for a false-negative outcome. The following lemma describes the optimal follow-up

policies as a function of these thresholds.

Lemma 3. Given sr, st ∈ {H,L}, social planner sets ϕsrst = 1 if T srst < µ; ϕsrst = 0 if

T srst > µ; ϕsrst ∈ [0, 1], otherwise.
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Table 3.3. Follow-up policies in the first-best
Signals Recommendation (ηsrst)
sr st µ ≤ TLL THH ≤ µ ≤ TLH TLH ≤ µ ≤ THL THL ≤ µ ≤ TLL TLL ≤ µ

H H 0 1 1 1 1
L H 0 0 1 1 1
H L 0 0 0 1 1
L L 0 0 0 0 1

Lemma 3 shows that a follow-up is recommended if and only if the expected benefit

of the follow-up for an unhealthy patient is sufficiently high. The minimum µ required

for recommending the follow-up depends on the signals obtained from the patient. In the

Appendix, we also show that THH < TLH < THL < TLL. The order implies that the

threshold T srst decreases when the risk and test information indicate a higher risk of the

patient being unhealthy. This is intuitive because the expected benefit from the follow-up is

higher for a patient with a higher risk, ceteris paribus. Table 3.3 characterizes the complete

set of follow-up policies, where a value of 1 indicates a recommendation of follow-up for the

patient and a value of 0 indicates a recommendation of no follow-up for the given sr and

st combination. Similar to the follow-up policies, the policies for screening in the first-best

case are determined by several thresholds as below.

SH
0 =SL

0 := u, SH
1 := u− (1− λ)rhthcFP

(1− λ)rh + λru
+

λrutuµd

λru + (1− λ)rh
,

SL
1 :=u− (1− λ) (1− rh) thcFP

(1− λ)(1− rh) + λ(1− ru)
+

λ (1− ru) tuµd

(1− λ)(1− rh) + λ(1− ru)
,

SH
2 :=u− (1− λ)rhcFP

(1− λ)rh + λru
+

λruµd

λru + (1− λ)rh
,

SL
2 :=u− (1− λ) (1− rh) thcFP

(1− λ)(1− rh) + λ(1− ru)
+

λ (1− ru) tuµd

(1− λ)(1− rh) + λ(1− ru)
.

(3.2)

The thresholds Ssr
n are determined based on sr and the expected recommendation sce-

nario, n, in the follow-up stage. The scenario n = 0 represents the case when the screened

patient is never recommended a follow-up regardless of the test signal. The scenario n = 1

represents the case when the screened patient is recommended a follow-up only when the
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test signal is high (st = H). Finally, the scenario n = 2 represents the case when the patient

is always followed up regardless of the test signal.

Proposition 7. The screening and follow-up policies in the first-best solution denoted as the

triple (θ∗sr , ϕ
∗
srH

, ϕ∗
srL

) are given in Table 3.4 and 3.5.

Table 3.4. Screening and follow-up policies in the first-best when sr = H.
Conditions µ ≤ THH THH ≤ µ TLH ≤ µ THL ≤ µ TLL ≤ µ

≤ TLH ≤ THL ≤ TLL

ct ≥ SH
1

ct ≥ SH
2 (0,–,–) (0,–,–) (0,–,–) (0,–,–) (0,–,–)

ct ≤ SH
2 N/A N/A N/A (1,1,1) (1,1,1)

ct ≤ SH
1

ct ≥ SH
2 N/A (1,1,0) (1,1,0) N/A N/A

ct ≤ SH
2 N/A (1,1,0) (1,1,0) (1,1,1) (1,1,1)

Table 3.5. Screening and follow-up policies in the first-best when sr = L.
Conditions µ ≤ THH THH ≤ µ TLH ≤ µ THL ≤ µ TLL ≤ µ

≤ TLH ≤ THL ≤ TLL

ct ≥ SL
1

ct ≥ SL
2 (0,–,–) (0,–,–) (0,–,–) (0,–,–) (0,–,–)

ct ≤ SL
2 N/A N/A N/A N/A (1,1,1)

ct ≤ SL
1

ct ≥ SL
2 N/A N/A (1,1,0) (1,1,0) N/A

ct ≤ SL
2 N/A N/A (1,1,0) (1,1,0) (1,1,1)

Notes. We use “–” to denote the case where a policy is not applicable. We use “N/A” to
denote the case when its corresponding condition is not applicable.

Proposition 7 provides the first-best policies for the whole parameter space, and it is

illustrated by Figure 3.2. We make the following intuitive observations from Table 3.4 and

3.5: (i) an increase in the benefit from the follow-up, µ, favors the recommendation of the

follow-up action for a patient that visits the physician, i.e., ϕ∗
HH , ϕ∗

LH , ϕ∗
HL, and ϕ∗

LL are

non-decreasing in µ, (ii) an increase in the cost of the test ct favors not recommending a

patient to undergo the test, i.e., θ∗H and θ∗L are non-increasing in ct, (iii) a patient with a

high risk signal is more likely to be recommended to undergo the test than one with a low
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risk signal, i.e., θ∗H ≥ θ∗L, and (iv) a patient with a high test signal is more likely to be

recommended follow-up than one with a low test signal, i.e., ϕ∗
HH ≥ ϕ∗

HL and ϕ∗
LH ≥ ϕ∗

LL.

In the parameter space, there are regions where either the risk information or the test

information plays no role in determining the policies, i.e., there are regions where i) no patient

is screened for testing (i.e., θ∗H = θ∗L = 0), ii) every patient that is tested is recommended a

follow-up action (i.e., ϕ∗
HH = ϕ∗

HL = ϕ∗
LH = ϕ∗

LL = 1), or iii) every patient is tested and then

recommended a follow-up action based only on the test information (i.e., θ∗H = θ∗L = 1, and

ϕ∗
HH = ϕ∗

LH = 1, ϕ∗
HL = ϕ∗

LL = 0). Clearly, these regions in the parameter space are either

unrealistic or uninteresting. In the rest of the paper, for expositional clarity, we present

the analysis and results for the parameter space that satisfies the following assumption

which ensures that both risk information and test information are useful in deciding the

recommendation for the patient.

Assumption 1. µ < µ < THL and ct < ct < SH
1 ,

where µ :=
(1− λ)rh + λru

dλrutu

[
− (1− λ)cFP (λthr

2
u (1− tu))

dλr2u (1− tu) tu (1− (1− λ)rh − λru)
+

(1− λ)cFPrhth
(1− λ)rh − λru

+
(1− λ)cFP (λrhru (tu ((1− th) (−ru)− 2th + 1) + th))

dλr2u (1− tu) tu (−(1− λ)rh − λru + 1)
− u

+
(1− λ)cFP ((1− λ)r2h (1− th) (1− ru) tu)

dλr2u (1− tu) tu (−(1− λ)rh − λru + 1)

]
,

ct := u+
(1− λ)cFPrh (1− th) (1− ru) tu
ru (1− tu) (1− (1− λ)rh − λru)

− (1− λ)cFP (1− rh) th
1− (1− λ)rh − λru

.

The assumption states that neither the benefit nor the cost of health care service (i.e., testing)

is too high relative to the other. The parameter space that satisfies Assumption 1 is shown

as the shaded region in Figure 3.2. In the shaded region, only high-risk patients are sent to

the physician and the physician recommends a follow-up only when the test information is

also high.
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Figure 3.2. First-best solutions [(θ∗H , ϕ∗
HH , ϕ

∗
HL), (θ∗L, ϕ∗

LH , ϕ
∗
LL)].

3.4.2 No Litigation Case

In this case, the physician does not face any litigation concerns. The social planner

determines the screening and follow-up policies, but the physician determines the actual

recommendation for the patient and he could possibly deviate from the social planner’s

policy in order to maximize his own payoff (i.e., ϕsrst and ηsrst may be different). We use

backward induction to derive the sub-game perfect equilibrium for the game. In Stage 2, the

physician determines the optimal decision ηsrst after observing signals sr and st and the social

planner’s policies. Anticipating the physician’s choice of ηsrst in Stage 2, the social planner

chooses the optimal screening policy θsr for each sr ∈ {H,L} and the optimal follow-up

policy ϕsrst for each sr, st ∈ {H,L} in Stage 1 of the game.

Proposition 8. When malpractice litigation is not a concern for the physician, the social

planner induces the first-best solution.

Proposition 8 is significant because it shows that even when the physician’s objective

differs from that of the social planner, the social planner is able to coordinate the physician’s

actions through appropriate policies and achieve the first-best solution if litigation is not a

concern.
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3.4.3 No Information Sharing Case

In the no information sharing case, the risk information is not shared with the physician.

Since we focus only on the information sharing role of health IT, this case could be viewed as

corresponding to the case of no health IT. When the risk information of individual patients is

not shared with the physician, the follow-up policy can only be based on the test signal and

therefore the probability of the patient winning the lawsuit against the physician can only

be influenced by the policy regarding the test signal. In effect, the likelihood of a successful

lawsuit for this case reduces to f(ϕ•st) = b•stϕ•st . Again, we normalize f(ϕ•st) to zero for

st = L, which implies that there is no basis for litigation claim when the only evidence

available to the physician—test signal—indicates a low risk.

Proposition 9. When risk information is not shared with the physician, the social planner

induces the first-best solution.

Proposition 9 reveals that even when the physician’s objective differs from that of the

social planner and litigation is a concern for the physician, the social planner is able to

coordinate the physician’s actions through appropriate policies and achieve the first-best

solution if the risk information is not shared with the physician.

3.4.4 Litigation and Information Sharing Case

Under this setup, the physician faces a lawsuit in the case of a false-negative outcome,

and the patient’s risk information is shared with him. Therefore, both the social planner

and the physician account for the cost/disutility arising from litigation while making the

decisions based on the available information. Let

T̃ srst := T srst − (1− 2α)kf(θsr , ϕsrst) + (1− α)l

αd
, for (srst) ∈ {(HL), (LH)}. (3.3)

We note that T̃ srst < T srst holds.
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Lemma 4. Physician’s decisions in Stage 2 under litigation concern and information sharing

are as follows.

(1) ηLL = 0, ηHH = 1.

(2) If T̃LH(θL, ϕLH) < µ, then ηLH = 1; ηLH = 0, otherwise.

(3) If T̃HL(θH , ϕHL) < µ, then ηHL = 1; ϕHL) > µ, otherwise.

Lemma 4 reveals that for any set of policies, the physician always recommends follow-up

if both risk and test information are high; never recommends a follow-up if both information

are low; and, in other cases, recommends a follow-up if and only if the patient’s relative

benefit from the follow-up exceeds a threshold value, as in the findings from prior cases.

We further find that the threshold for µ for recommending follow-up in the litigation and

information sharing case is smaller than that in first-best case when a) sr = L and st = H

or b) sr = H and st = L. That is, when there is a litigation concern, under information

sharing, physicians lower the threshold for follow-up, compared with the no litigation case,

which indicates the practice of defensive medicine (Studdert et al., 2005).

(a) t = 0, t < tHH

(b) t = 0.2, tHH < t < tNN

(c) t = 0.35, tNN < t

Figure 3.3. Comparison of the total payment across different payment models.
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Lemma 4 also reveals a key insight that highlights the enhanced vulnerability and the

consequent defensive behavior of the physician resulting from information sharing. Figure

3.3a∼3.3c illustrate this insight by comparing the physician’s decisions under the first-best

case and the case with litigation concern under information sharing. It shows that physicians

will behave defensively only when the test and risk information indicate conflicting signals,

but not when both indicate the same signal. The dependence of defensive behavior on

signal discrepancy is because when the signals are consistent (both are high or low), the

physician is highly certain about the patient’s health condition, and therefore litigation

concern is not strong enough to alter his decision. On the other hand, conflicting signals

increase the physician’s uncertainty in making a recommendation; when the benefit from the

follow-up is moderate, i.e., if T̃LH(θL, ϕL,H) < µ < TLH or T̃HL(θH , ϕH,L) < µ < THL, the

litigation concern alters the physician’s recommendation from no follow-up to follow-up. We

further note that the physician faces the possibility of conflicting information only because

of information sharing. The primary implication of this finding, combined with findings from

Section 3.4.3 is that the sole reason for the physician’s practice of defensive medicine in our

model is the sharing of risk information with the physician.

We denote the equilibrium under litigation concern as [(θ∗H , ϕ
∗
HH , ϕ

∗
HL, η

∗
HH , η

∗
HL), (θ∗L,

ϕ∗
LH , ϕ

∗
LL, η

∗
LH , η

∗
LL)] and define the following thresholds to characterize the equilibria in this

case.

T̃1 := T̃HL|θH=1,ϕHL=1, T̃2 := T̃HL|θH=1,ϕHL=0, T̃3 := T̃HL|θH=0,ϕHL=0 (3.4)

Proposition 10. Equilibrium decisions under litigation concern are given by Table 3.6 below:

Figure 3.4 illustrates Proposition 10 and facilitates comparison of the equilibria in the

first-best case and the case with information sharing and litigation concern.5 A comparison

5For ease of illustration, Figure 3.4 assumes the impact of litigation on a decision maker’s behavior is
not too strong. If the impact is extremely strong, the physician would always practice defensive medicine
regardless of the social planner’s decision. Also, the social planner would screen no patient at all.

84



Table 3.6. Equilibrium under the litigation concern [(θ∗H ,ϕ∗
HH ,ϕ∗

HL,η∗HH ,η∗HL), (θ∗L,ϕ∗
LH ,ϕ∗

LL,
η∗LH , η

∗
LL)].

Conditions µ ≤ T̃1 T̃1 ≤ µ ≤ T̃2 T̃2 ≤ µ ≤ T̃3 T̃3 ≤ µ

ct ≥ S̃H
1

ct ≥ SH
2 1 [(0,-,-,-,-),(0,-,-,-,-)]

ct ≤ SH
2

2 [(1,1,1,1,1) 3 [(1,1,0,1,1),(0,-,-,-,-)],(0,-,-,-,-)]

ct ≤ S̃H
1

ct ≥ SH
2

5 [(θi,1,0,1,0),(0,-,-,-,-)] 6 [(0,-,-,-,-)
,(0,-,-,-,-)]

ct ≤ SH
2

4 [(1,1,0,1,0),(0,-,-,-,-)] 7 if θi ≥ θ̄i, 8
[(θi,1,0,1,0),(0,-,-,-,-)], [(1,1,0,1,1)

if θi ≤ θ̄i, ,(0,-,-,-,-)]
[(1,1,0,1,1),(0,-,-,-,-)]

Notes. θi =
α(1−λ)cFP rh(1−th)−λru(1−tu)(αdµ−(1−α)l)

(1−2α)kλaHLru(1−tu)
,

θ̄i =
(1−λ)rhcFP+((1−λ)rh+λru)ct−λrudµ−(λru+(1−λ)rh)u

(1−λ)rhthcFP+((1−λ)rh+λru)ct+λrutudµ−(λru+(1−λ)rh)u+λru(1−tu)l
.

of Proposition 10 and Proposition 7 provides several key insights about the implications of

litigation concern on the social planner and the physician, which we discuss in detail below.

(i) Inability to Induce First-Best Solution

The observation that the results in Table 3.6 and the results in Table 3.4 and 3.5 are

not identical shows that the social planner is unable to induce the first-best solution

under information sharing when litigation is a concern for the physician. Additionally,

the following observation is worth highlighting. The first-best policies and first-best

physician decisions remain optimal even under the litigation concern when µ and ct are

low enough (when µ ≤ T̃2 and ct ≤ S̃H
1 , the unshaded region in Figure 3.4 and region

4 in Table 3.6). However, despite the optimality of first-best decisions, the social

utility under the litigation and information sharing case is inferior to the first best

because the litigation cost associated with a false-negative outcome reduces the social

utility. This finding implies that, in region 4 , even though the social planner’s policies

eliminate the defensive medicine practice, they are inadequate to achieve the first-best
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Figure 3.4. The equilibrium under information sharing and litigation case.
Notes. Shaded areas (Regions A, B, C, and D) represent the cases where the solution in the
litigation and information sharing case differs from that of the first best. In particular, A is
the area where only a fraction of high-risk patients are sent to the physician (corresponding
to 5 in Table 3.6). B is the area where all or a fraction of high-risk patients are sent to
the physician depending on parameter values (corresponding to 7 in Table 3.6). C is the
area where no patient is sent to the physician (corresponding to 1 in Table 3.6). D is the
area where all high-risk patients are sent to the physician, but the physician behaves more
defensively due to the litigation concern (corresponding to 3 and 8 in Table 3.6). In the
remaining area, the solutions are the same as in the first best (corresponding to 4 in Table
3.6), but the social utility is lower because of litigation. The other cases in Table 3.6 ( 2 ,
and 6 ) do not exist in this illustration.

social welfare. Therefore, the social planner needs to employ additional strategies such

as tort reform to mitigate the adverse effects of litigation in this region (e.g., Section

3.6 analyzes one such strategy, viz., a tort strategy that limits the compensation in a

litigation case).

(ii) Inducing Defensive Medicine Practice

The litigation concern may induce defensive practices. For instance, in Regions 3 and

8 in Table 3.6 and area D in Figure 3.4, the social planner sets the same screening

policies as those in the first-best but he is unable to control the physician’s defensive

behavior. In particular, in these regions, instead of the socially optimal decision of

recommending the follow-up only for those patients that have a high test signal, the
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physician recommends the follow-up for everyone including patients with a low test

signal because of the litigation concern. This observation reveals that the social planner

is unable to eliminate defensive medicine through his policies under some conditions.

(iii) Underprovisioning of Health Care

A key consequence of legal vulnerability created by information sharing is the possible

underprovisioning of health care. The underprovisioning manifests itself in two ways:

(A) In some cases, the social planner does not recommend a patient to undergo testing

under litigation concern and information sharing even though he would recommend

the high-risk patient to undergo testing in the first-best case (see for example re-

gions 1 and 6 in Table 3.6 and area C in Figure 3.4). More specifically, a

relatively high cost of testing compared with the benefit makes screening recom-

mendation undesirable as the social planner anticipates that the physician is going

to behave defensively. Thus, the social costs associated with the litigation may off-

set the benefit of testing in this region, causing the social planner to under-screen

patients.

(B) Consider regions labeled as 5 and 7 in Table 3.6 (or regions A or B in Figure

3.4). In the entire region 5 , and in part of region 7 depending on parameter val-

ues, only a fraction of the high-risk patients are recommended for testing. These

regions characterize moderate values of µ and low to moderate values of ct. The

intuition for this result is as follows. When the benefit from screening and possi-

ble follow-up is moderate for a high-risk patient, the social planner recommends

screening and prefers the physician to follow up the patient when the test signal is

high and not follow up when the test signal is low. However, for the physician, the

litigation cost from a possible false-negative outcome offsets the moderate benefit

of follow-up action to the patient; therefore, the physician is inclined to recommend
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follow-up regardless of the test signal and the social planner’s guideline. That is,

litigation concern becomes the over-riding factor in the physician’s recommenda-

tion. Not being able to control the defensive behavior through follow-up policies

to the physician, the social planner is left with tweaking the screening policy to

mitigate the defensive medicine practice for social good. The physician’s expected

cost of litigation is influenced by two factors that depend on the social planner’s

screening guidelines: (i) the likelihood of the patient winning the lawsuit, and (ii)

the probability of the screened patient being unhealthy. Both the factors are re-

duced by a decrease in θH , and therefore the social planner decreases θH from one.

However, decreasing θH has a harmful effect in that it increases the false-negatives

for those patients that are not screened. In other words, a reduction in θH implies

that some patients with the high-risk signal are not recommended to undergo the

testing, hence underprovisioning of health care. The trade-offs between these two

effects lead to the equilibrium policy indicated for this region.

In summary, our findings reveal the following. (i) Health IT, particularly the information

sharing aspect of it, creates additional legal vulnerability. (ii) The possible conflict created by

shared information is the source of the vulnerability due to health IT. (iii) The vulnerability

may have the sole effect of increased litigation cost or social utility loss without affecting

either the social policies or the physician actions. (iv) In line with the conventional wisdom

that the litigation fear fuels defensive medicine, the increased liability risk due to health IT

leads to overutilization of health care services. (v) For some high-risk patients, however,

underprovisioning of health care services can be the solution for countering the increased

risk of legal liability due to health IT.
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3.4.5 Impact of Information Precision and Physician Benevolence

The impact of information sharing under litigation concern depends critically on the

precisions of the risk and test information and the degree of physician benevolence. In this

section, we study how information precision and physician benevolence affect the policy

decisions, especially in the region where health IT leads to underprovisioning of health care.

Note that such an assessment is pertinent because the advances in health IT continually

improve the quality of patient risk information while advances in medical technology improve

the testing capabilities.

Proposition 11. In the equilibrium region where underprovisioning occurs,

1. ∂θ∗i
∂ru

< 0,
∂θ∗i
∂rh

> 0: As sensitivity or specificity of the risk information increases, fewer

patients are recommended for testing.

2. ∂θ∗i
∂tu

> 0,
∂θ∗i
∂th

< 0: As sensitivity or specificity of the test information increases, more

patients being recommended for testing.

Intuitively, one would expect that a more precise signal, whether it is the risk signal or

the test signal, would motivate the social planner to recommend more high-risk patients for

testing. However, Proposition 11 shows that while the above intuition holds for the test

signal, the opposite result holds for the risk signal. To understand this counter-intuitive

observation, we first examine how the physician behavior changes with respect to ru and

rh; in other words how T̃HL(θH , ϕHL) changes with the precision of risk information. We

find that the threshold T̃HL decreases as the sensitivity or the specificity of risk information

increases because an improvement in the quality of the risk information relative to that of test

information causes the physician to put more weight on the risk information while making

his recommendation. Therefore, the physician will more likely recommend follow-up when

the risk is high and would practice defensive medicine more when either ru or rh increases.
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As was discussed after Proposition 10, the social planner can mitigate the defensive medicine

practice by decreasing θH . But, an increase in the risk information precision exacerbates the

defensive medicine behavior, and, as a result, the social planner decreases θH . On the other

hand, an increase in the test signal’s precision relative to that of risk signal diminishes the

importance of the risk information. Therefore, an improvement in test signal precision has

the opposite effect on the social planner’s policies as compared to the effect of an improvement

in the precision of risk information.

We also conduct a comparative statics analysis regarding α which is the parameter that

captures how much the physician values the patient utility in comparison to his own. Even

though physicians aim to deliver the best care to their patients, financial incentives or ethical

judgment could also play a role in their practice (Chandra and Skinner, 2012). The variation

in physicians’ valuation of patient health vs. other factors could also moderate the impact

of litigation on the overall utility (Chandra and Skinner, 2012; Clemens and Gottlieb, 2014).

Hence, the trade-offs affecting the formulation of social policies could vary. To see the

impacts of α on the physician’s behavior and the under-provisioning of health care, we take

partial derivatives of T̃HL(θH , ϕHL) and θi with respect to α.

Proposition 12. In the equilibrium region where underprovisioning occurs, ∂θ∗i
∂α

> 0, i.e.,

as the physician’s valuation on a patient’s utility increases, more patients are recommended

for testing.

With more weight on the patient’s utility, the physician would suffer less from litigation.

Note that, as we discussed in Lemma 4, the physician’s decision thresholds are shifted to

the left on the horizontal line of µ with an increase in litigation costs. When the physician

puts less weight on the litigation costs compared to the patient’s utility, the degree of the

shift is less. Anticipating the reduced deviation in thresholds, the social planner is less

inclined to adjust θH to cope with physicians’ defensive behavior if the physician is more
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benevolent. Therefore, the social planner recommends more patients to be tested based on

the risk information when α increases.

In summary, we find that the problems associated with the practice of defensive medicine

and the consequent underprovisioning of health care become more severe when the quality

of risk information increases relative to that of test information or the physician become less

patient-oriented and more self-oriented.

3.5 Relationship to Empirical Observations

The analysis presented in the previous section provides several theoretical insights regard-

ing how information sharing under litigation risk affects physician’s defensive behavior and

the social policies. Naturally, two important questions that arise are how the social policies

as modeled in this chapter are operationalized in real life and whether the theoretical results

are supported by empirical evidence. We discuss these in this section.

3.5.1 Operationalization of Screening and Follow-up Policies

A key mechanism by which a social planner implements his policies is through health

care guidelines. In health care, it is standard practice to code various medical activities,

including the use of health information, in the form of practice guidelines (Rosenfeld et al.,

2013). In the following, we briefly summarize two ways guidelines can operationalize the

policies indicated by our analysis.

(i) In our model, the social planner’s policies are indicated by the variables θ and ϕ.6

Under socially optimal policies, these variables assume either a value of one, a value

of zero, or a value between zero and one. The policy in which a variable has a value

of one or zero (in other words, absolute recommendation) can be operationalized in

6We suppress the subscripts and superscripts for brevity.
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practice using “rigid” guidelines, also referred to as the standard of care. An exam-

ple of such a rigid guideline is all high-risk patients must be sent to a physician (a

value of one) or no low-risk patient should be sent to a physician (a value of zero).

In a manual prepared for the American Academy of Otolaryngology–Head and Neck

Surgery, Rosenfeld et al. (2013) provide the following example of rigid guidelines for

benign, paroxysmal, positional vertigo: “Clinicians should treat patients with posterior

semicircular canal benign, paroxysmal positional vertigo with a particle repositioning

maneuver.” On the other hand, policies where those variables assume a value between

zero and one can be operationalized using “flexible” guidelines. An example of a flexible

guideline is the one recommending that a high-risk patient may be sent to a physician.

In particular, a mechanism by which a flexible guideline is operationalized is through

the usage of a somewhat vague language that gives more flexibility to physicians in

guidelines (Rosenfeld et al., 2013; Shiffman et al., 2009; Warren et al., 2000). For ex-

ample, the current USPSTF guidelines in mammography screening for women between

the ages of forty and fifty recommend that “biennial screening mammography should

be an individual one and take patient context into account” (Siu, 2016). Moreover,

it is worth pointing out that (Warren et al., 2000) suggest an algorithm that handles

vague or ambiguous language when formulating automated decision support based on

guidelines, which could be helpful in measuring the level of vagueness that would be

consistent with the desired flexibility in our modeling.

(ii) Another mechanism to operationalize policies, especially those related to flexible guide-

lines, is to utilize multiple rigid guidelines simultaneously. One good example to this

is the existence of multiple guidelines in breast cancer screening. For instance, while

USPSTF guidelines recommend biennial screening for women between the ages of 50-

74, the American Cancer Society guidelines recommend annual screening for all women

over age 40 (American Cancer Society, 2015). Although the pluralism in guidelines is
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essentially different from the flexibility (Havighurst, 1989; Mello, 2001), these multiple

rigid guidelines may have the same effect as in a single flexible guideline with vague

language by providing more flexibility to physicians in their decisions. Incorporating

multiple guidelines into decision support systems can create the desired effect because

the differences in guidelines can assuage defensive behavior as physicians can rely on

the guideline of their choice.

Both of the above mechanisms of how a social planner can translate our policy findings

into practice are already realities of actual medical care. They support our contention that

the findings of our work can be operationalized. Further, our discussion of them as possible

tools for policy making can inform the debates around medical guideline design, defensive

medicine, and over- or underprovisioning of health care services (e.g., Kaamoto and Greenes,

2011; Rosenfeld et al., 2013; Schwartz et al., 2014; Grady and Redberg, 2010).

3.5.2 Empirical Observations

In this subsection, we apply our model to the breast cancer context, and demonstrate

how the model predictions compare with empirical observations. Further, we also quantify

the effect of defensive medicine and litigation risk arising from health IT in breast cancer

screening. We choose breast cancer screening example because i) breast imaging is the most

common cause of medical malpractice claims in the United States (Anderson and Troxel,

2005), ii) the subject has been studied extensively and thus good estimates for most of the

model parameters are available in the published literature.

Based on individualized risk calculations, women are recommended mammography screen-

ing for breast cancer (Saslow et al., 2007; Moyer, 2012). The widely used Gail model evaluates

a patient’s risk of developing breast cancer based on various risk factors (Tice et al., 2008).

The model categorizes patients into average-risk and high-risk groups (risk information).

Guidelines use these risk groups to communicate screening recommendations to patients
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(e.g., see Siu, 2016). Extensive randomized controlled trials and observational studies pro-

vide data regarding the specificity and sensitivity of mammography (test information) (e.g.,

see Pisano et al., 2005). Furthermore, various health economics studies provide utility and

cost data associated with the modeled outcome scenarios (e.g., see Studdert et al., 2005;

Tosteson et al., 2008). Based on these databases, Table 3.7 provides the point and interval

estimates for different parameter values we use to illustrate our theoretical results as well

as the references for these estimates. While robust data and thus reliable estimates are

Table 3.7. Parameter estimates
Parameters Sources Comments Estimates

λ (Tice et al., 2008) 1,095,484 women age 35 years or older 0.013
ru (Tice et al., 2008) variants of Gail model 0.525
rh (Tice et al., 2008) variants of Gail model 0.315
tu (Newton and Grethlein, 2016) screening mammography 0.726
th (Newton and Grethlein, 2016) screening mammography 0.239

ct
(Ayvaci et al., 2012), Centers for Medicare and
Medicaid Services (2014), (Tosteson et al., 2008)

ct includes disutilities from mammography,
reimbursements to a radiologist, and office visit costs $428 ±173

cFP (Gram et al., 1990) screening mammography $5,609 ±4,369

u
Centers for Medicare and Medicaid Services
(2014), (Tosteson et al., 2008)

u includes reimbursements to a radiologist,
and office visit costs $248 ±124

d (Wu et al., 2011) quality life year loss $671,303 ±578,585
l (Studdert et al., 2006) defense costs $50,296 ±15,354
k (Studdert et al., 2006) amount of compensation paid $432,342±174,343

µ
(Hendrick and Helvie, 2011) mortality reduction by screening mammography

for women age younger than 50 0.145

(Hendrick and Helvie, 2011) mortality reduction by screening mammography
for women age 50 or older than 50 0.235

Notes. We use a willingness-to-pay ratio with range $28,300–$381,500 to obtain a single
measure (King et al., 2005). All utility values are adjusted to reflect 2015 dollars.

available for most model parameters, we do not have good estimates for a few parameters;

namely aHL, bHL, and α. For these parameters, we assume the following baseline values:

aHL = 0.20, bHL = 0.6, and α = 0.175 in our illustration. In addition to using these baseline

values, we further conduct extensive sensitivity analysis using the following ranges for these

variables (aHL ∈ [0.115, 0.40], bHL ∈ [0.0, 0.85], α ∈ [0.078, 0.186]). The results from our

sensitivity analysis reveal that the results are quite robust against relative changes in these

parameter values.
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(a) Optimal Screening Policy (θ∗H , θ∗L) (b) Fraction of High-Risk Patients to be Screened
When Underprovisioning Screening Policy is
Optimal

Figure 3.5. An illustration of Proposition 10 with real-life data.
Notes. We label a policy as standard screening when the policy recommends screening for
only the high risk patients and as no-screening when neither the high-risk nor the low-
risk patients are recommended for screening. Each region in subfigure (a) is labeled with
corresponding screening policy. The regions for no-screening and underprovisioning screening
policy are the result of litigation risk, and differ from the first-best screening policy. The
dotted, dashed, and long dashed-dotted lines in subfigure (b) represent cut-off values between
non-screening and screening of high-risk patients when ct takes low, moderate, and high
values, respectively.

We illustrate Proposition 10 using Figure 3.5a and 3.5b. We use an interval estimate of

$250 ∼ $600 for ct, which includes office visit costs, reimbursements to a radiologist, and

disutility from mammography including lost working hours, converted into U.S. dollars. In

addition, we take 0.10 as a lower bound and and 0.30 as an upper bound of µ, following

(Hendrick and Helvie, 2011). Using these values, we characterize the equilibrium decisions

on screening policies as in Figure 3.5b. As seen in Figure 3.5a, we find that when cost of

screening is moderate ct ($428), the impact of litigiation risk on screening policy is twofold.

First, it is optimal to send only a fraction of high-risk patients for mammogram (and no

low-risk patients are screened) when 0.23 < µ < 0.30 (e.g., underprovisioning policy). Also,

no patient should be screened when µ < 0.17. In the absence of litigation risk, all high-risk

patients would be screened when 0.14 < µ < 0.30 (e.g., standard screening policy) and
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no patient would be screened when µ < 0.17 (standard no screening policy). We also find

that the fraction of high-risk patients that should be recommended to get mammography

decreases from 99.99% when µ = 0.23 to 84.43% when µ = 0.30 (see Figure 3.5b). We obtain

qualitatively similar results when ct varies.

A comparison of our model predictions to the breast cancer screening guidelines proposed

by the USPSTF provides some interesting observations. In particular, the USPSTF guide-

lines recommend that 1) women older than fifty get biennial screening (standard screening

policy), 2) for women between the ages forty and fifty, “biennial screening mammography

should be an individual one and take patient context into account” (an underprovisioning

policy using a flexible guideline), and that 3) women younger than forty be not screened

(standard no screening policy) (Siu, 2016). The rationale provided for these recommenda-

tions was that breast cancer mortality reduction due to mammography, a factor captured

by parameter µ in our model, is age based and increases with age. In that regard, the USP-

STF recommendations are consistent with our identified relationship regarding the fraction

of high-risk patients that would be recommended to see the physician as the benefit from

screening increases. Despite the seeming consistency between model predictions and the

guidelines, we cannot conclude that the policy makers in USPSTF take into account the

litigation concerns and impact of information sharing on litigation vulnerability while for-

mulating their guidelines. However, health care policy discussions suggest the use of policy

recommendations leading to underprovisioning (i.e., those operationalized through flexible

guidelines) in clinical practice for reasons such as insufficient medical evidence, lack of con-

sensus within the health care community, cost, and concern over setting a legally binding

standard (Rosenfeld et al., 2013; The Office of Technology Assessment (OTA), 1994). Re-

garding its relation to legal issues, the clinical policy manual prepared by (Rosenfeld et al.,

2013) states that flexibility in guidelines may reflect the guideline designer’s “unwillingness

to create a potential legal standard of care.” Furthermore, flexibility can “limit the usefulness
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of guidelines” as legal evidence in holding the physician responsible for deviating from them

(The Office of Technology Assessment (OTA), 1994). This is because flexible guidelines do

not allow evidence to be treated as completely exculpatory or inculpatory for determining the

physician’s responsibility for a false decision. That is, besides the inherent uncertainty in the

medical evidence itself, flexibility in guidelines also introduces uncertainty in the outcome of

a medical lawsuit (Leahy, 1989; Mello, 2001). Despite the support for the underprovision-

ing via flexible guidelines in literature, how underprovisioning should be achieved and how

guidelines should be made flexible to achieve underprovisioning is beyond the scope of our

study.

Next, we assess the impact of taking the litigation concerns into account in policy for-

mulation. For this purpose, we quantify the benefit of optimal screening (which accounts for

litigation concerns) over sending all high risk patients for mammogram. More specifically,

we compute this benefit by calculating the social welfare difference between the two sets of

policies in the region where underprovisioning is optimal, i.e., 0.23 < µ < 0.30 (see Figure

3.5a). Then, we divide this difference by the social welfare under the policy that recommend

mammogram for all high-risk patients so that the impact is measured in terms of a percent-

age change. We find that, by accounting for the litigation concerns and underprovisioning

care, the social welfare may be increased by 8.62 ∼ 10.06%. Figure B.2 in the Appendix

shows the benefit for various values of µ and ct.

Finally, we quantify the overtreatment rate caused by litigation concern and underpro-

visioning resulting from (optimal) guidelines for women older than 50 where mortality re-

duction rate (µ) by screening mammography is estimated as 23.5% (Hendrick and Helvie,

2011).7 If litigation is not a concern, according to the first-best policy, 24.95% of high-risk

patients would get follow-up treatment. However, if the same first-best solution is used,

7In the published literature, the estimated mortality reduction rate ranges from 0% to 46%, and we choose
a moderate estimate.
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under litigation concern, the physicians would recommend follow-up treatment for 100% of

the high-risk patients. On the other hand, if the social planner follows underprovisioning,

then 24.45% of high-risk patients would get follow-up treatment. The analysis suggests that

underprovisioning of health care can offer substantial societal value when the physicians face

litigation concern and health information sharing is ubiquitous.

3.6 Role of Malpractice Caps

While social policies that deal with health care provisioning have been debated extensively

to deal with litigation concerns, tort reform, especially limits on malpractice damages and

stricter definition of what constitutes medical malpractice, has historically been the primary

strategy to address physicians’ litigation concern (Kachalia and Mello, 2011). Although

tort reforms are still controversial (Kachalia and Mello, 2011), it has been reported that

the malpractice caps on damages were effective in dealing with the litigation cost (Hyman

et al., 2009). In this section, we examine the impact of malpractice restrictions on defensive

medicine under information sharing. This examination is especially relevant in light of our

finding that in some regions of the parameter space (namely 4 in Table 3.6), the social

planner is unable to change the physician’s defensive medicine behavior through his policies.

In the baseline model, the physician provides a compensation of k to the patient if the

patient wins the lawsuit which results in an expected damage payment of kf(θsr, ϕsrst) by

the physician. In this extension, we assume that the expected litigation payment is limited to

k̄. The limit can be the result of a cap on k or restrictions on the criteria used to determine

medical malpractice. We define the thresholds for follow-up decisions when sr = H and

st = L as:

T 1 = THL − (1− α)l + (1− 2α)min[k(aHL + bHL), k̄]

αd
,

T 2 = THL − (1− α)l + (1− 2α)min[k(aHL), k̄]

αd
.

(3.5)

Then, the optimal equilibria under the damage cap are given in the Proposition 13.
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Proposition 13. Equilibrium decisions with damages cap for litigation [(θ∗H , ϕ
∗
HH , ϕ

∗
HL,

η∗HH , η
∗
HL), (θ

∗
L,ϕ

∗
LH ,ϕ

∗
LL,η

∗
LH ,η

∗
LL) are given in Table 3.8 below.

Table 3.8. Equilibrium under the litigation concern when there is a damage cap
Conditions µ ≤ T 1 T 1 ≤ µ ≤ T 2 T 2 ≤ µ ≤ T̃3 T̃3 ≤ µ ≤ THL

ct ≥ S̃H
1

ct ≥ SH
2 1 [(0,-,-,-,-),(0,-,-,-,-)]

ct ≤ SH
2

2 [(1,1,1,1,1) 3 [(1,1,0,1,1),(0,-,-,-,-)],(0,-,-,-,-)]

ct ≤ S̃H
1

ct ≥ SH
2

5 [(θi,1,0,1,0),(0,-,-,-,-)] 6 [(0,-,-,-,-)
, (0,-,-,-,-)]

ct ≤ SH
2

4 [(1,1,0,1,0),(0,-,-,-,-)] 7 if θi ≥ θ̄i, 8
[(θi,1,0 ,1,0),(0,-,-,-,-)], [(1,1,0,1,1)

if θi ≤ θ̄i, ,(0,-,-,-,-)]
[(1,1,0,1,1),(0,-,-,-,-)]

Figure 3.6. The equilibrium under the damage cap
Notes. Shaded areas (Regions E and F) represent the cases when the equilibrium results
differs from the baseline model where there is litigation concern but there is no damage cap.
In particular, E is the area where underprovisioning could still be optimal but its size is
smaller compared to area A and B of Figure 3.4 (corresponding 5 and 7 in Table 3.8). F
is the area where the optimal screening guidelines are the same the first-best, but its size is
larger compared to the baseline model (corresponding 4 in Table 3.8). In the non-shaded
areas, there is no change in the results compared to the baseline model.

Figure 3.6 illustrates Proposition 13. We find that, similar to the baseline case with

no limit on malpractice damage, as long as the physician cannot be fully protected, i.e.,
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k̄ > 0, there are still cases where underprovisioning of health care is needed to deal with

the defensive medicine that arises from the sharing of the risk information as indicated by

region E in Figure 3.6. However, compared to the baseline case, the size of the region in

the parameter space where underprovisioning is optimal is smaller when there is a limit

on the malpractice damage. That is, the limit on malpractice damage lessens the need for

underprovisioning of health care in these regions. On the other hand, the limit on malpractice

damage does not have an impact in regions F and G. This finding is consistent with critics

who argue against the effectiveness of the damage cap for reducing “frivolous lawsuits” and

also with proponents who support its effectiveness in dealing with extreme cases (Hyman

et al., 2009).

3.7 Concluding Remark

We examine the issue of physician’s increased liability risk stemming from the sharing of

health information using IT. We show that when malpractice litigation is not a concern

or when risk information is not shared with the physician so that the physician is not

faced with conflicting pieces of evidence about the patient’s health, the social planner can

induce the first best solution that maximizes the social welfare. On the other hand, when

litigation is a concern and patient risk information is shared with the physician—both of

which are commonly observed in practice—the social planner is unable to do induce the

first best solution. In particular, information sharing under litigation concerm can lead to

underprovisioning of health care for high-risk patients. We further show that malpractice

damage caps may mitigate, but not eliminate, the need for under-provisioning.

Our findings also have several implications for health policy makers regarding the mean-

ingful use of health IT and policies in the presence of widespread information sharing. The

policies are articulated through guidelines. While guidelines affect the actions of health care

providers’ medical recommendations to the patient, since 1990s, there have been extensive
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discussions on designing policies and guidelines that serve as legal standards (Woolf, 1998;

Sullivan, 2015). Although guidelines are already admissible in many liability cases (Samanta

et al., 2006; Mello, 2001), the question regarding whether the guidelines should be conclusive

or not for the purpose of reducing cost of defensive medicine is still unanswered (Sullivan,

2015; Mehlman, 2012; Rosenfeld et al., 2013). Some of the existing studies already advo-

cate the use of flexible guidelines to provide the physician the autonomy to accommodate

patients’ individual circumstances and different views on care practice (Leahy, 1989; Woolf,

1998; Rosenfeld et al., 2013; Samanta et al., 2006). However, such flexibility can also lead

to underprovisioning or overprovisioning of health care. Our research shows that flexible

guidelines that leads to underprovisioning may indeed be needed to deal with the litigation

risk introduced by the increased data sharing, as it reduces the usefulness of the guideline in

supporting the litigation claim (Liang, 2015). The U.S. government recently considered the

implementation of a new litigation policy that makes physicians immune to many frivolous

litigation claims (Sullivan, 2015; Mehlman, 2012). However, as our findings suggest, a rigid

guideline that provides too much safe harbor may potentially do more harm than benefit to

the society in the era of widely shared health information, and the conduct of a cost-benefit

analysis is a prerequisite to the implementation.

While data sharing among providers is being touted as a key strategy to improve care

quality and decrease costs, our findings suggest that there is a critical need to examine the

litigation concerns raised by such data sharing (Mangalmurti et al., 2010). Moreover, the risk

information is sometimes handled by patients through patient portals and not by physicians

(Ozdemir et al., 2011; Romanow et al., 2012). Our findings imply that no-information

sharing could be the strategic choice with rigid guidelines if policy implementation could

fully control the sharing of risk information. If not, a flexible guideline should be considered

as an alternative to deal with the defensive medicine that emanates from information sharing.

From the perspective of managing health care organizations, guidelines are increasingly

serving as tools to control the utilization of care resources (Green, 2012).The recent reforms
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in the U.S. health care system is emphasizing a shift towards eliminating costs associated

with unnecessary care and improving care quality through care coordination programs such

as Accountable Care Organizations (ACOs). The key to the success of coordination is the

development of effective care protocols to standardize care. This is because care proto-

cols such as guidelines specify in which conditions limited resources should be used while

considering the trade-offs between the associated costs and benefits (Green, 2012). In that

regard, our paper characterizes the conditions where flexible guidelines could be a solution to

the over-utilization problem under the increased litigation risks emanating from information

sharing.

To the best of our knowledge, this chapter is the first attempt to analyze one of the

new adverse effects of health information sharing by using an economic model. The model

captures the underlying proliferation of defensive medicine subsequent to wider health in-

formation sharing. The study can be extended in several directions. We consider defensive

medicine only in the physician’s decisions, and we do not explicitly model the agent who

could possibly screen a patient in Stage 1. Therefore, modeling agent’s decisions for could

provide richer implications. Also, we consider a monopoly health care market and do not con-

sider the impact of the policies on the market competition among physicians as the screening

or follow-up policy has an impact on competing health systems (Nam et al., 2010), which

could be the topic of a future extension study.
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CHAPTER 4

EMPOWERING PATIENTS CAN INCREASE DIGITAL DIVIDE: THE

EFFECTS OF PATIENT PORTALS ON KIDNEY ALLOCATION

4.1 Introduction

Chronic diseases have become a significant and growing problem in the U.S. and an

increasing economic burden on the U.S. healthcare system. About 70% of people in the

U.S. die from chronic diseases, and costs for treating people with chronic diseases exceed

86% of the total healthcare spending in the U.S (CDC, 2017). Due to their increasing

burden on the U.S. healthcare system in the face of aging population, healthcare experts

have examined various ways to lower costs while improving care quality in managing chronic

diseases. Chronic diseases management requires integrated delivery of care services includ-

ing screenings, check-ups, monitoring and coordinating treatment, and patient education.

For a successful implementation of chronic disease management, patients’ active engage-

ment in medical decision process is necessary as patients have the primary responsibility for

identifying and conveying their goals and concerns relevant to the decision they are facing

(Bodenheimer et al., 2002).

In recent years, it has been recognized that healthcare providers are responsible to es-

tablish an effective relationship with their patients that promotes patients to engage in care

delivery by sharing relevant information with the patients (Emont, 2011; Irizarry et al.,

2015; Finkelstein et al., 2012). With increased adoption of electronic health record (EHR)

systems in clinical practices, a patient web portal connected to an EHR system, also known

as personal health record (PHR), has been identified as an effective technology for provid-

ing patients with access to their own health records. Patient portals provide patients with

a single-point access to a variety of clinical history data such as doctor visits, lab results,

chronic problems, and medication. Providing patients access to a patient portal can lead to

103



greater patient engagement in chronic diseases management because i) chronic care requires

continuous oversight of health condition, ii) continuity of oversight and timely action heavily

rely on active patient participation, and iii) patient can make informed decision with the

help of such decision aids. (Emont, 2011)

However, despite the increasing awareness of the value of patient portals in chronic dis-

eases management, little is known about whether and how access to patient portals improves

care outcomes (Finkelstein et al., 2012; Goldzweig et al., 2013). The evidence about effect

of patient portals on patients decisions is insufficient to draw a conclusion as previous stud-

ies do not focus on specific contexts that require the need for such health IT (Goldzweig

et al., 2013). To better understand the mechanisms underlying the effect of patient portal,

it would be necessary to consider conditions where the intervention (adoption) works (Otte-

Trojel et al., 2014). In this chapter, we extend the research on patient portals by examining

the relation between the patient portal adoption and individual patients’ care outcomes in

a unique and relevant research context.

We use kidney transplant as the context for our research. The patient outcomes we study

uniquely pertain to resource allocation at the societal level (kidney allocation) and business

efficiency at the organization level (transplant center’s waitlist management). We believe

kidney transplant is a good testbed for exploring patient portals’ impact on management

outcomes because of the following reasons. First, unlike many other medical decisions,

kidney transplant patients often have a high degree of autonomy in choosing treatment

options - continue on dialysis or get transplanted - rather than playing a subordinate role

(to care providers) (Solomon, 2010). Therefore, patients who actively engage in care delivery

can significantly change the course of treatment and the role of portals is likely to be more

pronounced. Second, the decision to stay on waiting list or get transplanted requires patients

to be aware of their health status and make complex trade-offs (Solomon, 2010). Specifically,

the supply of kidney is very limited while transplant success is highly uncertain and depends
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on patient health condition and other factors. In effect, patients need to make tough choices

about whether to accept a kidney. As the patients face tough choices, a portal may become

a necessity for them as personal health information featured in a patient portal can be useful

for the patient to evaluate benefits/costs of a treatment option. Third, because patients

repeatedly make these decisions until a successful transplant (about 15 times until transplant

occurs), patients’ understanding and involvement increases over time (Zhang, 2010; Su and

Zenios, 2006). Given the potentials of patient portals for improving patient engagement in

kidney transplant, we are interested in the question, “How does providing patients access to

health information through patient portals affect individual patients’ transplant outcomes?”

We use individual patients’ waiting time to receive transplant (time to transplant) as

a care outcome for our main analysis. Time to transplant is considered as an important

efficiency measure in transplant service because patients’ health deteriorates over time while

they are waiting for kidney transplant and a majority of patients cannot receive the treatment

in time due to the limited supply of kidney donations (Zhang, 2010; Su and Zenios, 2006; Ata

et al., 2012; Bertsimas et al., 2013). In addition to the access issue in kidney transplant, we

also examine disparities in the access to kidney transplant (disparities in time to transplant).

Kidneys have been viewed as scarce national resources due to their highly limited supply,

and providing equal access to organs to all patients is an important objective to achieve

for policy makers (Ata et al., 2012; Bertsimas et al., 2013). Since there still exist notable

disparities in waiting time across populations, this is a meaningful research subject for policy

makers to study. Considering the uneven diffusion of IT we have observed for years (Riggins

and Dewan, 2005; Agarwal et al., 2005; Wei et al., 2011), patient portals may or may not

moderate the existing disparities. Besides waiting time, we also examine other efficiency

measures such as quality of kidneys received for transplant and patient/kidney survival rates

after receiving transplant as an extension of our analysis.

105



4.2 Background

4.2.1 Patient Portal

A patient portal is a secure website that allows patients access to health information that

is linked to electronic health records (EHR) maintained by care providers (Otte-Trojel et al.,

2014). Patient portals could benefit both patients and health care providers by increasing the

efficiency and productivity of care (Osborn et al., 2010). Through a patient portal, patients

may can also complete forms, schedule appointments, refill prescriptions, pay medical bills,

send a message to their providers, and receive education materials. Among those functional-

ities featured in patient portals, patients mainly use portals to obtain their personal health

information such as personal medical history and laboratory test results (Weingart et al.,

2006; Klein, 2007; Baird et al., 2012). The conventional view about providing information

through patient portals is that patients can actively involve in care process and make more

informed decisions with the help of such decision aids, and in turn the outcomes would also

improve (Al-Busaidi et al., 2006; Fowler et al., 2011).

A study by (Otte-Trojel et al., 2014) describes the mechanisms of patient engagement and

informed decision making with the aid of patient portals. First, access to health information

enables patients and caregivers to engage in utilization of the information with accurate

and comprehensive insight. Second, readily accessible electronic records is a critical step

toward patient empowerment since patients are unable to achieve sufficient levels of desired

autonomy and self-efficacy with lack of adequate information. Third, the use of a secure,

interactive personal health records (PHR) tethered to EHRs enable patients to review and

update their health information that patients can base decisions on. However, there has been

insufficient evidence that supports the view that patients make more informed decisions with

patient portals (Finkelstein et al., 2012; Goldzweig et al., 2013).

A potential area where patient portals can substantially improve care outcomes is chronic

disease management (Finkelstein et al., 2012). Chronic diseases are among the most com-
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mon, costly, and preventable of all health problems in the U.S (CDC, 2014). Chronic care

management is a patient-centered disease care which integrates screening, check-ups, moni-

toring and coordinating treatment, and patient education, and requires high levels of patient

involvement in care process unlike traditional paternalistic approach (Young et al., 2007;

Bodenheimer et al., 2002). For effective chronic care management, engaging patients in care

process by providing better information access is necessary (Young et al., 2007; Fowler et al.,

2011). Therefore, effective use of patient portal would lead to greater engagement of patients

in chronic care process where patients can have higher levels of autonomy.

4.2.2 Kidney Allocation Process

A patient seeking deceased donor kidney first registers at a transplant center. The trans-

plant center then conduct several tests to obtain immunological information about the pa-

tient. Once the transplant center confirms that the patient is suitable for transplant, the

transplant center places the patient on a national pool of people waiting for transplant.

This list of transplant candidates (waitlist) is managed by United Network of Organ Sharing

(UNOS). When a kidney is donated, organ procurement organization (OPO) procures and

recovers the kidney, and then find biologically compatible patients who are registered in the

waitlist. The compatible candidates are then sorted into a queue that ranks the potential

candidates based on UNOS’s kidney allocation policy. Ranking is given to patients mainly

based on accrued waiting time, blood type compatibility, age, immunological sensitivity to

the kidney, and geographical distance between the donor and the patient. The system al-

locates the kidney based on ranking. When a candidate receives a kidney offer the patient

should decide within a short period (typically two hours) whether to accept the offer or

wait for another offer. If the patient rejects the offer, the kidney is offered to lower-ranked

candidates. If no candidate accepts the offer within a few days (typically 24–36 hours), then

107



the kidney is discarded.1 In general, the average waiting time is 3.6 years because of the

limited supply of deceased kidney donation (USRDS, 2016).

4.2.3 Expected Impacts of Patient Portals

Decision making about accepting/ rejecting a kidney offer from a deceased donor depends

on several dynamic factors that may change over time (Su and Zenios, 2004; Zhang, 2010).

The first factor is patient clinical characteristics. For instance, patients older than 65 would

have a higher risk of kidney failure after transplantation than younger patients. The second

factor is the quality of the kidney being offered. The quality of a kidney is measured using

several characteristics of the donor such as age, history of hypertension, history of diabetes,

cause of death if a kidney is donated from deceased donor, among others. Lastly, if the offer

is from a deceased donor, the composition of the patients on the waitlist also affects the

decision (i.e. the number of candidates who would potentially compete for future kidney

offers, such as the number of candidates with the same blood type). Patients often find

it difficult to make an informed decision on an offer and are reluctant to consider low- or

moderate-quality offers from deceased donors (Volk et al., 2011; Gordon et al., 2012; Ros

et al., 2012). This behavior could be the result of strict time constraints to make the

accept/reject decision (Hahn et al., 1992). Under the time restriction, cognitive costs from

possible negative consequence drive a decision maker to choose immediate available solution,

leading to not taking a risky option under time pressure (Zur and Breznitz, 1981).

The use of IT could reduce the effect of information load in making a decision (Evaristo

et al., 1995), and health IT such as patient portals help patients make informed decision

by providing easy access to precise and relevant health information for patients’ decision

making (Kumar and Telang, 2012; Al-Busaidi et al., 2006). A recent survey shows that

transplant patients’ demand for information access is generally high and care practice in

1We refer readers to (Bertsimas et al., 2013) for more details about the allocation process.
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transplant shifts toward patient-centric healthcare where patients have more autonomy in

decision making (Solomon, 2010; Volk et al., 2011). In this aspect, information sources

featured by patient portals would serve as information aids for patients, and can affect their

decisions on transplant.

Patient portal can also impact post-transplant outcomes (quality of kidneys received,

patient mortality rate, or graft failure rate) in two different ways. First, as portals facilitate

access to information, patients can make a more informed decision and accept a better-

matching kidney in the presence of patient portal. Typically, a patient’s health condition

and quality of the offered kidney are the most important determinants of post-transplant out-

comes. However, matching characteristics, such as the number of immunological mismatches

between the donor and the recipient, also influence post-transplant outcomes (Gjertson and

Cecka, 2000). According to a survey, patients give relatively high importance to how closely

they are matched to a donated kidney (Solomon, 2010). Thus, knowledgeable and better-

educated patients with more information would more likely to choose a good-matching kidney

and less likely to choose a bad-matching kidney.

Second, a patient’s effort in self-management is the key to achieving successful care out-

comes especially when the patient has a chronic disease (Young et al., 2007). Patients

are responsible for maintaining suitable health conditions for medical treatment by follow-

ing recommendations for self-treatment or notifying their care providers about any health

concern whenever identified. Therefore, patients need to make day-to-day decisions about

self-managing their health concerns while waiting for transplant or being recovered from a

transplant surgery. Personal health information provided through a portal can help patients

in identifying health problems and enhance patients’ confidence to carry out an action to

reach their desired goals (Emont, 2011; Urowitz et al., 2012)

However, we expect the impact would not necessarily transpire uniformly across the entire

patient population. As well reported in the digital divide literature, individuals’ access to
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IT can be limited due to a variety of factors including race, age, gender, socio-economic

status, or place of residence (Riggins and Dewan, 2005; Agarwal et al., 2005). Even among

those who already have access, there can still be a disparity in the value IT can offer due to

the inequality in individuals’ ability to utilize IT (Riggins and Dewan, 2005), which leads

to disparities in the final goals of IT investment and use, called ‘digital outcome divide’

(Wei et al., 2011). In the healthcare literature, disparities in patients’ access to or use of

IT has been repeatedly reported in various clinical contexts including transplant (Lockwood

et al., 2015; Brodie et al., 2000; Yamin et al., 2011; Goel et al., 2011; Sarkar et al., 2011).

African-American patients register for the use of a web portal less frequently than other

ethnicity groups (Yamin et al., 2011), and patients with a higher education level (college or

higher) use a patient portal more frequently than those with a lower education level (Sarkar

et al., 2011). Health literacy has been also considered as a factor leading to digital divide

among patients (Neter and Brainin, 2012). In kidney transplant, significant disparities in

the access to transplant service already exist (Ata et al., 2012; Gordon et al., 2010; Patzer

et al., 2009; Kucirka et al., 2012). Black, less educated patients, and low income patients

are less likely to get wait-listed and tend to have a longer waiting time to receive transplant

surgery. Therefore, digital divide that might exist in the patient population would reinforce

the existing disparities in the access to the transplant service.

4.3 Data and Variables for The Main Analysis

We utilize datasets from two sources – Scientific Registry of Transplant Recipients (SRTR)

Standard Analytic Files (SAF) and Healthcare Information and Management Systems Soci-

ety (HIMSS) database. SRTR SAF includes transplant records collected by Organ Procure-

ment Transplantation Network (OPTN) on all solid organ transplant candidates, donors, and

recipients in U.S. since 1987 to the present. The files include records organized by candi-

dates, donors, transplant, and transplant follow-up information. Candidate records contain
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waitlist status history and status justification as well as summarized biological profiles of can-

didates and histocompatibility results. Transplant records include transplant center profiles,

recipient and donor characteristics. Pediatric candidates, candidates listed for multi-organs,

candidates listed at multiple-centers are also excluded from the sample since different allo-

cation policies apply to these groups. We restrict our observation period from 2011 to 2014

because the priority rules for kidney allocation changed after the implementation of Kidney

Allocation System (KAS). Furthermore, SRTR started a semi-annual transplant program-

specific report (PSR) on transplant activities and transplant performance of each transplant

center in 2010. This report provides useful metrics for managing memberships in the trans-

plant network and insurance membership, which might cause center-level variations related

to transplant performance. We exclude transplant centers which performance was flagged

as ‘underperforming’ by PSR from the sample during the observational period. As a result,

6.4% of observations are excluded from our sample.

Our patient portal data is derived from HIMSS database that offers a large healthcare IT

adoption data including patient portal adoption at the hospital level. HIMSS database covers

the majority of the U.S. hospitals with membership of the U.S. healthcare systems. HIMSS

database captures variation in patient portal adoption as it provides hospitals’ adoption

status of patient portals as well as key functionalities featured by portals over time. The

functionalities include (i) personal health records, (ii) access to medical test results, (iii) billing,

(iv) scheduling, and (v) registration. The first two functionalities are directly related to the

major features of patient portals, patient engagement and information sharing. Personal

health records (PHR) are defined as a functionality that provides an electronic resource of

health information needed by individuals to make health decisions. Access to medical test

results (Test) is a functionality that provides patients access to their lab results (possibly

performed by a third-party care provider). The other functionalities are related to non-

clinical features of patient portals as they support easy access to administrative process such
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as paying medical bills, scheduling an appointment, and registering to hospitals. Since the

level of patient portal adoption can vary across hospitals, we define patient portal adoption

as implementation of a live and operational patient portal with the basic functionality, PHR.

We merge the two datasets using CMS certification numbers and our final dataset includes

a total of 42,227 transplant candidates, and 219 transplant centers. Overall,17.69% received

deceased donor transplant, 1.48% received living donor transplant, 14.38% were removed

from the waiting list due to deteriorating health or death, and 53.31% of patients are censored

in our dataset. The average waiting time to receive deceased donor transplant among the

wait-listed patient is 4.54 years. 12.5 of the patients were able to access to a patient portal

with the key functionalities (PHR and Test) during the observational period.

To study the impact of patient portals on transplant decision, we use time to deceased

donor transplant as the dependent variable. Specifically, time to transplant is the time

difference between the date the patient registered to the waitlist and the date that the patient

was removed from the list due to transplant. If a candidate has multiple removal records

on the waitlist due to temporal changes in the patients health status (such as becoming too

sick), only the last event is considered. The main independent variable is Portal-main and

it is coded on a scale from 0 to 2, which indicates no portal adoption, portal adoption with

PHR, and portal adoption with both PHR and Test, respectively, in a given year. To control

for variations in patient portals features, we also use a binary variable, Portal-add which

takes a value of one if a transplant center adopted a patient portal with any of the non-

clinical features - billing, scheduling, and registration. To account for alternative variations

for the time-to-event, we use two types of control variables. We include factors related to

individual patients to control for patient-level variations, following the literature on kidney

transplant (Axelrod et al., 2010; Torlak et al., 2016). We also include center-level controls,

following reports on transplant centers’ activities (Kasiske et al., 2016; Patzer et al., 2014).
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Table 4.1. Variables and definitions - patient portal on time to transplant
Variable Definition

Dependent variables
Deceased Tx Deceased donor kidney transplant (event of interest)
Living Tx Living donor kidney transplant
Too Sick Worsened health condition or death
Other Other event types for removal including errors, unable to

contact, transplant in another country, etc
Independent variable

Portal-main Availability of the key functionalities (PHR and lab test results)
to a patient through a patient portal in a given year

Controls-Patient
Portal-add Availability of an additional functionality (billing, scheduling,

and registration) to a patient through a patient portal
in a given year

Age Age in years
Blood Type ABO blood type-A (reference), B, AB, O
Gender Biological gender of male or female (reference)
Ethnicity Ethnicity of White (reference), Black, Hispanic and other
Diagnosis Primary cause of ESRD including hypertension (reference),

diabetes, polycystic kidneys, glomerulonephritis, and other
cPRA Calculated panel reactive antibody (%)
Dialysis Accumulated time spent on dialysis in years
Pay Primary source for payment including public (reference)

and other
Education Higher than college degree or not (reference)
Wait-Time Accumulated time spent on the waitlist in years

Controls-Center
Center Type Academic or not (reference)
NofTX20 20 or more transplant surgeries performed at a center

in a given year
Region OPTN 11 service regions grouped into 3 categories

Notes. Age, Dialysis, Wait-Time, N of Tx, and Flag are time-varying variables. Region 1
includes OPTN region 6 and 8. Region 2 includes OPTN region 4, 5, and 9. Region 0
(reference) includes the other OPTN regions.

Description and descriptive statistics of the variables are shown in Table 4.1. We report

the correlation matrix of all variables in Appendix C.
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4.4 Analysis and Results

4.4.1 The Impact of Patient Portals on Transplant Decisions

To study the impact of patient portals on time to transplant, we use survival analysis

models that analyze the time duration between an entry and exit of an subject and effects

of covariates on the time duration. Traditionally, Kaplan-Meier model or logit hazard model

have been widely used for time duration analysis (Li et al., 2010; Temizkan et al., 2012;

Hoetker, 2007). Kaplan-Meier curves indicate the proportion of patients who are still being

listed on the waitlist. Logit hazard model examines incidence probability of an outcome

of interest at a given time window and the hazard function to estimate covariates that

impact on the incidence probability. However, these models are not appropriate since their

estimates are significantly biased when observations are censored and there exist one or

more events that remove an subject from the record other than the event of our interest,

called competing events. In our analysis, patient removal from the list due to living donor

transplant, bad health conditions, or some administrative errors are such competing events.

To overcome this limitation, we us cause-specific hazard model which hazard function denotes

the instantaneous rate (hazard rate) of occurrence of an event in subjects who are currently

event free. The cause-specific survival model defines the hazard rate λ(t, x) at time t such

that

λ(t, x) = lim
dt→0

Pr{t ≤ T < t+ dt, J = j | T ≥ t, x}
dt

where j ∈ {1, 2, ...,m} represents one of m distinct type of failure (exit of an subject), T

represents time duration, x represents covariates.

Our regression results using the cause-specific hazard model are provided in Table 4.2.

We run the regression with different sets of control variables: model (1) provides univariate

estimation; model (2) provides multivariate estimation without controlling hospital-level
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variation; model (3) provides estimation with full specification. An estimated hazard ratio

(HR) in the table can be interpreted as a relative likelihood of the event of interest. For

instance, if a HR is greater than 1, then it indicates a negative association between the

corresponding variable and the time to transplant (i.e. shorter time to transplant). The

cause-specific hazard model requires proportional hazard rates as an assumption. We test

for this assumption of each model by checking schoenfeld residuals and verify that hazard

rates do not much change over time (i.e. do not violate the assumption). We also check

martingale residuals to confirm that the results are not driven by extreme observations.

Chi-squared statistics are significant for all the models at p < 0.001.

Our models show that Portal-main is positively associated with the probability that a

patient receives deceased donor transplant at a given time, regardless of model specification

(model (1)-(3)). Although there is some variation in the point estimate for Portal-main

across the models, we do not observe a systematic pattern to the direction of the variation,

and we find the degree of the variation is small. The results imply that patients with access

to personal health information through patient portals are more likely to receive a deceased

donor transplant early compared to those without the access. The impact is greater when a

patient portal has both PHR and Test functionalities as it shows that the coefficient of Portal-

main is greatest when the value of Portal-main is 2. This is an interesting result as it may

imply that patients benefit more from advanced information sharing functionalities featured

in a patient portal as they may can receive transplant early before their health conditions

become too sick to receive transplant. The other variable related to patient portal, Portal-

add, shows clear opposite impacts on time to transplant. A possible explanation for this

result is that patients with easier access to administrative services would have better access

to an alternative treatment option such as dialysis, and therefore the merit of choosing

transplant as a treatment option could be reduced. It is also possible that patients with
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Table 4.2. Patient portal and time to transplant
Hazard Ratio (Standard Error)

(1) (2) (3)

Portal-main
PHR 1.157*** (.062) 1.188*** (.065) 1.151** (.065)
PHR & Test 1.206*** (.045) 1.200*** (.045) 1.195*** (.046)

Portal-add 0.633*** (.017) 0.690*** (.020) 0.688*** (.021)
Age 0.992*** (.001) 0.992*** (.001)
Blood Type

B 0.753*** (.032) 0.765*** (.032)
O 0.811*** (.025) 0.819*** (.025)
AB 0.989 (.082) 0.989 (.082)

Gender 0.934** (.026) 0.930** (.026)
Ethnicity

Black 1.076** (.037) 1.091*** (.038)
Hispanic 0.947 (.038) 1.089*** (.048)
Other 0.997 (.050) 1.083*** (.056)

Diagnosis
Diabetes 0.846*** (.031) 0.733*** (.030)
Polycystic Kidneys 1.170*** (.071) 0.733*** (.072)
Glomerulonephritis 1.171** (.073) 0.733** (.071)
Other 1.206*** (.038) 1.023 (.038)

cPRA 0.515*** (.020) 0.516*** (.020)
Dialysis 1.009** (.005) 1.006 (.005)
Public Insurance 0.948* (.027) 0.952* (.027)
Education 1.054* (.029) 1.059** (.029)
Wait-Time 0.914*** (.007) 0.931*** (.007)
Center Type 0.906*** (.027)
NofTx20 1.271*** (.038)
Region

1 1.413*** (.069)
2 0.741*** (.025)

Chi-squared 283.38*** 1,084.820*** 1,313.35***
Likelihood -58,137.288 -58,024.226 -58,024.226
Observations 103,218 103,218 103,218

Notes. Standard errors are provided in parentheses. Robust standard errors are used. *
p<0.05, ** p<0.01, *** p<0.001. Log-Pseudolikelihood is reported.
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better access to alternatives would remain healthier while waiting for transplant and become

conservative on the quality of kidney being offered, which could prolongs the waiting time.

Regarding control variables, we observe consistent results from the findings in the trans-

plant literature. Patient biological characteristics and center types are the major factors

that predict time to transplant. cPRA score has the most significant and greatest impact on

the time to transplant. 1% increase in cPRA score reduces the hazard rate by 48.5%. This

is expected since high cPRA implies a less likelihood of finding a matching kidney from the

national pool. Interestingly, education and public insurance are also significant predictors.

The hazard rate for patients with bachelor degree or higher is 5.9% higher than the hazard

rate for patients with high school degree or lower. This socioeconomic disparity can possibly

be due to the relationship between patients and hospitals. There might exist communication

barriers between hospitals and patients and it would be easier to address the barriers in

higher education groups. Inefficient communication is a strong predictor of medical non-

adherence, and medical non-adherence of a patient can lead to a period of probation and a

temporal removal of the patient from the waiting list (Schaeffner et al., 2008). The hazard

rate for patients with a public insurance as the primary source of payment is 6.9% lower

than the hazard rate for those with other insurance types. This can be explained by the

current Medicare policies for transplant which require a high copayment rate (about 20%)

for immunosuppression and covers only 36 months after transplant. Therefore, the patients

would expect a financial burden if they consider transplant and postpone their decision on

transplant (Axelrod et al., 2010).

4.4.1.1 Analysis Using Alternative Models

As a robustness check, we consider alternative model specifications with the following

econometric concerns. First, our current model does not account for time trend in overall

waiting time. The number of wait-listed patients has steadily increased while the kidney
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donation has remained consistent during the observational period (Hart et al., 2017). This

might impact patients’ decision on a kidney offer because composition of the patients on the

waitlist also affect a patient’s decision on a kidney offer. Therefore, it might be reasonable

to include an additional control variable that can account for the time-related variation. we

include a linear time trend as the control in the cause-specific hazard model and provide the

results. Second, there might exist unobserved heterogeneity that could create a bias in the

results. The unobserved heterogeneity can be addressed by the inclusion of fixed or random

effects in the models. However, the cause-specific hazard model does not allow for using

fixed effects, and allow only for random effects model, called frailty model. We re-estimate

the impact of patient portals by using the frailty model. Third, subdistribution hazard

model introduced by Fine and Gray (F/G) is another feasible model for survival analysis

with competing events (Fine and Gray, 1999). Although we use the cause-specific model due

to its ease of use and simple implementation, subdistribution hazard model would be more

useful if our interest is to predict the probability of an event (transplant) within a period

(Kleinbaum, 1998). We run the subdistribution hazrd model with the same set of variable.

Forth, we use Meaningful Use criteria as an alternative measure for the key functionalities of

patient portals. Meaningful Use is an incentive program governed by CMS and participants

(hospitals or physicians) can receive rewards if they use a CMS-certified health IT and met

IT usage criteria specified in the program. Meaningful Use criteria require care providers

to electronically share personal health information with their patients upon request, and

we expect Meaningful Use criteria would have a similar impact as the key functionalities of

patient portals. We replace Portal-main and Portal-add with a new variable, MU, which

is coded as 1 if the hospital met MU criteria and 0 otherwise. We report the regression

results with different specifications in Table 4.3. We find that our findings remain consistent,

qualitatively.
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Table 4.3. Analysis using alternative models
Hazard Ratio (Standard Error)

(1) Time Trend (2) Frailty (3) F/G (4) MU

Portal-main
PHR 1.215*** (.069) 1.172** (.067) 1.149** (.065)
PHR & Test 1.281*** (.050) 1.176*** (.046) 1.200*** (.047)

Portal-add 0.903** (.031) 0.992*** (.001) 0.700*** (.021)
MU 1.751*** (.049)
Patient Controls Yes Yes Yes Yes
Center Controls Yes Yes Yes Yes

Chi-squared 2,160.07*** 1,118.19*** 1,338.91*** 1,518.24***
Likelihood -57,785.579 -57,996.357 -58,586.012 -57,894.88
Observations 103,218 103,218 103,218 103,218

Notes. Standard errors are provided in parentheses. Robust standard errors are used. *
p<0.05, ** p<0.01, *** p<0.001. Log-Pseudolikelihood is reported.

4.4.1.2 Verification of Underlying Assumptions

Note that our main independent variable measures adoption of patient portals rather

than actual usage of it and we implicitly assume that patient portals are useful in evaluating

‘complex trade-offs’ required to make the decision on transplant. We use two approaches

to verify this assumption. First, we estimate the impact of patient portals only on two

subsamples - patients whose cPRA score is greater than 80% and patients whose Estimated

Post Transplant Survival (EPTS) score is greater than 80%, where EPTS measures estimated

years of kidney function after transplant and a high EPTS score implies shorter years of

kidney function after transplant. Patients with a high cPRA score have a significantly lower

chance of getting a kidney offer by the allocation system and have a longer waiting time in

general. Therefore, patients with a high cPRA score would more likely to accept a kidney

offer immediately and less likely to consider staying on the waiting list. On the other hand,

however, patients with a high EPTS score would expect less benefits from receiving transplant

unless a high quality kidney becomes available to them, which may prolong the waiting
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time. Second, we replace our dependent variable, time to deceased donor transplant, with

time to living donor transplant. Living donor transplant yields much better post-transplant

outcomes than deceased donor transplant and most patients strongly prefer kidney offers

from living donors over kidney offers form deceased donors. Therefore, since a decision on

a living kidney offer does not require evaluation of the complex ‘trande-offs’, we should not

observe a significant impact of patient portal in time to living donor transplant. We report

this verification results in Table 4.4. We cannot find any evidence that contradicts our

assumption.

Table 4.4. Verification of underlying assumptions
Hazard Ratio (Standard Error)

(1) cPRA>80% (2) EPTS>80% (3) Living Tx

Portal-main
PHR 1.214 (.178) 1.137 (.135) 0.783 (.188)
PHR & Test 1.166 (.126) 1.073 (.094) 0.918 (.127)

Portal-add 0.704*** (0.056) 0.692*** (.024) 0.824∆ (.021)
Patient Controls Yes Yes Yes
Center Controls Yes Yes Yes

Chi-squared 703.56*** 305.56*** 590.21***
Likelihood -6,337.370 -11,598.49 -4,613.412
Observations 24,565 25,941 103,218

Notes. Standard errors are provided in parentheses. Robust standard errors are used. ∆
p<0.1, * p<0.05, ** p<0.01, *** p<0.001. Log-Pseudolikelihood is reported.

4.5 Stratified Analysis by Ethnicity and Education

In general, the distribution of IT accessibility and usability are known to be significantly

different for different ethnicity and socioeconomic groups (Hsieh et al., 2011; Wei et al., 2011;

Agarwal et al., 2009). This phenomenon, called ‘Digital Divide’, has been also repeatedly

reported in many studies on health information technology. The difference in the distribution

120



of patients’ Internet use and access is attributed to ethnicity and level of education (Brodie

et al., 2000; Lockwood et al., 2015). Despite the high Internet accessibility, African-American

patients enroll a patient portal less frequently than white patients (Yamin et al., 2011; Goel

et al., 2011), and patients with a college degree or higher use a patient portal more frequently

than those with a high school degree of lower (Sarkar et al., 2011). In these aspects, the

impact of patient portals on transplant outcomes can vary depending on a patient’s ethnicity

and education status. We test this varying impact by performing stratified analysis with the

cause-specific hazard model. We first conduct the analysis by two ethnicity groups - African-

American and other. Then, we conduct the analysis by education - patient with a college

degree or higher and other.

We report the results from the stratified analysis in Table 4.5. Column (1a) and (1b) pro-

vide the estimation results for African-American patient group and other ethnicity group,

respectively. The impact of patient portals is not significant for patients with African-

American ethnicity while it is significant for those with other ethnicity. The model stratifi-

cation test confirms validity of this stratified model (χ2 = 9.64, df = 1, p < 0.01). Column

(2a) and (2b) provide the estimation results for patients with a higher education level (pa-

tients with a college degree or higher) and patients with a lower education level (patients

with a high school degree or lower), respectively. The impact of patient portals is not signif-

icant for patients with African-American ethnicity when patient portals are equipped only

with the basic key feature, PHR. On the other hand, the impact is significant for higher

education group. The model stratification test also confirms validity of this stratified model

(χ2 = 5.06, df = 1, p < 0.1). To summarize, the results show that the impact of patient por-

tals on time-to-transplant varies depending on a patient’s ethnicity and educational status.
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Table 4.5. Stratified analysis by ethnicity and education
Hazard Ratio (Standard Error)

(1a) African (1b) Others (2a) Education (2b) Education
-American Low High

Portal-main
PHR 0.969 (.077) 1.343*** (.107) 1.078 (.069) 1.459** (.171)
PHR & Test 0.998 (.064) 1.305*** (.064) 1.177*** (.051) 1.249** (.111)

Portal-add 0.723*** (.034) 0.678*** (.026) 0.694*** (.023) 0.672*** (.050)
Patient Controls Yes Yes Yes Yes
Center Controls Yes Yes Yes Yes

Chi-squared 737.85*** 747.85*** 926.97*** 406.93***
Likelihood -21,095.941 -32.995.331 -58,586.012 -10.232.53
Observations 40,621 62,597 77,664 16,628

Notes. Standard errors are provided in parentheses. Robust standard errors are used. *
p<0.05, ** p<0.01, *** p<0.001. Log-Pseudolikelihood is reported.

4.6 Analysis Using Alternative Care Outcomes

In this section, we examine the impact of patient portals on alternative care outcomes -

quality of the kidney accepted for transplant and survival rate of a patient after transplant.

Although time to transplant is considered as an efficiency measure for transplant service, this

supplemental analysis is worth conducting because if the reduction in time to transplant is

achieved at the expense of sacrificing quality of kidney it is hard to support the usefulness of

patient portals from the overall process perspective in kidney transplant. Regarding kidney

quality, we use ‘expanded criteria donor (ECD)’ and ’kidney donor profile index (KDPI)’.

ECD is a measure for overall quality of a donated kidney and a donated kidney is marked

as ECD if its donor is old and/or has more than two risks factors that negatively affect the

recipient’s survival after transplant. KDPI is a newly introduced measure in 2014 with the

change in the allocation system. KDPI combines a variety of donor factors into a single

number (ranges from 0% to 100%) that summarizes the likelihood of kidney failure after

transplant. We coded KDPI as 1 if the KDPI score of a kidney is less than 20% (good

122



quality kidney) and 0 otherwise. We use 20% threshold since it is used for the current

allocation policies to identify good quality kidneys.2 For patient/kidney survival rates, we

use 1-year patient mortality rate (PMR) and 1-year kidney failure rate (KFR) as they are

widely used measures for policy oversight for kidney transplant programs (OPTN, SRTR).

We first run logit regressions to estimate the impact of patient portals on ECD and

KDPI with the same set of control variables. We then run another set of logit regressions

to estimate the impact of patient portals on PMR and KFR. The data we use for these

regressions is a cross-sectional data that snapshots all the variables at the time patients exist

from the observation due to deceased-donor transplant. We use a different set of control

variables as some operational factors are known to affect the survival rates and some of

the variables we used in the previous analysis are known not to affect the survival rates.

We provide the description of the new variables we used for this analysis in Appendix C.

We report the regression results in Table 4.6. Column (1a), (1b), (2a), and (2b) provide

the coefficient of Portal-main on ECD, KDPI, PMR, and KFR, respectively. We cannot

find evidence that patient portal adoption with the key functionalities have negative impact

on those alternative care outcomes. We also conducted stratified analysis to examine the

varying impact of patient portals by ethnicity and education using the alternative outcomes.

We report the results in Table C.4-Table C.7 of Appendix C. No significant evidence is

found.

4.7 Discussion and Conclusion

The growing trend of patient portal adoption for chronic disease management has prompted

significant academic research on the effectiveness of patient portals (Goldzweig et al., 2013).

Much of this literature examines patient portals from patient engagement, patient and

2For further information, we refer readers to https://optn.transplant.hrsa.gov.
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Table 4.6. Analysis using alternative care outcomes
Odd Ratio (Standard Error)

(1a) ECD (2b) KDPI≤20 (2a) PMR (2b) KFR
Portal-main

PHR 1.109 (.148) 0.994 (.108) 0.612 (.194) 1.212 (.315)
PHR & Test 0.927 (.095) 1.271** (.097) 1.334 (.238) 0.983 (.215)

Portal-add -0.036 (.076) -0.104∆ (.058) 0.076 (.164) 0.045 (.160)
Patient Controls Yes Yes Yes Yes
Center Controls Yes Yes Yes Yes

Chi-squared 729.77*** 257.54*** 128.68*** 136.26***
Likelihood -2,782.927 -4.153.325 -914.358 -842.121
Observations 7,744 7,744 7,744 7,744

Notes. Standard errors are provided in parentheses. Robust standard errors are used. ∆
p<0.1, * p<0.05, ** p<0.01, *** p<0.001. Log-Pseudolikelihood is reported.

provider attitude, or care delivery viewpoints. However, few studies have investigated

whether patient portals affect care decisions and outcomes (Finkelstein et al., 2012). It has

been reported that patient-oriented decision aids—such as those offered by patient portals—

lead to clearer understanding of the health problems by patients, enhanced knowledge about

the harms and benefits of treatment options, and improved patient perceptions of health

risk (O’Connor et al., 2009; Finkelstein et al., 2012; Goldzweig et al., 2013). As such, the

conventional view is that when patients make more informed decisions with the help of such

decision aids, the outcomes would also improve (Al-Busaidi et al., 2006; Fowler et al., 2011).

However, there has been little conclusive empirical research to support the claim (Finkelstein

et al., 2012; Goldzweig et al., 2013). The implications of the studies on patient portals typi-

cally are limited due to a small sample size or relatively short observation periods. Therefore,

the evidence about effect of patient portals on patients’ decisions is insufficient to draw a

conclusion as previous studies do not focus on specific contexts that require the need for

such health IT (Goldzweig et al., 2013; Otte-Trojel et al., 2014). We extend the research

on patient portals by examining the relation between the portal intervention and care out-
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comes by utilizing a rich panel dataset in a unique and relevant research context. Also, most

of these studies on patient portals use a binary variable to capture the portal intervention

rather than using a continuous variable (i.e., different adoption levels), which may underes-

timate the value of patient portals. On the other hand, our study uses a continuous measure

of actual portal usage particularly focusing on the key functionalities of patient portals to

evaluate the impact of information access on care outcomes.

Our study also contributes to the discussion on digital outcome divide. Digital outcome

divide is a goods-centric view of digital divide and it refers to a disparity in the value that IT

offers due to an uneven diffusion of IT across individuals at different socioeconomic levels or

demographic categories (Wei et al., 2011). This outcome-dominant perspective is appropriate

when the supply of final goods or services is highly limited and the even distribution of final

goods or services is required by the society (Srivastava and Shainesh, 2015). Because of

scarcity of kidney donation and the ever-increasing size of the demand pool, donated kidneys

haven viewed as national resources. Therefore, given the different distribution of the value IT

that has been reported in various areas, it is a valid and meaningful to ask whether bridging

the digital divide (portal adoption) leads to service divide in kidney transplant context. Our

findings on varying impact of patient portals across populations can extend the digital divide

literature to the societal improvements on service innovation (Barrett et al., 2015).

Our findings also have important practical implications at multiple levels: i) at the patient

level from a chronic disease management perspective, ii) at the organizational level from a

business efficiency perspective for a transplant center, and iii) at the societal level from a

resource allocation perspective. We describe each perspective next.

First of all, although patient portals tethered to a hospital’s IT system have been touted

for efficient management of chronic diseases, there has been little conclusive empirical re-

search to support the view that patients make more informed decisions with patient portals

and the outcomes would also improve (Finkelstein et al., 2012; Goldzweig et al., 2013). We
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believe this research can help in directing future efforts to improve patient management for

chronic disease by harnessing the power of patient-oriented health IT. Relative to other set-

tings used in the existing literature, our research setting is uniquely positioned to examine

the impact of health IT in chronic disease management because i) patients can have high

degree of autonomy in making health decisions related to kidney transplant and ii) a rich

dataset that includes activities of all transplant patients in the U.S. exists.

Second, Management of transplant candidates (or wait-listed patients) requires enormous

efforts from transplant centers because transplant centers need to frequently communicate

with patients, conduct routine medical tests, and educate patients. With the increasing

number of candidates for deceased-donor kidney transplant, waitlist management becomes a

significant challenge for transplant centers. Failing to manage waitlist properly can decrease

a patient’ chance of receiving a transplant and increases a patient’ mortality rate while on

the waitlist. A reduced transplant rate and increased waitlist mortality can significantly

deteriorate financial soundness of a transplant program. Our findings imply that patient

portal implementation can facilitate the rapid placement of donated kidneys, improve post-

transplant outcomes, reduce the workload for waitlist management for deceased-donor kidney

transplant. On the other hand, however, the impacts may be limited to specific patient

groups such as highly educated or non African-American patients, which requires transplant

hospitals to approach different strategies in implementing patient portal intervention for the

improvement of their patient management.

Third, since the passage of National Organ Transplant Act (NOTA) in 1984, donated

kidneys have been viewed as national resources because of the limited supply of donated

kidneys and the ever-increasing demand for transplants. Any improvement in efficiency

of allocation would have a significant impact on social welfare. Our study demonstrates

that patient portals have positive impacts in reducing time to transplant for deceased-donor

transplants without the expense of sacrificing other efficiency outcomes. However, since the
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impact could very on subpopulations, the efforts to bridge the digital divide may benefit

some patient group at the expense of other groups, leading to further disparities in the care

service. Our analysis of multiple factors provides a more clear picture for a better policy-

making to reduce the existing disparities in transplant. Specifically, policymakers can utilize

our findings on specific functionalities in the patient portal, patient factors (e.g., education),

and post-transplant outcomes (e.g., graft failure rate) when making adjustments to policy

on kidney allocation system and the federal health IT policies.

Our study has a number of limitations and can be extended in several directions. First

of all, our dataset has two limitations. We cannot observe patients’ actual usage of a patient

portal from our dataset. Also, we cannot observe individual patients’ history of kidney

offers. The use of a dataset that contains portal usage and offer history would provider

better contextual insights of the value of patient portals and the mechanisms underlying

the effects of patient portals. Moreover, decisions on portal adoption could be endogenous,

which may overestimate the benefits from portal adoption by weakening our casual inference.

For linear models, the use of instrumental variables (IVs) or matching can partially address

this identification challenge. However, IVs and matching approaches are not feasible for

most of traditional survival models for competing events including the models used in this

chapter. A few recent studies discuss about the application of the two approaches (Aimyong,

2014; Zheng et al., 2016), ans we may can address the econometric concern following their

suggestions.
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APPENDIX A

SUPPLEMENTAL MATERIAL FOR CHAPTER 2

A.1 Proofs for the Results

We assume the following regularity condition throughout our analysis:

max[2(α−1)δ2+3U2+2δU
2δ(δ+U)

, −8δ2+3U2+4δU
4δ(2δ+U)

] < t ≤ 3U(2δ+U)
2δ(δ+U)

,

α < 8δ3+U3−6δU2−8δ2U
8δ3

,

αδ + 3U ≤
√

(α− 2)2δ2 + 9U2 + 3(3α− 1)δU,

αδ + δ + 4U ≤ 2
√

(α− 2)2δ2 + 4U2 + (5α− 1)δU.

(A.1)

These conditions exclude unrealistic cases where a patient is cured or not cured with 100%

probability (i.e., βp
ij = 0 or βp

ij = 1) and ensure concavity of the objective functions.

In the benchmark and in all payment models, the asymmetric HIE adoption scenario

(SA, SB) = {(N,H), (H,N)} and the asymmetric patient switching behavior scenario (k, l) =

(A,A), (B,B) where the patient’s switching behavior varies based on patient’s preference for

the provider in the first visit are dominated.1 Therefore, we exclude them in the proofs.

Proof of Proposition 1: We derive the optimal solution for the no HIE adoption and

HIE adoption scenarios under patient switching and no-switching cases. Then, we compare

the payoffs under each scenario to determine the first-best equilibrium.

no HIE adoption: Consider the scenario where HIE is not adopted (i.e., (k, l) ∈

{(A,B), (B,A)} and (SA, SB) = {(N,N)}). The optimal effort levels for this scenario is

obtained by solving the following simultaneous equations.

∂ΠAB(N,N)

∂eij

∣∣∣∣eij=e∗ij(N,N),

êij=ê∗ij(N,N)

= 0, ∀i× j ∈ {A,B} × {0,A,B}, (A.2)

∂ΠBA(N,N)

∂êij

∣∣∣∣eij=e∗ij(N,N),

êij=ê∗ij(N,N)

= 0, ∀i× j ∈ {A,B} × {0,A,B}. (A.3)

1Recall, k denotes the provider in the second visit for a patient preferring A, and l denotes the provider
in the second visit for a patient preferring B.
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The optimal solution for (k, l) = (A,B) satisfies V 0
ii ≥ V 0

(−i)i for i ∈ {A,B} if and only if

t ≤ U(4δ − U)

2δ(δ + U)
:= tNN1. (A.4)

Similarly, the solution for (k, l) = (B,A) satisfies V 0
ii < V 0

(−i)i for i ∈ {A,B} if and only if

t > −U(U − 2δ)

2δ2
:= tNN2 > tNN1. (A.5)

The optimal social payoffs corresponding to the solutions under no HIE adoption and

symmetric patient switching behavior, (SA, SB) ∈ {(N,N)} and (k, l) ∈ {(A,B), (B,A)}, are

as follows:

ΠAB(N,N)
∣∣
eij=e∗ij(N,N)

=
U (4δ2 (t2 + 1)U − 8δ3(t+ 1)− 4δtU2 + U3)

8δ2(δ + 2U)
, (A.6)

ΠBA(N,N)
∣∣
eij=e∗ij(N,N)

=
U (−8δ3 + U3 − 4δU2 + 8δ2U)

8δ3
. (A.7)

Comparing (A.6) and (A.7), we obtain

ΠAB(N,N)
∣∣
eij=e∗ij(N,N)

≥ ΠBA(N,N)
∣∣
eij=e∗ij(N,N)

if and only if t ≤ tNN (A.8)

where tNN :=
2δ4+δ2U2+δ3/2(−

√
δ+2U)(2δ2+U2−2δU)

2δ3U
.

By comparing the three thresholds, we find that tNN1 ≤ tNN ≤ tNN2, which implies the

conditions specified in (A.4) and (A.5) hold in the equilibrium.

HIE adoption: Consider the scenario where HIE is adopted (i.e., (k, l) ∈ {(A,B), (B,A)}

and (SA, SB) = {(H,H)}). We derive the optimal efforts under HIE adoption scenario by

solving the following simultaneous equations.

∂ΠAB(H,H)

∂eij

∣∣∣∣eij=e∗ij(H,H),

êij=ê∗ij(H,H)

= 0, ∀i× j ∈ {A,B} × {0,A,B}, (A.9)

∂ΠBA(H,H)

∂êij

∣∣∣∣eij=e∗ij(H,H),

êij=ê∗ij(H,H)

= 0, ∀i× j ∈ {A,B} × {0,A,B}. (A.10)
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The solution we derive for (k, l) = (A,B) satisfies V 1
ii ≥ V 1

(−i)i for i ∈ {A,B} if and only if

t ≤ −U(4(α− 1)δ + U)

2δ(2δ + 3U)
:= tHH1. (A.11)

Similarly, the solution we derive for (k, l) = (B,A) satisfies V 1
ii < V 1

(−i)i for i ∈ {A,B} if and

only if

t > −U (4(α− 1)δ2 + U2 + 2δU)

2δ (4δ2 − U2 + 4δU)
:= tHH2 > tHH1. (A.12)

The optimal social payoffs corresponding to the solutions under HIE adoption and sym-

metric patient switching behavior, (SA, SB) ∈ {(H,H)} and (k, l) ∈ {(A,B), (B,A)}, are as

follows:

ΠAB(H,H)
∣∣
eij=e∗ij(H,H)

=
U (4δ2U (−α + t2 + 1) + 8(α− 1)δ3(−α + t+ 1)− 4δtU2 + U3)

8δ2(δ + 2U)

− CHIE, (A.13)

ΠBA(H,H)
∣∣
eij=e∗ij(H,H)

=
U (−8(α− 1)2δ3 + U3 + 2(α− 1)δU2 + 2(α− 3)(α− 1)δ2U)

2δ (4δ2 − U2 + 4δU)

− CHIE. (A.14)

Comparing (A.13) and (A.14), we obtain

ΠAB(H,H)
∣∣
eij=e∗ij(H,H)

≥ ΠBA(H,H)
∣∣
eij=e∗ij(H,H)

if and only if t ≤ tHH (A.15)

where tHH := U4−4δU3−2αδ2U2−2δ2U2

2δU(−4δ2+U2−4δU)
+ 8αδ4−8δ4+8αδ3U−8δ3U

2δU(−4δ2+U2−4δU)

+
2
√

δ(δ+2U)(4δ2−U2+4δU)(−2(α−1)δ2+U2+(α−1)δU)
2δU(−4δ2+U2−4δU)

.

By comparing the three thresholds, we find that tHH1 ≤ tHH ≤ tHH2, which implies the

conditions specified in (A.11) and (A.12) hold in the equilibrium.

HIE adoption decision: We verify that tHH < tNN . Therefore, there exist three

different scenarios in the equilibrium regarding HIE adoption and patient switching behavior

as follows.
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1. t ≤ tHH : patients return to the same provider for the second visit regardless of HIE

adoption.

2. tHH < t ≤ tNN : patients visit to the different provider for the second visit under HIE

adoption but return to the same provider for the second visit under no HIE adoption.

3. t > tNN : patients visit to the different provider for the second visit regardless of HIE

adoption.

When t ≤ tHH , we compare ΠAB(H,H) and ΠAB(N,N), which gives

ΠAB(H,H) ≥ ΠAB(N,N) if and only if CHIE ≤ −αU(U − 2δ(−α + t+ 2))

2(δ + 2U)
:= CHIE1.

(A.16)

When tHH < t ≤ tNN , we compare ΠBA(H,H) and ΠAB(N,N), which gives

ΠAB(H,H) ≥ ΠAB(N,N) if and only if

CHIE ≤ U (8δ3U2 (α(2α− 7)− 2t2 + t+ 2)− 4δ(t− 1)U4 + 4δ2U3(4α + t(t+ 4)− 3) + U5)

8δ2(δ + 2U) (4δ2 − U2 + 4δU)

+
U (32δ5(t− (α− 2)α)− 8δ4U(α(7α− 12) + 2(t− 2)t+ 3))

8δ2(δ + 2U) (4δ2 − U2 + 4δU)
:= CHIE2. (A.17)

Finally, when t > tNN , we compare ΠBA(H,H) and ΠBA(N,N), which gives

ΠAB(H,H) ≥ ΠAB(N,N) if and only if

CHIE ≤ U (−32(α− 2)αδ5 + U5 − 8δU4 + 24δ2U3 + 8(α− 4)δ3U2 + 8 (α2 − 4α + 3) δ4U)

8δ3 (4δ2 − U2 + 4δU)

:= CHIE3. (A.18)

We use CHIE to denote the threshold for HIE adoption decision such that

CHIE =


CHIE1, if t ≤ tHH ,

CHIE2, if tHH < t ≤ tNN ,

CHIE3, if tNN < t,

(A.19)
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which completes the proof.

Proof of Lemma 1:

no HIE adoption: Consider the scenario where HIE is not induced (SA, SB) = (N,N).

Stage 5. We derive the solutions under no HIE adoption scenario provided in Lemma 1 by

solving the following simultaneous equations.

∂πF
ii(N,N)

∂eii
=

∂πF
ii(N,N)

∂êii
= 0, ∀i ∈ {A,B} and (k, l) = (A,B), (A.20)

∂πF
i(−i)(N,N)

∂ei(−i)

=
∂πF

i(−i)(N,N)

∂êi(−i)

= 0, ∀i ∈ {A,B} and (k, l) = (B,A). (A.21)

Stage 3 and 4. First consider the scenario where patients visit a different provider for

the second visit. The following simultaneous equations give the solutions to the provider’s

maximization problem under no HIE adoption and patient switching.

∂πF
i0(N,N)

∂ei0

∣∣∣∣ eii=e∗ii(N,N),
êi(−i)=ê∗

i(−i)
(N,N)

=
∂πF

i0(N,N)

∂êi0

∣∣∣∣eii=e∗
i(−i)

(N,N),

êi(−i)=ê∗ii(N,N)

= 0, ∀i ∈ {A,B}. (A.22)

Now consider the scenario where patients return to the same provider for the second visit.

The first-order conditions (FOCs) give the following simultaneous equations.

∂πF
i0(N,N)

∂ei0

∣∣∣∣eii=e∗ii(N,N),
êii=ê∗ii(N,N)

=
∂πF

i0(N,N)

∂êi0

∣∣∣∣eii=e∗ii(N,N),
êii=ê∗ii(N,N)

= 0, ∀i ∈ {A,B}. (A.23)

Solving these equations, we have the following stationary point.

ei0 =
4γ1δ − γ2

2

8δ2
, êi0 = − γ2

2

8δ2
. (A.24)

However, since − γ2
2

8δ2
≤ 0, the solution in (A.24) cannot be optimal. Now we construct

provider i’s Lagrangian which is formulated as

Li0(N,N) = πF
i0(N,N)|eii=e∗ii(N,N),

êii=ê∗ii(N,N)

+ λ1(ei0) + λ2(êi0) + λ3(1− ei0 − êi0) (A.25)

Using Kuhn-Tucker (K-T) conditions, we have the following stationary point for ∀i ∈ {A,B}

under the regularity condition specified in (A.1).

ei0 =
4γ1δ − γ2

2

8δ2
, êi0 = 0. (A.26)
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This stationary point is the optimal point if 4γ1δ ≥ γ2
2 . We suppose 4γ1δ ≥ γ2

2 , and then we

later ensure that 4γ1δ ≥ γ2
2 is satisfied in the equilibrium.

Stage 2. The HIE adoption is dominated because, regardless of patient behavior, the

providers’ expected future payoff excluding the HIE adoption cost remains identical under

HIE adoption and no HIE adoption scenarios, but HIE adoption has a cost of CHIE > 0.

Stage 1. The social planner chooses optimal contract parameters γ1, γ2, and τ that induce

patient switching or induce no patient switching in order to maximize the social welfare.

First consider the scenario where patients switch to a different provider for the second visit.

We derive the solutions provided in Lemma 1 by solving the following equation:

∂ΠBA(N,N)

∂γ1

∣∣∣∣ei0=e∗i0(N,N),eii=e∗ii(N,N),
êi0=ê∗i0(N,N),êii=ê∗ii(N,N)

= 0, ∀i ∈ {A,B}. (A.27)

Setting γ2 = 0 ensures that patients switch to the other provider for the second visit (patients’

incentive compatibility (IC) constraint).

The corresponding objective function is given as

ΠBA∗(N,N) =
8δ2
(√

4δ2 + U2 − 2δU − 2δ
)
− 2U3

27δ2

+
2U2

(
3δ +

√
4δ2 + U2 − 2δU

)
− δU

(
15δ + 4

√
4δ2 + U2 − 2δU

)
27δ2

(A.28)

We obtain the optimal τF by solving the provider’s individual rationality (IR) constraints.

θπF
A0(N,N)|eA0=e∗A0(N,N),

êA0=ê∗A0(N,N)

+ (1− θ)(1− β0
A0)π

F
AB(N,N)|eAB=e∗AB(N,N),

êAB=ê∗AB(N,N)

≥ ωA (A.29)

(1− θ)πF
B0(N,N)|eB0=e∗B0(N,N),

êB0=ê∗B0(N,N)

+ θ(1− β0
A0)π

F
BA(N,N)|eBA=e∗BA(N,N),

êBA=ê∗BA(N,N)

≥ ωB (A.30)
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Setting the minimum τF that satisfies the IR constraints gives

τF∗ = τ̈F

= max

{3δ

(
2(U(δ−

√
4δ2+U2−2δU)−2δ(

√
4δ2+U2−2δU−2δ)+U2)(−4δθ+δ+2(θ−1)

√
4δ2+U2−2δU−2(θ−1)U)

27δ2

)
4δθ − δ + 2(1− θ)

√
4δ2 + U2 − 2δU − 2(1− θ)U

+
ωA

4δθ − δ + 2(1− θ)
√
4δ2 + U2 − 2δU − 2(1− θ)U

,

−
3δ

(
2(U(δ−

√
4δ2+U2−2δU)−2δ(

√
4δ2+U2−2δU−2δ)+U2)(δ(4θ−3)+2θ(U−

√
4δ2+U2−2δU))

27δ2
+ ωB

)
δ(4θ − 3) + 2θ

(
U −

√
4δ2 + U2 − 2δU

) }
(A.31)

Now consider the scenario where patients return to the same provider for the second

visit. We derive the solution provided in Lemma 1 by solving the following simultaneous

equations:

∂ΠAB(N,N)

∂γ1

∣∣∣∣ei0=e∗i0(N,N),eii=e∗ii(N,N),
êi0=ê∗i0(N,N),êii=ê∗ii(N,N)

=
∂ΠAB(N,N)

∂γ2

∣∣∣∣ei0=e∗i0(N,N),eii=e∗ii(N,N),
êi0=ê∗i0(N,N),êii=ê∗ii(N,N)

= 0, ∀i ∈ {A,B}.

(A.32)

The solution satisfies the patients’ IC constraint only if t < U(4δ−4)
8δ2

. First, suppose t <

U(4δ−4)
8δ2

. The corresponding objective function becomes

ΠAB∗(N,N) = ΠAB∗
1 (N,N) :=

U (16δ2 (t2 + 1)U − 64δ3(t+ 1)− 8δtU2 + U3)

64δ2(δ + U)
. (A.33)

Analogous to the switching case, We obtain the optimal τF by solving the provider’s IR

constraints as below.

τF∗ = τ̇F1 :=max
{ωA

θ
− θU2 (16δ3(t(t+ 4) + 5) + δ(3− 8t)U2 − 16δ2tU + 2U3)

64θδ2(δ + U)2
, (A.34)

ωB

1− θ
− (1− θ)U2 (16δ3(t(t+ 4) + 5) + δ(3− 8t)U2 − 16δ2tU + 2U3)

64(1− θ)δ2(δ + U)2

}
.

(A.35)
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Now suppose t ≥ U(4δ−4)
8δ2

. By letting V 0
ii = V 0

(−i)i for i ∈ {A,B}, we have

γ2 = 2
(
δ − δ

√
1− 2t

)
or γ2 = 2

(
δ + δ

√
1− 2t

)
. (A.36)

This implies that when t ≥ 1
2
, the social planner cannot induce patients not to switch and the

optimal solution derived from (A.27) is optimal. When t < 1
2
, we set γ2 = 2

(
δ − δ

√
1− 2t

)
because e∗ii =

γ2
2δ
|γ2=2(δ+δ

√
1−2t) violates β0

ii ≤ 1. Then, solving

∂ΠAB(N,N)

∂γ1

∣∣∣∣ei0=e∗i0(N,N),eii=e∗ii(N,N),
êi0=ê∗i0(N,N),êii=ê∗ii(N,N),

γ2=2(δ−δ
√
1−2t)

= 0, ∀i ∈ {A,B}. (A.37)

we obtain

γ1 = γ1(1) = −
δ
(
4δ
(
t+

√
1− 2t− 1

)
+
(
t+

√
1− 2t− 3

)
U
)

δ + U
(A.38)

where γ1(1) is the candidate solution for γ1. Note that (β0
ij)|γ1=γ1(1) ≤ 1 if and only if

t ≤ 2
√

δ
4δ+U

− 2δ
4δ+U

. Therefore, if t ≥ 2
√

δ
4δ+U

− 2δ
4δ+U

, then we let γ1 = 2δ that makes

(β0
ij) = 1 .

To exclude the boundary condition, for the first subcase, suppose t < 2
√

δ
4δ+U

− 2δ
4δ+U

.

The corresponding objective function becomes

ΠAB∗(N,N) = ΠAB∗
2 (N,N) :=

(
t2 + 2

(√
1− 2t− 2

)
t− 2

√
1− 2t+ 2

)
U2

4(δ + U)

+
4δ2t

(
t+ 2

√
1− 2t− 2

)
− 4δ

(
t2 +

(
2
√
1− 2t− 3

)
t−

√
1− 2t+ 2

)
U

4(δ + U)
. (A.39)

We obtain the optimal τF by solving the provider’s individual rationality (IR) constraints

which gives

τF∗ = τ̇F2 :=max
{δ ((−5t2 − 2

(
5
√
1− 2t− 8

)
t+ 6

√
1− 2t− 10

)
U2
)

4(δ + U)2

+
ωA

θ
+

δ
(
4δ2t

(
t+ 2

√
1− 2t− 2

)
+ 8δt

(
t+ 2

√
1− 2t− 2

)
U
)

4(δ + U)2
,

δ
((
−5t2 − 2

(
5
√
1− 2t− 8

)
t+ 6

√
1− 2t− 10

)
U2
)

4(δ + U)2

+
ωB

1− θ
+

δ
(
4δ2t

(
t+ 2

√
1− 2t− 2

)
+ 8δt

(
t+ 2

√
1− 2t− 2

)
U
)

4(δ + U)2

}
(A.40)
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For the second subcase, suppose t ≥ 2
√

δ
4δ+U

− 2δ
4δ+U

. The corresponding objective

function becomes

ΠAB∗(N,N) = ΠAB∗
3 (N,N) := δ

(
−3t2 +

(
10− 6

√
1− 2t

)
t+ 4

√
1− 2t− 5

)
. (A.41)

We obtain the optimal τF by solving the providers’ IR constraints which gives

τF∗ = τ̇F3 :=max
{δθ (t (−3t− 6

√
1− 2t+ 10

)
+ 4

√
1− 2t− 5

)
+ ωA

θ
,

δ(θ − 1)
(
t
(
3t+ 6

√
1− 2t− 10

)
− 4

√
1− 2t+ 5

)
+ ωB

1− θ

}
. (A.42)

Finally, we compare the objective function under patient switching behavior and the

objective function under no patient switching behavior. By comparison of the objective

functions, we have

1. When 1
2
< t, the solution we derived from (A.27) is optimal.

2. When U(4δ−U)
8δ2

< t ≤ 1
2

and t ≥ 2
√

δ
4δ+U

− 2δ
4δ+U

, the solution we derived from (A.27) is

optimal if t > tF3 , and (γ1 = 2δ, γ2 = 2(δ − δ
√
1− 2t)) is optimal otherwise, where tF3

is a threshold such that ΠBA∗(N,N) > ΠAB∗
3 (N,N) when t > tF3 .

3. When U(4δ−U)
8δ2

< t ≤ 1
2

and t < 2
√

δ
4δ+U

− 2δ
4δ+U

, the solution we derived from (A.27) is

optimal if t > tF2 , and (γ1 = − δ(4δ(t+
√
1−2t−1)+(t+

√
1−2t−3)U)

δ+U
, γ2 = 2(δ−δ

√
1− 2t)) is op-

timal otherwise, where tF2 is a threshold such that ΠBA∗(N,N) > ΠAB∗
2 (N,N) when t >

tF2 .

4. When t ≤ U(4δ−U)
8δ2

, the solution we derived from (A.27) is optimal if t > tF1 , and the

solution we derived from (A.32) is optimal otherwise, where tF1 is a threshold such that

ΠBA∗(N,N) > ΠAB∗
1 (N,N) when t > tF1 .
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Let us define

tF(N,N) =


tF1 , if t ≤ U(4δ−U)

8δ2
,

tF2 , if U(4δ−U)
8δ2

< t and t ≤ 2
√

δ
4δ+U

− 2δ
4δ+U

,

tF3 , if U(4δ−U)
8δ2

< t and 2
√

δ
4δ+U

− 2δ
4δ+U

< t,

(A.43)

to be used when presenting the lemma, which completes the proof.

Proof of Proposition 2: Proof follows from nonadoption of HIE and zero unobservable

efforts.

Proof of Lemma 2:

We derive the optimal solution for each HIE adoption scenario and then derive the condition

that ensures the corresponding HIE adoption decision.

No HIE adoption Case: Consider the scenario where HIE is not induced (SA, SB) =

(N,N).

Stage 5. We derive the solutions under no HIE adoption scenario provided in Lemma 2

by solving the following simultaneous equations.

∂πP
ii(N,N)

∂eii
=

∂πP
ii(N,N)

∂êii
= 0, ∀i ∈ {A,B} and (k, l) = (A,B), (A.44)

∂πP
i(−i)(N,N)

∂ei(−i)

=
∂πP

i(−i)(N,N)

∂êi(−i)

= 0, ∀i ∈ {A,B} and (k, l) = (B,A). (A.45)

Stage 3 and 4. First consider the scenario where patients visit a different provider for

the second visit. The following simultaneous equations give the solutions to the provider’s

maximization problem under no HIE adoption and patient switching.

∂πP
i0(N,N)

∂ei0

∣∣∣∣ei(−i)=e∗
i(−i)

(N,N),

êi(−i)=ê∗
i(−i)

(N,N)

=
∂πP

i0(N,N)

∂êi0

∣∣∣∣ eii=e∗
i(−i)

(N,N),

êi(−i)=ê∗
i(−i)

(N,N)

= 0, ∀i ∈ {B,A}. (A.46)

Now consider the scenario where patients return to the same provider for the second

visit. The following simultaneous equations give the solutions to the provider’s maximization

problem under no HIE adoption and no patient switching.

∂πP
i0(N,N)

∂ei0

∣∣∣∣eii=e∗ii(N,N),
êii=ê∗ii(N,N)

=
∂πP

i0(N,N)

∂êi0

∣∣∣∣eii=e∗ii(N,N),
êii=ê∗ii(N,N)

= 0, ∀i ∈ {A,B}. (A.47)
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Stage 1. The social planner chooses optimal contract parameters p1, p2, and τP that

induce patient switching or induce no patient switching in order to maximize the social

welfare. First consider the scenario where patients switch to the different provider for the

second visit. The FOCs give the following simultaneous equations.

∂ΠBA(N,N)

∂p1

∣∣∣∣ei0=e∗i0(N,N),ei(−i)=e∗
i(−i)

(N,N),

êi0=ê∗i0(N,N),êi(−i)=ê∗
i(−i)

(N,N)

= 0, ∀i ∈ {A,B}. (A.48)

Solving the equations above gives the following two stationary points.

p1(1) =
2

3
(δ −

√
δ2 + U2 − δU + U), p1(2) =

2

3
(δ +

√
δ2 + U2 − δU + U) (A.49)

We find that p1(2) is infeasible since β0
i0|p2=p1(2) > 1. We also find that the objective function

is concave near p1(1). Therefore, p1(1) is the optimal point. Letting p2 = 0 ensures patients’

IC constraint. The corresponding objective function is given by

ΠBA∗(N,N) =
8δ2
(√

δ2 + U2 − δU − δ
)
− 8U3

27δ2

+
4U2

(
3δ + 2

√
δ2 + U2 − δU

)
− δU

(
15δ + 8

√
δ2 + U2 − δU

)
27δ2

. (A.50)

We obtain the optimal τP by solving the provider’s IR constraints.

θπP
A0(N,N)|eA0=e∗i0(N,N),

êA0=ê∗A0(N,N)

+ (1− θ)(1− β0
B0)π

P
AB(N,N)|eAB=e∗AB(N,N),

êAB=ê∗AB(N,N)

≥ ωA (A.51)

(1− θ)πP
B0(N,N)|eB0=e∗B0(N,N),

êB0=ê∗B0(N,N)

+ θ(1− β0
A0)π

P
BA(N,N)|eBA=e∗BA(N,N),

êBA=ê∗BA(N,N)

≥ ωB (A.52)

Let τ̈P(N,N) be the minimum τP that satisfies both the IR constraints.

Now consider the scenario where patients return to the same provider for the second visit.

The FOCs give the following simultaneous equations.

∂ΠAB(N,N)

∂p1

∣∣∣∣ei0=e∗i0(N,N),eii=e∗ii(N,N),
êi0=ê∗i0(N,N),êii=ê∗ii(N,N)

=
∂ΠAB(N,N)

∂p2

∣∣∣∣ei0=e∗i0(N,N),eii=e∗ii(N,N),
êi0=ê∗i0(N,N),êii=ê∗ii(N,N)

= 0, ∀i ∈ {A,B}.

(A.53)
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Solving the equation above, we have the following three stationary points.

p(1) ={p1 = 0, p2 = U},

p(2) ={p1 =
2δ2 − U

√
2δ2 − 2δtU + U2 + δt

√
2δ2 − 2δtU + U2 − 2δtU + U2

δ
,

p2 = U −
√
2δ2 − 2δtU + U2},

p(3) ={p1 =
2δ2 + U

√
2δ2 − 2δtU + U2 − δt

√
2δ2 − 2δtU + U2 − 2δtU + U2

δ
,

p2 =
√
2δ2 − 2δtU + U2 + U} (A.54)

We find that p(1) and p(2) are infeasible since these points violate β0
ii ≤ 1, p1 ≥ 0, and

p1 ≥ 0. We also find that the objective function is concave near p(1). Therefore, p(1) is the

optimal point. Note that p(1) satisfies the patients’ IC constraint only if t < 3U(2δ+U)
2δ(δ+U)

. We

later show that the IC constraint is satisfied in the equilibrium.

Suppose t < 3U(2δ+U)
2δ(δ+U)

. The corresponding objective function becomes

ΠAB∗(N,N) =
U (4δ2 (t2 + 1)U − 8δ3(t+ 1)− 4δtU2 + U3)

8δ2(δ + 2U)
. (A.55)

Analogous to the switching case, we obtain the optimal τP by solving the providers’ IR

constraints.

ωA =θπP
A0(N,N)|eA0=e∗A0(N,N),

êA0=ê∗A0(N,N)

+ θ(1− β0
A0)π

P
AA(N,N)|eAA=e∗AA(N,N),

êAA=ê∗AA(N,N)

,

ωB =(1− θ)πP
B0(N,N)|eB0=e∗B0(N,N),

êB0=ê∗B0(N,N)

+ (1− θ)(1− β0
B0)π

P
BB(N,N)|eBB=e∗BB(N,N),

êBB=ê∗BB(N,N)

]. (A.56)

Let τ̇P(N,N) be the minimum τP that satisfies both the IR constraints.

Finally, we compare the objective function under patient switching behavior and the

objective function under no patient switching behavior. The social planner prefers patient

switching if and only if

ΠAB∗(N,N) < ΠBA∗(N,N). (A.57)
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This can be reduced to

t <
9U2 − 4U

√
−48U3+24U2(3δ+2

√
δ2+U2−δU)−6δU(15δ+8

√
δ2+U2−δU)+3δ2(11δ+16

√
δ2+U2−δU)

δ+2U

18δU

2δ

(
9δ −

√
−48U3+24U2(3δ+2

√
δ2+U2−δU)−6δU(15δ+8

√
δ2+U2−δU)+3δ2(11δ+16

√
δ2+U2−δU)

δ+2U

)
18δU

:= tP(N,N).

(A.58)

We verify that tP(N,N) > 3U(2δ+U)
2δ(δ+U)

.

Under no HIE adoption, the social planner induces patient switching by choosing the

contract parameters specified in (A.49) if t > tP(N,N) and induces patient switching by

choosing the contract parameters specified in (A.54) otherwise.

HIE adoption Case: Consider the scenario where HIE is induced (SA, SB) = (H,H).

Stage 5. We derive the solutions under HIE adoption scenario provided in Lemma 2 by

solving the following simultaneous equations.

∂πP
ii(H,H)

∂eii
=

∂πP
ii(H,H)

∂êii
= 0, ∀i ∈ {A,B} and (k, l) = (A,B), (A.59)

∂πP
i(−i)(H,H)

∂ei(−i)

=
∂πP

i(−i)(H,H)

∂êi(−i)

= 0, ∀i ∈ {A,B} and (k, l) = (B,A). (A.60)

Stage 3 and 4. First, consider the scenario where patients visit to the different provider

for the second visit. The following simultaneous equations give the solutions to the provider’s

maximization problem under HIE adoption and patient switching.

∂πP
i0(H,H)

∂ei0

∣∣∣∣ei(−i)=e∗
i(−i)

(H,H),

êi(−i)=ê∗
i(−i)

(H,H)

=
∂πP

i0(H,H)

∂êi0

∣∣∣∣ei(−i)=e∗
i(−i)

(H,H),

êi(−i)=ê∗
i(−i)

(H,H)

= 0, ∀i ∈ {A,B}. (A.61)

Consider the scenario where patients return to the same provider for the second visit. The

following simultaneous equations give the solutions to the provider’s maximization problem

under HIE adoption and no patient switching.

∂πP
i0(H,H)

∂ei0

∣∣∣∣eii=e∗ii(H,H),
êii=ê∗ii(H,H)

=
∂πP

i0(H,H)

∂êi0

∣∣∣∣eii=e∗ii(H,H),
êii=ê∗ii(H,H)

= 0, ∀i ∈ {A,B}. (A.62)
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Stage 1. The social planner chooses optimal contract parameters p1, p2, and τP that

induce patient switching or induce no patient switching in order to maximize the social

welfare. Let us first consider the scenario where patients switch to the different provider for

the second visit. The FOCs give the following simultaneous equations.

∂ΠBA(H,H)

∂p1

∣∣∣∣ei0=e∗i0(H,H),ei(−i)=e∗
i(−i)

(H,H),

êi0=ê∗i0(H,H),êi(−i)=ê∗
i(−i)

(H,H)

= 0, ∀i ∈ {A,B}. (A.63)

Solving the equations above gives the following two stationary points.

p1(1) = −1

3
(α− 2)δ − 1

3

√
(α− 2)2δ2 + 9U2 + 3(3α− 1)δU + U,

p1(2) = −1

3
(α− 2)δ +

1

3

√
(α− 2)2δ2 + 9U2 + 3(3α− 1)δU + U (A.64)

We find that p1(2) is infeasible since β1
i0|p2=p1(2) > 1. We also find that the objective function

is concave near p1(1). Therefore, p1(1) is the optimal point. Letting p2 = 0 ensures patients’

IC constraint.

The corresponding objective function is given as

ΠBA∗(H,H) =
1

54δ2

(
9U2

(
(3− 9α)δ + 2

√
(α− 2)2δ2 + 9U2 + 3(3α− 1)δU

)
− 54U3

− 3δU
(
3(α(3α− 5) + 4)δ + 2(1− 3α)

√
(α− 2)2δ2 + 9U2 + 3(3α− 1)δU

)
+2δ2

(
(α− 2)2

(
(α− 2)δ +

√
(α− 2)2δ2 + 9U2 + 3(3α− 1)δU

)))
− CHIE (A.65)

We obtain the optimal τP by solving the provider’s IR constraints.

θπP
A0(H,H)|eA0=e∗A0(H,H),

êA0=ê∗A0(H,H)

+ (1− θ)(1− β1
B0)π

P
AB(H,H)|eAB=e∗AB(H,H),

êAB=ê∗AB(H,H)

≥ ωA (A.66)

(1− θ)πP
B0(H,H)|eB0=e∗B0(H,H),

êB0=ê∗B0(H,H)

+ θ(1− β1
A0)π

P
BA(H,H)|eBA=e∗BA(H,H),

êBA=ê∗BA(H,H)

≥ ωB (A.67)

Let τ̈P(H,H) be the minimum τP that satisfies the IR constraints.
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Now consider the scenario where patients return to the same provider for the second visit.

The FOCs give the following simultaneous equations.

∂ΠAB(H,H)

∂p1

∣∣∣∣ei0=e∗i0(H,H),eii=e∗ii(H,H),
êi0=ê∗i0(H,H),êii=ê∗ii(H,H)

=
∂ΠAB(H,H)

∂p2

∣∣∣∣ei0=e∗i0(H,H),eii=e∗ii(H,H),
êi0=ê∗i0(H,H),êii=ê∗ii(H,H)

= 0, ∀i ∈ {A,B}.

(A.68)

Solving the equation above, we have three stationary points as below.

p(1) ={p1 = 0, p2 = U}, p(2) = {p1 =
−2αδ2 + 2δ2 − U

√
−2αδ2 + 2δ2 − 2δtU + U2 − 2δtU

δ
,

+
δt
√
−2αδ2 + 2δ2 − 2δtU + U2 + U2

δ
, p2 = U −

√
−2αδ2 + 2δ2 − 2δtU + U2}

p(3) ={p1 =
−2αδ2 + 2δ2 + U

√
−2αδ2 + 2δ2 − 2δtU + U2 − 2δtU

δ

− δt
√
−2αδ2 + 2δ2 − 2δtU + U2 − U2

δ
, p2 = U +

√
−2αδ2 + 2δ2 − 2δtU + U2}

(A.69)

We find that p(2) and p(3) are infeasible since these points violate β1
ii ≤ 1 and eij ≥ 0. We

also find that the objective function is concave near p(1). Therefore, p(1) is the optimal

point. Note that p(1) satisfies the patients’ IC constraint only if

V 0
ii |ei0=e∗i0(H,H),eii=e∗ii(H,H),

êi0=ê∗i0(H,H),êii=ê∗ii(H,H),
{p1,p2}=p(1)

≥ V 0
(−i)i|ei0=e∗i0(H,H),e(−i)i=e∗

(−i)i
(H,H),

êi0=ê∗i0(H,H),ê(−i)i=ê∗
(−i)i

(H,H),

{p1,p2}=p(1)

(A.70)

This can be reduced to

t ≤ 7U2 − 4αδU + 8δU

4δ2 + 6δU
. (A.71)

Suppose t < 7U2−4αδU+8δU
4δ2+6δU

. The corresponding objective function becomes

ΠAB∗(H,H) =
4δ2U (U (−α + t2 + 1))− 4δtU3 − 8δ3 (U ((α− 1)2 − αt+ t)) + U4

8δ2(δ + 2U)
− CHIE.

(A.72)
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We obtain the optimal τP by solving the following provider’s IR constraints.

ωA ≤ θπP
A0(H,H)|eA0=e∗A0(H,H),

êA0=ê∗A0(H,H)

+ θ(1− β0
A0)π

P
AA(H,H)|eAA=e∗AA(H,H),

êAA=ê∗AA(H,H)

− θCHIE,

ωB ≤ (1− θ)πP
B0(H,H)|eB0=e∗B0(H,H),

êB0=ê∗B0(H,H)

+ (1− θ)(1− β0
B0)π

P
BB(H,H)|eBB=e∗BB(H,H),

êBB=ê∗BB(H,H)

− (1− θ)CHIE (A.73)

Finally, we compare the objective function under patient switching behavior and the

objective function under no patient switching behavior. Define tP(H,H) to be a threshold

such that

ΠAB∗(H,H)|tP(H,H) = ΠBA∗(H,H)|tP(H,H). (A.74)

Under HIE adoption, the social planner induces patient switching by choosing the contract

parameters specified in (A.64) if t > tP(H,H) and induces patient switching by choosing the

contract parameters specified in (A.69) otherwise.

Sufficient Conditions for no HIE adoption: Suppose there exists a threshold, C̃HIE,

such that the providers do not adopt HIE if CHIE ≥ C̃HIE.

Consider the scenario where the patients return to the same provider for the second visit

and the providers do not adopt HIE. Given a set of contract parameters, p1, p2, and τP, the

total expected payoffs of the providers become

πP
A(N,N) = πNSP

A (N,N) :=
θ (4δ2p21 − 4δp1 (2δ

2 − 2δp2t+ p22))

8δ2 (δ + 2p2)

+
θ (4δ2 (2δτ1 − τ 22 ) + 4δ2p22 (t

2 + 1)− 8δ2p2 (δ + δt− 2τ1)− 4δp32t+ p42)

8δ2 (δ + 2p2)
, (A.75)

πP
B(N,N) = πNSP

B (N,N) := (
1

θ
− 1)πNSP

A (N,N). (A.76)

Next, consider the scenario where the patients switch to the different provider for the

second visit and the providers do not adopt HIE. Given a set of contract parameters, p1, p2,
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and τP, the total expected payoffs of the providers become

πP
A(N,N) = πSP

A (N,N) := −(δ − (1− θ)p1) (−2δτ1 + 2δp1 − p21)

2δ2
,

πP
B(N,N) = πSP

B (N,N) := −(δ − θp1) (−2δτ1 + 2δp1 − p21)

2δ2
. (A.77)

Now consider the scenario where the patients return to the same provider for the second

visit and the providers adopt HIE. Given a set of contract parameters, p1, p2, and τP, the

total expected payoffs of the providers become

πP
A(H,H) = πNSP

A (H,H) :=
θU(U − 2δ(−2α + t+ 2))

2δ(δ + 2U)
− θU2(U − 2δ(−2α + t+ 2))2

8δ(δ + 2U)2

− αθ − CHIEθ + θ − 1

4δ2(δ + 2U)2
(U
(
−2(α− 1)δ2 − 2δtU + U2

)
(θ − 1)

(
−2δ2(−α + t+ 1) + U(δ − 2δt) + U2

)
) (A.78)

πP
B(H,H) = πNSP

B (H,H) := (
1

θ
− 1)πNSP

A (H,H). (A.79)

Finally, suppose the patients visits to the different provider for the second visit and the

providers adopt HIE. Given a set of contract parameters, p1, p2, and τP, the total expected

payoffs of the providers become

πP
A(H,H) = πSP

A (H,H) := (1− θ)
(
−α− p1

δ
+ 1
)(

−p1

(
−α− 3p1

2δ
+ 1

)
− p21

2δ
+ τ1

)
− CHIEθ + θ

(
−p1

(
−α− p1

δ
+ 1
)
− p21

2δ
+ τ1

)
(A.80)

πP
B(H,H) = πSP

B (H,H) := (θ)
(
−α− p1

δ
+ 1
)(

−p1

(
−α− 3p1

2δ
+ 1

)
− p21

2δ
+ τ1

)
− CHIE(1− θ) + (1− θ)

(
−p1

(
−α− p1

δ
+ 1
)
− p21

2δ
+ τ1

)
(A.81)

We use p∗1, p∗2, and τP∗ to denote the optimal parameter values when t < tP(N,N) and

CHIE ≥ C̃HIE. Define a threshold, C1 such that

πNSP
A (N,N)| p1=p∗1,

p2=p∗2,

τP=τP∗,
CHIE=C1

= max[πNSP
A (H,H)| p1=p∗1,

p2=p∗2,

τP=τP∗,
CHIE=C1

, πSP
A (H,H)| p1=p∗1,

p2=p∗2,

τP=τP∗,
CHIE=C1

]
(A.82)
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Define another threshold, C2 such that

πNSP
B (N,N)| p1=p∗1,

p2=p∗2,

τP=τP∗,
CHIE=C2

= max[πNSP
B (H,H)| p1=p∗1,

p2=p∗2,

τP=τP∗,
CHIE=C2

, πSP
B (H,H)| p1=p∗1,

p2=p∗2,

τP=τP∗,
CHIE=C2

].
(A.83)

We now use p∗1, p∗2, and τP∗ to denote the optimal parameter values when t ≥ tP(N,N)

and CHIE ≥ C̃HIE. Let us define a threshold, C3 such that

πSP
A (N,N)| p1=p∗1,

p2=p∗2,

τP=τP∗,
CHIE=C3

= max[πNSP
A (H,H)| p1=p∗1,

p2=p∗2,

τP=τP∗,
CHIE=C3

, πSP
A (H,H)| p1=p∗1,

p2=p∗2,

τP=τP∗,
CHIE=C3

]
(A.84)

We define another threshold, C4 such that

πSP
B (N,N)| p1=p∗1,

p2=p∗2,

τP=τP∗,
CHIE=C4

= max[πNSP
B (H,H)| p1=p∗1,

p2=p∗2,

τP=τP∗,
CHIE=C4

, πSP
B (H,H)| p1=p∗1,

p2=p∗2,

τP=τP∗,
CHIE=C4

].
(A.85)

We set

C̃HIE := CHIE = max[C1, C2, C3, C4]. (A.86)

Sufficient Conditions for HIE adoption: Suppose there exists a threshold, ĊHIE,

such that the providers adopt HIE if CHIE ≤ ĊHIE. We use p∗1, p∗2, and τP∗ to denote the

optimal parameter values when t < tP(H,H) and CHIE ≤ ĊHIE. Define a threshold, C5 such

that

πNSP
A (H,H)| p1=p∗1,

p2=p∗2,

τP=τP∗,
CHIE=C5

= max[πNSP
A (N,N)| p1=p∗1,

p2=p∗2,

τP=τP∗,
CHIE=C5

, πSP
A (N,N)| p1=p∗1,

p2=p∗2,

τP=τP∗,
CHIE=C5

]
(A.87)

Define another threshold, C6 such that

πNSP
B (H,H)| p1=p∗1,

p2=p∗2,

τP=τP∗,
CHIE=C6

= max[πNSP
B (N,N)| p1=p∗1,

p2=p∗2,

τP=τP∗,
CHIE=C6

, πSP
B (N,N)| p1=p∗1,

p2=p∗2,

τP=τP∗,
CHIE=C6

].
(A.88)

Let us now use p∗1, p∗2, and τP∗ to denote the optimal parameter values when t ≥ tP(N,N)

and CHIE < C̃HIE. Let us define a threshold, C7 such that

πSP
A (H,H)| p1=p∗1,

p2=p∗2,

τP=τP∗,
CHIE=C7

= max[πNSP
A (N,N)| p1=p∗1,

p2=p∗2,

τP=τP∗,
CHIE=C7

, πSP
A (N,N)| p1=p∗1,

p2=p∗2,

τP=τP∗,
CHIE=C7

]
(A.89)
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Let us define another threshold, C8 such that

πSP
B (H,H)| p1=p∗1,

p2=p∗2,

τP=τP∗,
CHIE=C8

= max[πNSP
B (N,N)| p1=p∗1,

p2=p∗2,

τP=τP∗,
CHIE=C8

, πSP
B (N,N)| p1=p∗1,

p2=p∗2,

τP=τP∗,
CHIE=C8

].
(A.90)

We set

ĊHIE := CHIE = min[C5, C6, C7, C8]. (A.91)

Proof of Proposition 3: Part (i) and (ii) can be obtained simply by substituting

p1 and p2 with the optimal contract parameters into the optimal effort levels we obtained

in the analysis of Stage 5 and Stage 4. For part (iii), suppose to the contrary that P4P

payment model can induce the first best solutions when patients switch. This implies that

for (SA, SB) = (H,H) there exist p1 and p2 such that

e∗i0 = −−2δp1 − 2δp2(−2α + t+ 2) + p22
4δ (δ + 2p2)

=
U (−8(α− 1)δ2 + U2 + 2(α− 2)δU)

2δ (4δ2 − U2 + 4δU)
,

ê∗i0 = −−2δp1 − 2δp2(−2α + t+ 2) + p22
4δ (δ + 2p2)

= −U (4(α− 1)δ2 + U2 + 2δU)

2δ (4δ2 − U2 + 4δU)
,

ê∗i(−i) =
p1
2δ

=
U

2δ
(A.92)

But, there is no such p1 and p2, which is a contradiction.

Proof of Proposition 4:

The EBP contract should induce the benchmark efforts as in the first-best solution with

the desired HIE adoption and patient switching scenario as in Proposition 1. We derive

the optimal solution for the desired scenario using contract parameters of the EBP model

and then ensure the desired HIE adoption and patient switching scenario. For each desired

HIE adoption and patient switching scenario, we use e∗ij ∀i, j to denote the corresponding

first-best effort levels.

1. CHIE ≥ CHIE and t < tNN : The social planner prefers the scenario where the

patient returns to the same provider for the second visit and HIE is not adopted.
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Stage 5. We solve the following simultaneous equations.

∂πE
ii(N,N)

∂eii
=

∂πE
ii(N,N)

∂êii
= 0, ∀i ∈ {A,B} and (k, l) = (A,B), (A.93)

∂πE
i(−i)(N,N)

∂ei(−i)

=
∂πE

i(−i)(N,N)

∂êi(−i)

= 0, ∀i ∈ {A,B} and (k, l) = (B,A), (A.94)

which gives the following results.

eii =
(P2CS − P2NS)

2δ
, êii =

(P2CS − P2NS)

2δ
(A.95)

ei(−i) =
(P2CD − P2ND)

2δ
, êi(−i) =

(P2CD − P2ND)

2δ
(A.96)

We let P2NS := P2CS − U and P2CD := P2ND, and find

eii =
(P2CS − P2NS)

2δ
= e∗ii, êii =

(P2CS − P2NS)

2δ
= ê∗ii (A.97)

ei(−i) =
(P2CD − P2ND)

2δ
= 0, êi(−i) =

(P2CD − P2ND)

2δ
= 0 (A.98)

Stage 3. We solve the following simultaneous equations.

∂πE
i0(N,N)

∂ei0
=

∂πE
i0(N,N)

∂êi0
= 0, ∀i ∈ {A,B} and (k, l) = (A,B), (A.99)

Substituting P2NS = P2CS − U in equations (A.99) gives the following results.

ei0 =
2δP1C − 2δP2CS + U(2δ(t+ 2)− U)

4δ(δ + 2U)
,

êi0 =
2δP1C − 2δP2CS + U(2δ(t+ 2)− U)

4δ(δ + 2U)
, for (k, l) = (A,B) (A.100)

We let P1C = P2CS, and find

ei0 = êi0 = −U(U − 2δ(t+ 2))

4δ(δ + 2U)
, for (k, l) = (A,B) (A.101)

The corresponding providers’ utilities then becomes

πE
A(N,N) = π̇E

A(N,N) :=
θ (U (4δ2 (t2 + 1)U − 8δ3(t+ 1)− 4δtU2 + U3))

8δ2(δ + 2U)

+
θ (8δ2P2CS(δ + 2U) + 8δ2τ1(δ + 2U))

8δ2(δ + 2U)
(A.102)

πE
B(N,N) = π̇E

B(N,N) := −(θ − 1) (U (4δ2 (t2 + 1)U − 8δ3(t+ 1)− 4δtU2 + U3))

8δ2(δ + 2U)

−(θ − 1) (8δ2P2CS(δ + 2U) + 8δ2τ1(δ + 2U))

8δ2(δ + 2U)
(A.103)
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where π̇E
i (SA, SB) denotes the provider utility evaluated under no patient switching.

Stage 4. We choose zero values for the free variables relevant to the patient switching

scenario. Given the contract parameter values we have found, the patient does not switch

for the second visit regardless of HIE adoption decision since V P
ii ≥ V P

ij .

Stage 2. To induce no HIE adoption, we need to choose some parameter values for the

free variables which can give the providers greater utility under no HIE adoption. Given

the parameter values we have found, we solve the providers’ optimization problem for the

scenario where HIE is adopted and the patient returns to the same provider.

In stage 5, we solve the following simultaneous equations.

∂πE
ii(H,H)

∂eii
=

∂πE
ii(H,H)

∂êii
= 0, ∀i ∈ {A,B} and (k, l) = (A,B). (A.104)

which gives the following results.

eii = e∗ii, êii = ê∗ii. (A.105)

In Stage 3, we solve the following simultaneous equations.

∂πE
i0(H,H)

∂ei0
=

∂πE
i0(H,H)

∂êi0
= 0, ∀i ∈ {A,B} and (k, l) = (A,B), (A.106)

which gives the following results.

eii =
U(2δ(−2α + t+ 2)− U)

4δ(δ + 2U)
, êii =

U(2δ(−2α + t+ 2)− U)

4δ(δ + 2U)
. (A.107)
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The corresponding providers’ utilities then becomes

πE
A = π̇E

A(H,H) :=
θ (4δ2t2U2 − 4δtU3 + U4 − 4αδ2U2 + 4δ2U2 − 8δ3U)

8δ2(δ + 2U)

+
θ (−8δ2CHIE(δ + 2U) + 8αδ3tU − 8δ3tU − 8α2δ3U + 16αδ3U)

8δ2(δ + 2U)

+
θ (8δ3τ1(δ + 2U) + 16δ2τ1U)

8δ2(δ + 2U)
, (A.108)

πE
B = π̇E

B(H,H) := −(θ − 1) (4δ2t2U2 − 4δtU3 + U4 − 4αδ2U2 + 4δ2U2 − 8δ3U)

8δ2(δ + 2U)

−(θ − 1) (−8δ2CHIE(δ + 2U) + 8αδ3tU − 8δ3tU − 8α2δ3U + 16αδ3U)

8δ2(δ + 2U)

−(θ − 1) (8δ3τ1(δ + 2U) + 16δ2τ1U)

8δ2(δ + 2U)
. (A.109)

Comparing π̇E
i (H,H) and π̇E

i (N,N) for ∀i gives

π̇E
i (N,N) ≥ π̇E

i (H,H) if and only if CHIE ≥ −αU(U − 2δ(−α + t+ 2))

2(δ + 2U)
= CHIE (A.110)

We choose zero values for the free variables, P2ND and τE2 , and let τE1 = τ̇E1 (N,N) where

τ̇E1 (N,N) is a value such that

τ̇E1 (N,N) = max[τNS
A (N,N), τNS

B (N,N)], (A.111)

where

π̇E
i (N,N)|τE1 =τNS

i (N,N) = ωi, ∀i ∈ {A,B}. (A.112)

2. CHIE ≥ CHIE and t ≥ tNN : The social planner prefers the scenario where the

patient visits to the different provider for the second visit and HIE is not adopted.

Stage 5. We solve the following simultaneous equations.

∂πE
ii(N,N)

∂eii
=

∂πE
ii(N,N)

∂êii
= 0, ∀i ∈ {A,B} and (k, l) = (A,B), (A.113)

∂πE
i(−i)(N,N)

∂ei(−i)

=
∂πE

i(−i)(N,N)

∂êi(−i)

= 0, ∀i ∈ {A,B} and (k, l) = (B,A), (A.114)
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which gives the following results.

eii =
(P2CS − P2NS)

2δ
, êii =

(P2CS − P2NS)

2δ
(A.115)

ei(−i) =
(P2CD − P2ND)

2δ
, êi(−i) =

(P2CD − P2ND)

2δ
(A.116)

We let P2CD := P2ND + U and P2NS := P2CS, and find

eii =
(P2CS − P2NS)

2δ
= 0, êii =

(P2CS − P2NS)

2δ
= 0 (A.117)

ei(−i) =
(P2CD − P2ND)

2δ
= e∗i(−i), êi(−i) =

(P2CD − P2ND)

2δ
= êi(−i) (A.118)

Stage 3. We solve the following simultaneous equations.

∂πE
i0(N,N)

∂ei0
=

∂πE
i0(N,N)

∂êi0
= 0, ∀i ∈ {A,B} and (k, l) = (B,A), (A.119)

Substituting P2CD = P2ND + U in equations (A.119) gives the following results:

ei0 =
δP1C + P1ND (U − δ) + (−U)P1CD

2δ2
,

êi0 =
δP1C + P1ND (U − δ) + (−U)P1CD

2δ2
∀i ∈ {A,B} for (k, l) = (B,A). (A.120)

We let P1C = 2P1ND(δ−U)+U(2δ+2P1CD−U)
2δ

, and find

ei0 = êi0 = −U (U − 2δ)

4δ2
, ∀i ∈ {A,B} for (k, l) = (B,A) (A.121)

The corresponding providers’ utilities then becomes

πE
A(N,N) = π̈E

A(N,N) :=
8δ2θP1ND(δ − U)− θU4 + 2U4 − 4δU3 + 4δ2U2

8δ3

+
8δ2θUP1CD − 8δ3θP2ND + 8δ3P2ND − 4δθU2P2ND + 4δU2P2ND + 8δ2θUP2ND

8δ3

+
−8δ2UP2ND + 8δ3θτ1 − 8δ3θτ2 + 8δ3τ2 − 4δθτ2U

2 + 4δτ2U
2 + 8δ2θτ2U − 8δ2τ2U

8δ3

πE
B(N,N) = π̈E

B(N,N) :=
8δ2(θ − 1)P1ND(U − δ) + θU4 + U4 − 4δU3 + 4δ2U2

8δ3

+
−8δ2(θ − 1)UP1CD + 8δ3θP2ND + 4δθU2P2ND − 8δ2θUP2ND

8δ3

+
−8δ3θτ1 + 8δ3θτ2 + 8δ3τ1 + 4δθτ2U

2 − 8δ2θτ2U

8δ3
(A.122)
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where π̈E
i (SA, SB) denotes the provider utility evaluated under patient switching.

Stage 4. We choose zero values for the free variables relevant to the no patient switching

scenario. Given the contract parameter values we have found, the patient does not switch

for the second visit regardless of HIE adoption decision since V P
ii ≤ V P

ij .

Stage 2. To induce no HIE adoption, we need to choose some parameter values for the

free variables which can give the providers greater utility under no HIE adoption. Given

the parameter values we have found, we solve the providers’ optimization problem for the

scenario where HIE is adopted and the patient switches to the different provider.

In stage 5, we solve the following simultaneous equations.

∂πE
i(−i)(H,H)

∂ei(−i)

=
∂πE

i(−i)(H,H)

∂êi(−i)

= 0, ∀i ∈ {A,B} and (k, l) = (B,A), (A.123)

which gives the following results:

ei(−i) = e∗i(−i), êi(−i) = ê∗i(−i). (A.124)

In Stage 3, we solve the following simultaneous equations:

∂πE
i0(H,H)

∂ei0
=

∂πE
i0(H,H)

∂êi0
= 0, ∀i ∈ {A,B} and (k, l) = (B,A). (A.125)

Solving the simultaneous equations, we get the following results:

ei0 =
(P1ND − P1CD) (4(2α− 1)δ2 + 2αδ (P1ND − P1CD)− U2 + 2δU)− 2δU(U − 2δ)

2δ (4δ2 − (P1ND − P1CD) (4δ + P1ND − P1CD))
,

(A.126)

êi0 =
(P1ND − P1CD) (4αδ

2 − 2δP1ND + 2δP1CD + U2 − 2δU)− 2δU(U − 2δ)

2δ (4δ2 − (P1ND − P1CD) (4δ + P1ND − P1CD))

, ∀i ∈ {A,B} and (k, l) = (B,A).

(A.127)
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We let P1CD := P1ND, and find

ei0 + êi0 + α = −U(U − 2δ)

2δ2
+ α, for (k, l) = (B,A). (A.128)

The corresponding providers’ utility then becomes

πE
A(H,H) = π̈E

A(H,H) :=
1

8
(−8θCHIE

+
θ (8δ3τ1 + 8δ3P1ND + U(U − 2δ) (−4αδ2 + U2 − 2δU))

δ3

+
(θ − 1) (−2(α− 1)δ2 + U2 − 2δU) (−4δ2τ2 − 4δ2P2ND + U (−4αδ2 + U2 − 4δU))

δ4

)
,

πE
B(H,H) = π̈E

B(H,H) :=
1

8δ4
(
−θU5 + δU4 − 4δ2U3 − 4αδ3U2 + 4δ3U2 + 8αδ4U

+ 8δ4(θ − 1)CHIE + 5δθU4 + 6αδ2θU3 − 6δ2θU3 − 12αδ3θU2 + 4δ3θU2 − 8α2δ4θU

+ 8δ4τ1 − 8δ4(θ − 1)P1ND − 8αδ4θP2ND + 8δ4θP2ND + 4δ2θU2P2ND − 8δ3θUP2ND

−8αδ4θτ2 − 8δ4θτ1 + 8δ4θτ2 + 4δ2θτ2U
2 − 8δ3θτ2U

)
(A.129)

Comparing π̈E
i (H,H) and π̈E

i (N,N) for ∀i gives

π̈E
A(N,N) ≥ π̈E

A(H,H) if and only if

0 >
1

8δ4
(
−U5 + 4δU4 + 6αδ2U3 − 6δ2U3 − 16αδ3U2 + 4δ3U2 − 8α2δ4U + 8αδ4U

+ θU5 − 4δθU4 − 6αδ2θU3 + 6δ2θU3 + 12αδ3θU2 − 4δ3θU2 + 8α2δ4θU

+8αδ4θτ2 − 8αδ4τ2 − 8δ4θCHIE + 8αδ4(θ − 1)P2ND

)
,

π̈E
B(N,N) ≥ π̈E

B(H,H) if and only if

0 > − 1

8δ4
(
θU5 − 4δθU4 − 6αδ2θU3 + 6δ2θU3 + 4αδ3U2 − 4δ3θU2 − 8αδ4U

+ 8αδ4θτ2 − 8δ4(θ − 1)CHIE + 8αδ4θP2ND ++12αδ3θU2 + 8α2δ4θU
)

(A.130)

Note that the right hand side (RHS) of the above inequalities is decreasing in P2ND. We let

P̈2ND(N,N) be a value of P2ND such that the above inequalities hold.
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We choose zero values for the free variables, P1CD, P1ND and τE2 , and let τE1 = τ̇E1 (N,N)

is a value such that

τ̇E1 (N,N) = max[τSA(N,N), τ
S
B(N,N)], (A.131)

where

π̇E
i (N,N)|τE1 =τSi (N,N) = ωi, ∀i ∈ {A,B}. (A.132)

3. CHIE < CHIE and t < tNN : The social planner prefers the scenario where the

patient returns to the same provider for the second visit and HIE is adopted.

Stage 5. We solve the following simultaneous equations.

∂πE
ii(H,H)

∂eii
=

∂πE
ii(H,H)

∂êii
= 0, ∀i ∈ {A,B} and (k, l) = (A,B), (A.133)

∂πE
i(−i)(H,H)

∂ei(−i)

=
∂πE

i(−i)(H,H)

∂êi(−i)

= 0, ∀i ∈ {A,B} and (k, l) = (B,A), (A.134)

which gives the following results.

eii =
(P2CS − P2NS)

2δ
, êii =

(P2CS − P2NS)

2δ
(A.135)

ei(−i) =
(P2CD − P2ND)

2δ
, êi(−i) =

(P2CD − P2ND)

2δ
(A.136)

We let P2NS = P2CS − U and P2CD = P2ND, and find

eii =
(P2CS − P2NS)

2δ
= e∗ii, êii =

(P2CS − P2NS)

2δ
= ê∗ii (A.137)

ei(−i) =
(P2CD − P2ND)

2δ
= 0, êi(−i) =

(P2CD − P2ND)

2δ
= 0 (A.138)

Stage 3. We solve the following simultaneous equations.

∂πE
i0(H,H)

∂ei0
=

∂πE
i0(H,H)

∂êi0
= 0, ∀i ∈ {A,B} and (k, l) = (A,B), (A.139)

Substituting P2NS = P2CS − U in equations (A.139) gives the following results.

ei0 = êi0 = −−2δP1C + 2δP2CS + U(U − 2δ(−2α + t+ 2))

4δ(δ + 2U)
, for (k, l) = (A,B) (A.140)

153



We let P1C = P2CS, and find

ei0 = êi0 = −U(U − 2δ(−2α + t+ 2))

4δ(δ + 2U)
, for (k, l) = (A,B) (A.141)

The corresponding providers’ utilities then becomes

πE
A(H,H) = π̇E

A(H,H) :=

θ (4δ2t2U2 − 4δtU3 − 8δ3tU + U4 − 4αδ2U2 + 4δ2U2 + 16αδ3U − 8δ3U)

8δ2(δ + 2U)

+
θ (−8δ2CHIE(δ + 2U) + 8δ3τ1 + 8δ2P2CS(δ + 2U) + 8αδ3tU − 8α2δ3U + 16δ2τ1U)

8δ2(δ + 2U)

πE
B(H,H) = π̇E

B(H,H) := (
1

θ
− 1)π̇E

A(H,H). (A.142)

Stage 4. We choose zero values for the free variables relevant to the patient switching

scenario. Given the contract parameter values we have found, the patient does not switch

for the second visit regardless of HIE adoption decision since V P
ii ≥ V P

ij .

Stage 2. To induce HIE adoption, we need to choose some parameter values for the

free variables which can give the providers greater utility under HIE adoption. Given the

parameter values we have found, we solve the providers’ optimization problem for the scenario

where HIE is not adopted and the patient returns to the same provider.

In stage 5, we solve the following simultaneous equations.

∂πE
ii(N,N)

∂eii
=

∂πE
ii(N,N)

∂êii
= 0, ∀i ∈ {A,B} and (k, l) = (A,B), (A.143)

which gives

eii =
U

2δ
, êii =

U

2δ
. (A.144)

In Stage 3, we solve the following simultaneous equations:

∂πE
i0(N,N)

∂ei0
=

∂πE
i0(N,N)

∂êi0
= 0, ∀i ∈ {A,B} and (k, l) = (A,B), (A.145)
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which gives

eii = êii = −U(U − 2δ(t+ 2))

4δ(δ + 2U)
. (A.146)

The corresponding providers’ utility then becomes

πE
A(N,N) = π̇E

A(N,N) :=
θ (U (4δ2 (t2 + 1)U − 8δ3(t+ 1)− 4δtU2 + U3))

8δ2(δ + 2U)

θ (8δ2P2CS(δ + 2U) + 8δ2τ1(δ + 2U))

8δ2(δ + 2U)

πE
B(N,N) = π̇E

B(N,N) := −(θ − 1) (U (4δ2 (t2 + 1)U − 8δ3(t+ 1)− 4δtU2 + U3))

8δ2(δ + 2U)

−(θ − 1) (8δ2P2CS(δ + 2U) + 8δ2τ1(δ + 2U))

8δ2(δ + 2U)
(A.147)

Comparing π̇E
i (H,H) and π̇E

i (N,N) for ∀i gives

π̇E
i (N,N) < π̇E

i (H,H) if and only if CHIE < −αU(U − 2δ(−α + t+ 2))

2(δ + 2U)
= CHIE. (A.148)

We choose zero values for the free variable, τE2 , and let τE1 = τ̇E1 (H,H) where τ̇E1 (H,H) is

a value such that

τ̇E1 (H,H) = max[τNS
A (H,H), τNS

B (H,H)], (A.149)

where

π̇E
i (H,H)|τE1 =τNS

i (H,H) = ωi, ∀i ∈ {A,B}. (A.150)

4. CHIE < CHIE and t ≥ tNN : The social planner prefers the scenario where the

patient visits to the different provider for the second visit and HIE is adopted.

Stage 5. We solve the following simultaneous equations.

∂πE
ii(H,H)

∂eii
=

∂πE
ii(H,H)

∂êii
= 0, ∀i ∈ {A,B} and (k, l) = (A,B), (A.151)

∂πE
i(−i)(H,H)

∂ei(−i)

=
∂πE

i(−i)(H,H)

∂êi(−i)

= 0, ∀i ∈ {A,B} and (k, l) = (B,A), (A.152)

155



which gives the following:

eii =
(P2CS − P2NS)

2δ
, êii =

(P2CS − P2NS)

2δ
, (A.153)

ei(−i) =
(P2CD − P2ND)

2δ
, êi(−i) =

(P2CD − P2ND)

2δ
. (A.154)

We let P2CD = P2ND + U and P2CS = P2NS, and find

eii =
(P2CS − P2NS)

2δ
= 0, êii =

(P2CS − P2NS)

2δ
= 0, (A.155)

ei(−i) =
(P2CD − P2ND)

2δ
= e∗i(−i), êi(−i) =

(P2CD − P2ND)

2δ
= êi(−i). (A.156)

Stage 3. We solve the following simultaneous equations.

∂πE
i0(H,H)

∂ei0
=

∂πE
i0(H,H)

∂êi0
= 0, ∀i ∈ {A,B} and (k, l) = (B,A), (A.157)

Substituting P2CD = P2ND + U in equations (A.157) gives

ei0 =
P1CD (P1ND + 2(δ + U))

4δ2 − (P1ND − P1CD) (4δ + P1ND − P1CD)
− αδ + U

δ

P1C (2δ + P1ND − P1CD)− P1ND (4δ + P1ND + 2U) + 4δ(αδ + U)

4δ2 − (P1ND − P1CD) (4δ + P1ND − P1CD)

êi0 =
P1ND (P1CD(δ + 2U) + 2δ((α− 1)δ + U))

δ (4δ2 − (P1ND − P1CD) (4δ + P1ND − P1CD))

+
δP1C (2δ − P1ND + P1CD)− UP 2

1ND + P1CD (−P1CD(δ + U)− 2δ(αδ + U))

δ (4δ2 − (P1ND − P1CD) (4δ + P1ND − P1CD))
,

∀i ∈ {A,B}, for (k, l) = (B,A). (A.158)

We let P1C := P1ND + U2

2δ
+ U and P1CD := P1ND + U , which gives

ei0 = e∗i0, êi0 = ê∗i0, ∀i ∈ {A,B} for (k, l) = (B,A). (A.159)
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The corresponding providers’ utilities then becomes

πE
A(H,H) = π̈E

A(H,H) :=
1

(−4δ2 + U2 − 4δU)2
(
12δU4 + 20αδ2U3 − 12δ2U3 − 32αδ3U2

+ 24δ3U2 − αθU5 − α2δθU4 + 8αδθU4 − 21δθU4 + 48δ2θU3 ++8α2δ3U2 − 16α2δ4U

+ 16αδ4U + 8α2δ2θU3 − 40αδ2θU3 − 20α2δ3θU2 + 48αδ3θU2 + 12δ3θU2 + 16αδ4θU

− θCHIE
(
−4δ2 + U2 − 4δU

)2
+ θP1ND

(
−4δ2 + U2 − 4δU

)2 − 2U4P2ND + 10δU3P2ND

+ 16δ4P2ND − 2αδU3P2ND + 12αδ2U2P2ND − 4δ2U2P2ND − 8αδ3UP2ND + 8δ3UP2ND

− 16αδ4P2ND + 2θU4P2ND + 2αδθU3P2ND − 10δθU3P2ND − 12αδ2θU2P2ND

+ 4δ2θU2P2ND + 16αδ4θP2ND − 16δ4θP2ND + 8αδ3θUP2ND − 8δ3θUP2ND + θτ1U
4

− 8δθτ1U
3 + 16δ4θτ1 − 2τ2U

4 − 2αδτ2U
3 + 10δτ2U

3 + 8δ2θτ1U
2 − 4δ2τ2U

2 + 32δ3θτ1U

− 16αδ4τ2 + 16δ4τ2 + 2θτ2U
4 − 10δθτ2U

3 + 12αδ2τ2U
2 − 8αδ3τ2U + 8δ3τ2U

+ 16αδ4θτ2 − 16δ4θτ2 + 2αδθτ2U
3 − 12αδ2θτ2U

2 + 4δ2θτ2U
2 + 8αδ3θτ2U − 8δ3θτ2U

)
πE
B(H,H) = π̈E

B(H,H) := − 1

(−4δ2 + U2 − 4δU)2
(
αU5 + α2δU4 − 8αδU4 + 9δU4 + 20αδ2U3

− 36δ2U3 − αθU5 − 8α2δ2U3 + 12α2δ3U2 − 16αδ3U2 − 36δ3U2 + 16α2δ4U − 32αδ4U

− α2δθU4 + 8αδθU4 − 21δθU4 + 8α2δ2θU3 − 40αδ2θU3 + 48δ2θU3

− 10δθU3P2ND − 20α2δ3θU2 + 48αδ3θU2 + 12δ3θU2 + 16αδ4θU

− (θ − 1)CHIE
(
−4δ2 + U2 − 4δU

)2
+ (θ − 1)P1ND

(
−4δ2 + U2 − 4δU

)2
+ 2θU4P2ND

+ 2αδθU3P2ND − 12αδ2θU2P2ND + 4δ2θU2P2ND + 8αδ3θUP2ND − 8δ3θUP2ND

− 16δ4τ1 + 16αδ4θP2ND − 16δ4θP2ND − τ1U
4 + 8δτ1U

3 − 8δ2τ1U
2 − 32δ3τ1U

+ 16δ4θτ1 + 2θτ2U
4 + θτ1 + U4 − 8δθτ1U

3 + 8δ2θτ1U
2 + 32δ3θτ1U

+ 2αδθτ2U
3 − 10δθτ2U

3 − 12αδ2θτ2U
2 + 4δ2θτ2U

2 − 8δ3θτ2U

+ 16αδ4θτ2 − 16δ4θτ2 + 8αδ3θτ2U
)
. (A.160)

Stage 4. We let P2NS = P1C and choose zero values for the free variables relevant

to the no patient switching scenario. Given the contract parameter values we have found,
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the patient does not switch for the second visit regardless of HIE adoption decision since

V P
ii ≤ V P

ij .

Stage 2. To induce HIE adoption, we need to choose some parameter values for the

free variables which can give the providers greater utility under HIE adoption. Given the

parameter values we have found, we solve the providers’ optimization problem for the scenario

where HIE is not adopted and the patient switches to the different provider.

In stage 5, we solve the following simultaneous equations.

∂πE
i(−i)(N,N)

∂ei(−i)

=
∂πE

i(−i)(N,N)

∂êi(−i)

= 0, ∀i ∈ {A,B} and (k, l) = (B,A), (A.161)

which gives the following results.

ei(−i) =
U

2δ
, êi(−i) =

U

2δ
. (A.162)

In Stage 3, we solve the following simultaneous equations

∂πE
i0(N,N)

∂ei0
=

∂πE
i0(N,N)

∂êi0
= 0, ∀i ∈ {A,B} and (k, l) = (B,A), (A.163)

which gives

ei0 = êi0 =
U(2δ + U)

4δ2
, ∀i ∈ {A,B} and (k, l) = (B,A). (A.164)

The corresponding providers’ utility then becomes

πE
A(H,H) = π̈E

A(H,H) :=
θ (8δ3τ1 + U2(2δ + U)2)

8δ3

+
2(θ − 1) (−2δ2 + U2 + 2δU) (2δτ2 + 2δP2ND + U2)

8δ3

πE
B(H,H) =

−4δθP2ND (−2δ2 + U2 + 2δU)− 3θU4 + U4 − 8δθU3 + 4δU3 + 4δ2U2

8δ3

+
−8δ3(θ − 1)τ1 + 8δ3θτ2 − 4δθτ2U

2 − 8δ2θτ2U

8δ3
(A.165)

158



Comparing π̈i(H,H) and π̈i(N,N) for ∀i gives

π̈E
A(N,N) <π̈E

A(H,H) if and only if

0 <
1

8δ3 (−4δ2 + U2 − 4δU)2
(
2U8 − 12δU7 − 20δ2U6 + 128δ3U5 + 224δ4U4

+ 160αδ5U3 − 160δ5U3 + 64α2δ6U2 − 256αδ6U2 + 128δ6U2 − 128α2δ7U

− 3θU8 + 16δθU7 + 40δ2θU6 − 8αδ3θU5 − 160δ3θU5 + 64αδ4θU4 − 472δ4θU4

− 8α2δ4θU4 + 64α2δ5θU3 − 320αδ5θU3 + 256δ5θU3 + 384αδ6θU2 + 96δ6θU2

− 8δ3θCHIE
(
−4δ2 + U2 − 4δU

)2 − 160α2δ6θU2 + 128αδ7θU + 128αδ7U

+ 4δ(θ − 1)P2ND

(
4δ2 − U2 + 4δU

) (
8αδ4 + U4 − 2δU3 − 18δ2U2 − 4(α− 1)δ3U

)
+ 4δτ2U

6 − 24δ2τ2U
5 − 56δ3τ2U

4 − 16αδ4τ2U
3 + 336δ4τ2U

3 + 224δ5τ2U
2

− 128αδ7τ2 − 4δθτ2U
6 + 24δ2θτ2U

5 ++96αδ5τ2U
2 − 64αδ6τ2U − 64δ6τ2U

+ 56δ3θτ2U
4 + 16αδ4θτ2U

3 − 336δ4θτ2U
3 − 96αδ5θτ2U

2 − 224δ5θτ2U
2

+ 128αδ7θτ2 + 64αδ6θτ2U + 64δ6θτ2U
)
,

π̈E
B(N,N) <π̈E

B(H,H) if and only if

0 <− 1

8δ3 (−4δ2 + U2 − 4δU)2
(
U8 − 4δU7 − 20δ2U6 + 8αδ3U5 + 32δ3U5 + 248δ4U4

+ 8α2δ4U4 − 64αδ4U4 − 64α2δ5U3 + 160αδ5U3 − 96δ5U3 − 128αδ6U2 − 224δ6U2

− 3θU8 + 16δθU7 + 40δ2θU6 − 160δ3θU5 ++96α2δ6U2 + 128α2δ7U − 256αδ7U

− 8αδ3θU5 − 8α2δ4θU4 + 64αδ4θU4 − 472δ4θU4 − 320αδ5θU3 + 256δ5θU3

+ 64α2δ5θU3 − 160α2δ6θU2 + 384αδ6θU2 + 96δ6θU2 + 128αδ7θU

− 8δ3(θ − 1)CHIE
(
−4δ2 + U2 − 4δU

)2
+ 4δθP2ND

(
4δ2 − U2 + 4δU

) (
8αδ4 + U4 − 2δU3 − 18δ2U2 − 4(α− 1)δ3U

)
− 4δθτ2U

6 + 24δ2θτ2U
5 + 56δ3θτ2U

4 + 16αδ4θτ2U
3 − 336δ4θτ2U

3

+ 128αδ7θτ2 − 96αδ5θτ2U
2 − 224δ5θτ2U

2 + 64αδ6θτ2U + 64δ6θτ2U
)
.
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Note that the RHSs of the above inequalities are increasing or decreasing in the same direction

with the change of P2ND. We let P̈2ND(H,H) be a value of P2ND such that the above

inequalities hold. We choose zero values for the free variables, P1ND and τE2 , and let τE1 =

τ̇E1 (H,H) where τ̇E1 (H,H) is a value such that

τ̇E1 (H,H) = max[τSA(H,H), τ
S
B(H,H)], (A.166)

where

π̈E
i (H,H)|τE1 =τSi (H,H) = ωi, ∀i ∈ {A,B}. (A.167)

Proof of Proposition 5:

(a)-(i): We breach the notation and write the optimal efforts under payment model

M ∈ {F,P,E} be given by eMij and êMij . We then observe that

Π(N,N)|eij=eEij(N,N)

eij=êEij(N,N)

=
U (4δ2 (t2 + 1)U − 8δ3(t+ 1)− 4δtU2 + U3)

8δ2(δ + 2U)
(A.168)

Π(N,N)|eij=eFij(N,N)

eij=êFij(N,N)

=
U (16δ2 (t2 + 1)U − 64δ3(t+ 1)− 8δtU2 + U3)

64δ2(δ + U)
(A.169)

Π(N,N)|eij=ePij(N,N)

eij=êPij(N,N)

=
U (4δ2 (t2 + 1)U − 8δ3(t+ 1)− 4δtU2 + U3)

8δ2(δ + 2U)
. (A.170)

Clearly, Π(N,N)|eij=eEij(N,N)

eij=êEij(N,N)

= Π(N,N)|eij=ePij(N,N)

eij=êPij(N,N)

.

Define

f(U) := Π(N,N)|eij=eEij(N,N)

eij=êEij(N,N)

− Π(N,N)|eij=eFij(N,N)

eij=êFij(N,N)

=
U2 (16δ3(t(t+ 4) + 5) + δ(7− 16t)U2 − 24δ2tU + 6U3)

64δ2(δ + U)(δ + 2U)
. (A.171)

We observe that f(U) > 0 since −16δtU4 − 24δ2tU3 < 64δ3tU2 + 80δ3U2 under the

regularity condition.
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(a)-(ii): Observe that

Σ(N,N)|eij=eEij(N,N)

eij=êEij(N,N)

=
(2δ2 − 2δtU + U2) (−2δ2(t+ 1)− 2δ(t− 1)U + 3U2)

4δ2(δ + 2U)2
+ 1 (A.172)

Σ(N,N)|eij=eFij(N,N)

eij=êFij(N,N)

=
8δ2 (2t2 − 3t+ 10)U2 + 32δ3 (t2 + 5)U − 64δ4t+ 4δ(1− 4t)U3 + 3U4

64δ2(δ + U)2

(A.173)

Σ(N,N)|eij=ePij(N,N)

eij=êPij(N,N)

=
(2δ2 − 2δtU + U2) (−2δ2(t+ 1)− 2δ(t− 1)U + 3U2)

4δ2(δ + 2U)2
+ 1 (A.174)

Clearly, Σ(N,N)|eij=eEij(N,N)

eij=êEij(N,N)

= Σ(N,N)|eij=ePij(N,N)

eij=êPij(N,N)

.

Define

g(U) := Σ(N,N)|eij=eEij(N,N)

eij=êEij(N,N)

− Σ(N,N)|eij=eFij(N,N)

eij=êFij(N,N)

=
U (32δ5(t(t+ 4) + 5) + 4δ(25− 16t)U4 + 3δ2(31− 64t)U3)

64δ2(δ + U)2(δ + 2U)2

+
U (4δ3(7− 52t)U2 + 24δ4(t(2t+ 5) + 10)U + 36U5)

64δ2(δ + U)2(δ + 2U)2
. (A.175)

We observe that g(U) > 0 since −64δtU5 − 192δ2tU4 − 208δ3tU3 < 93δ2U4 +120δ4tU2 +

+240δ4U2 + 160δ5U under the regularity condition.

(a)-(iii): Observe that

Ω(N,N)|eij=eEij(N,N)

eij=êEij(N,N)

=
U (4δ2 − 2δ(t− 2)U + U2)

8δ2(δ + 2U)
, (A.176)

Ω(N,N)|eij=eFij(N,N)

eij=êFij(N,N)

=
U

2δ
, (A.177)

Ω(N,N)|eij=ePij(N,N)

eij=êPij(N,N)

=
U (4δ2 − 2δ(t− 2)U + U2)

8δ2(δ + 2U)
. (A.178)

Clearly, Ω(N,N)|eij=eEij(N,N)

eij=êEij(N,N)

= Ω(N,N)|eij=ePij(N,N)

eij=êPij(N,N)

.

Define

h(U) := Ω(N,N)|eij=eEij(N,N)

eij=êEij(N,N)

− Ω(N,N)|eij=eFij(N,N)

eij=êFij(N,N)

= −U2(U − 2δ(t+ 2))

8δ2(δ + 2U)
.
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We observe that h(U) > 0 since U < δ and 2δ(t+2) > U under the regularity condition.

(b)-(i): Observe that

Π(N,N)|eij=eEij(N,N)

eij=êEij(N,N)

=
U (−8δ3 + U3 − 4δU2 + 8δ2U)

8δ3
, (A.179)

Π(N,N)|eij=eFij(N,N)

eij=êFij(N,N)

=
−2U3 + 2U2

(
3δ +

√
4δ2 + U2 − 2δU

)
− δU

(
15δ + 4

√
4δ2 + U2 − 2δU

)
27δ2

+
8δ2
(√

4δ2 + U2 − 2δU − 2δ
)

27δ2
, (A.180)

Π(N,N)|eij=ePij(N,N)

eij=êPij(N,N)

=
−8U3 + 4U2

(
3δ + 2

√
δ2 + U2 − δU

)
− δU

(
15δ + 8

√
δ2 + U2 − δU

)
27δ2

+
8δ2
(√

δ2 + U2 − δU − δ
)

27δ2
. (A.181)

Comparing Π(N,N)|eij=ePij(N,N)

eij=êPij(N,N)

and Π(N,N)|eij=eFij(N,N)

eij=êFij(N,N)

gives

Π(N,N)|eij=eFij(N,N)

eij=êFij(N,N)

− Π(N,N)|eij=ePij(N,N)

eij=êPij(N,N)

=
1

27δ3
(8δ3 − 6U3 + 6δU2

+ 8U2
√
δ2 + U2 − δU − 2U2

√
4δ2 + U2 − 2δU − 8δU

√
δ2 + U2 − δU + 8δ2

√
δ2 + U2 − δU

+ 4δU
√
4δ2 + U2 − 2δU − 8δ2

√
4δ2 + U2 − 2δU. (A.182)

The RHS of the above equation is negative since 6δU2−6U3 > 0 and 8δ3+8δ2
√
δ2 + U2 − δU−

8δ2
√
4δ2 + U2 − 2δU − 8δU

√
δ2 + U2 − δU + 4δU

√
4δ2 + U2 − 2δU + 8U2

√
δ2 + U2 − δU −

2U2
√
4δ2 + U2 − 2δU > 0 hold under the regularity condition.

Comparing Π(N,N)|eij=eFij(N,N)

eij=êFij(N,N)

and Π(N,N)|eij=ePij(N,N)

eij=êPij(N,N)

gives

Π(N,N)|eij=eEij(N,N)

eij=êEij(N,N)

− Π(N,N)|eij=ePij(N,N)

eij=êPij(N,N)

=
1

216δ3
(27U4 − 44δU3 + 120δ2U2 − 96δ3U

+ 64δ4 + 64δ2U
√
δ2 + U2 − δU − 64δU2

√
δ2 + U2 − δU − 64δ3

√
δ2 + U2 − δU).

(A.183)
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The RHS of the above equation is positive under the regularity condition.

(b)-(ii): Observe that

Σ(N,N)|eij=eEij(N,N)

eij=êEij(N,N)

=
U (4δ2 + U2 − 2δU)

8δ3
, (A.184)

Σ(N,N)|eij=eFij(N,N)

eij=êFij(N,N)

=
2δ −

√
4δ2 + U2 − 2δU + U

3δ
, (A.185)

Σ(N,N)|eij=ePij(N,N)

eij=êPij(N,N)

=

(
δ −

√
δ2 + U2 − δU + U

) (
2δ +

√
δ2 + U2 − δU − U

)
9δ2

. (A.186)

Algebraic manipulation of Σ(N,N)|eij=eEij(N,N)

,eij=êEij(N,N)

, Σ(N,N)|eij=eFij(N,N)

,eij=êFij(N,N)

, and Σ(N,N)|eij=ePij(N,N)

,eij=êPij(N,N)

provides the result.

(b)-(iii): Observe that

Ω(N,N)|eij=eEij(N,N)

eij=êEij(N,N)

=
U (4δ2 + U2 − 2δU)

8δ3
, (A.187)

Ω(N,N)|eij=eFij(N,N)

eij=êFij(N,N)

=
2δ −

√
4δ2 + U2 − 2δU + U

3δ
, (A.188)

Ω(N,N)|eij=ePij(N,N)

eij=êPij(N,N)

=

(
δ −

√
δ2 + U2 − δU + U

) (
2δ +

√
δ2 + U2 − δU − U

)
9δ2

. (A.189)

Algebraic manipulation of Ω(N,N)|eij=eEij(N,N)

,eij=êEij(N,N)

, Ω(N,N)|eij=eFij(N,N)

,eij=êFij(N,N)

, and Ω(N,N)|eij=ePij(N,N)

,eij=êPij(N,N)

provides the result.

Proof of Proposition 6:

(i): Under no patient switching regardless of HIE adoption, the value of HIE under the

different payment models is given as

V E = V P = −2CHIE(δ + 2U) + αU(U − 2δ(−α + t+ 2))

2(δ + 2U)

V F = −4CHIE(δ + U) + αU(U − 4δ(−α + t+ 2))

4(δ + U)
(A.190)
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Taking the partial derivatives, we obtain

∂V E

∂U
= −α (δ2(α− t− 2) + U2 + δU)

(δ + 2U)2

∂V F

∂U
= −α (−4δ2(−α + t+ 2) + U2 + 2δU)

4(δ + U)2
, (A.191)

∂V E

∂U
> 0 and ∂V F

∂U
> 0 hold if and only if the following conditions respectively hold:

t > t(1) := α +
U2

δ2
+

U

δ
− 2, (A.192)

t > t(2) := α +
−8δ2 + U2 + 2δU

4δ2
. (A.193)

However, t(1) and t(2) are negative under the regularity condition.

(ii): Let us define the difference of value of HIE under FFS and EBP as

V D := V F − V E =
αδU2(−4α + 4t+ 9)

4(δ + U)(δ + 2U)
. (A.194)

Obviously, V D > 0 since (9− 4α) > 0.
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A.2 Numerical Comparison of Payment Models

We use CHIE = 95, δ = 1, 000, θ = 0.6, α = 0.3 in the all numerical analysis.

Total Healthcare Cost

(a) t = 0, t < tHH (b) t = 0.2, tHH < t < tNN

(c) t = 0.35, tNN < t

Figure A.1. Comparison of the total healthcare cost across different payment models.
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Quality of Care

(a) t = 0, t < tHH (b) t = 0.2, tHH < t < tNN

(c) t = 0.35, tNN < t

Figure A.2. Comparison of the care quality across different payment models.
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Observable Effort

(a) t = 0, t < tHH (b) t = 0.2, tHH < t < tNN

(c) t = 0.35, tNN < t

Figure A.3. Comparison of the expected observable effort across different payment models.

When ObservableEffort(FFS) > ObservableEffort(EBP ) > ObservableEffort(P4P )

does not hold as seen for moderate values of U in Figure 6(b), the patient’s switching

behavior differs across payment models. For instance, when the cost of observable effort is

not the highest under the FFS, the patient switches to the different provider for the second

visit under FFS while the patient returns to the same provider for the second visit under

P4P or EBP.
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Total Payment

(a) t = 0, t < tHH (b) t = 0.2, tHH < t < tNN

(c) t = 0.35, tNN < t

Figure A.4. Comparison of the total payment across different payment models.

168



APPENDIX B

SUPPLEMENTAL MATERIAL FOR CHAPTER 3

B.1 Additional Figures and Tables of Second Essay

Table B.1. Summary of notations
Notation Definition Comments
λ Probability that the patient is unhealthy λ ∈ (0, 1)
sr The signal about the patient’s health sr ∈ {H,L}

from the risk information
st The signal about the patient’s health st ∈ {H,L}

from the test information
ru Sensitivity of the risk information ru ∈ (0, 1)
tu Sensitivity of the test information tu ∈ (0, 1)
1− rh Specificity of the risk information 1− rh ∈ (0, 1)
1− th Specificity of the test information 1− th ∈ (0, 1)
v Base utility of the patient from a true-negative

assessment
µ Treatment effect from a true-positive assessment µ ∈ (0, 1)
ct Cost of taking the test ct > 0
u Physician’s base benefit from providing health service ct > u > 0
cFP Over-treatment cost from a false-positive assessment cFP > 0
d Cost of a false-negative assessment d > 0
l Base litigation cost to the physician l > 0
k Compensation to the patient from the physician if k > 0

the patient wins the lawsuit
f(θsr , ϕsrst) Probability of the patient winning the lawsuit f(θsr , ϕsrst) ∈ (0, 1)
α Relative weight of the patient’s utility in the α ∈ (0, 1)

physician utility
θsr Screening policy θsr ∈ [0, 1]
ϕsrst Follow-up policy ϕsrst ∈ [0, 1]
ηsrst Physician’s recommendation to the patient ηsrst ∈ [0, 1]
U i Utility of physician (i = PH), patient (i = PA),

or social planner (i = SP )
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Figure B.1. Patient pathways under the litigation scenario

Notes. SP: social planner, PH: physician, PA: patient. Under no-litigation scenario, the
screened patient who was recommended a follow-up will incur the false-negative outcome.

Figure B.2. Improvement of social welfare with the underprovisioning policy
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B.2 Proofs for the Results

Patient’s expected utility is given by

E[UPA] = λruθH [tuηHHdµ+ (1− tu)ηHLdµ− d− ct] + λru(1− θH)(−d)

+ λ(1− ru)θL[tuηLHdµ+ (1− tu)ηLLdµ− d− ct] + λ(1− ru)(1− θL)(−d)

+ (1− λ)rhθH [thηHH(−cFP ) + (1− th)ηHL(−cFP )− ct]

+ (1− λ)(1− rh)θL[thηLH(−cFP ) + (1− th)ηLL(−cFP )− ct]

+ λruθHtu(1− ηHH)[f(θH , ϕHH)]k + λruθH(1− tu)(1− ηHL)[f(θH , ϕHL)]k

+ λ(1− ru)θLtu(1− ηLH)[f(θL, ϕLH)]k. (B.1)

The first (second) line of the above expression represents the expected utility when the

patient is unhealthy and the risk signal is high (low). Similarly, the third (fourth) line of

the above expression represents the expected utility when the patient is healthy and the

risk signal is high (low). The remaining represents the patient’s expected utility from the

litigation.
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Regarding the physician’s utility, we breach the notation and simplify the expression,

E[UPH(ηsrst |sr, st, θsr , ϕsrst)], as E[UPH |sr, st]. The respective utilities are given by

E[UPH |H,H] =u(1− α) + [ηHH((1− Pr[i = u|H,H])(−cFP )− Pr[i = u|H,H]d(1− µ))

+ (1− ηHH)Pr[i = u|H,H](−d+ kf(θH , ϕHH))]α

+ (1− ηHH)Pr[i = u|H,H][−l − k(1− f(θH , ϕHH))](1− α), (B.2)

E[UPH |L,H] =u(1− α) + [ηLH((1− Pr[i = u|L,H])(−cFP )− Pr[i = u|L,H]d(1− µ))

+ (1− ηLH)Pr[i = u|L,H](−d+ kf(θL, ϕLH))]α

+ (1− ηLH)Pr[i = u|L,H][−l − k(1− f(θL, ϕLH))](1− α), (B.3)

E[UPH |H,L] =u(1− α) + [ηHL((1− Pr[i = u|H,L])(−cFP )− Pr[i = u|H,L]d(1− µ))

+ (1− ηHL)(Pr[i = u|H,L](−d+ kf(θH , ϕHL))]α

+ (1− ηHL)Pr[i = u|H,L][−l − k(1− f(θL, ϕHL))](1− α), (B.4)

E[UPH |L,L] =u(1− α) + [ηLL((1− Pr[i = u|L,L])(−cFP )− Pr[i = u|L,L]d(1− µ))

+ (1− ηLL)(Pr[i = u|L,L](−d+ kf(θL, ϕLL))]α. (B.5)

where Pr[i = u|sr, st] ∀sr, st ∈ {H,L} are the physician’s posterior probabilities defined as

Pr[i = u|H,H] =
λrutu

(1− λ)rhth + λrutu
, (B.6)

Pr[i = u|L,H] =
λ (1− ru) tu

(1− λ) (1− rh) th + λ (1− ru) tu
, (B.7)

Pr[i = u|H,L] =
λru (1− tu)

(1− λ)rh (1− th) + λru (1− tu)
, (B.8)

Pr[i = u|L,L] = λ (1− ru) (1− tu)

(1− λ) (1− rh) (1− th) + λ (1− ru) (1− tu)
. (B.9)
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The social planner’s expected utility is given by

E[USP ] = λruθH [tuηHHdµ+ (1− tu)ηHLdµ+ u− d− ct] + λru(1− θH)(−d)

+ λ(1− ru)θL[tuηLHdµ+ (1− tu)ηLLdµ+ u− d− ct] + λ(1− ru)(1− θL)(−d)

+ (1− λ)rhθH [thηHH(−cFP ) + (1− th)ηHL(−cFP ) + u− ct]

+ (1− λ)(1− rh)θL[thηLH(−cFP ) + (1− th)ηLL(−cFP ) + u− ct]

− λruθHtu(1− ηHH)l − λruθH(1− tu)(1− ηHL)l − λ(1− ru)θLtu(1− ηLH)l.

(B.10)

The interpretation of the expected social welfare is similar to that of the patient’s expected

utility. Note that, if litigation is not a concern, the patient’s expected utility, the physician’s

expected utility, and the expected social welfare are similarly defined by letting l = 0 and

k = 0.

Proof of Lemma 3.

Observe that the expected social welfare is a linear function in ηsrst for ∀sr, st ∈ {H,L}.

This implies that the social planner sets ηsrst = 1 if

∂USP

∂ηsrst
≥ 0, ∀sr, st ∈ {H,L}, (B.11)

which can be reduced to

µ ≥ (1− λ)rhthcFP

λrutud
:= THH for sr = H and st = H, (B.12)

µ ≥ (1− λ) (1− rh) thcFP

λ (1− ru) tud
:= TLH for sr = L and st = H, (B.13)

µ ≥ (1− λ)rh (1− th) cFP

λru (1− tu) d
:= THL for sr = H and st = L, (B.14)

µ ≥ (1− λ) (1− rh) (1− th) cFP

λ (1− ru) (1− tu) d
:= TLL for sr = L and st = L. (B.15)

Otherwise, the social planner sets ηsrst = 0.
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Recall that ru > rh, tu > th, tu > ru, and th < rh. This implies

rhth
rutu

<
(1− rh)th
(1− ru)tu

<
rh(1− th)

ru(1− tu)
<

(1− rh)(1− th)

(1− ru)(1− tu)
. (B.16)

It follows that THH < TLH < THL < TLL.

Proof of Proposition 7.

Observe that the expected social welfare is a linear function in θsr for ∀sr ∈ {H,L}.

1. For µ ≤ THH , ηsrst = 0,∀sr, st ∈ {H,L} by Lemma 3. Define USP :=

USP |ηHH=ηLH=ηHL=ηLL=0. The social planner sets θsr = 1 if

∂USP

∂θsr
≥ 0 → ct ≤ u := SH

0 = SL
0 , ∀sr ∈ {H,L}. (B.17)

However, this fails to hold by definition, ct > u (i.e., the physician payment is a fraction

of the testing cost), which implies θsr = 0 for ∀sr ∈ {H,L}.

2. For THH ≤ µ ≤ TLH , ηHH = 1 and ηLH = ηHL = ηLL = 0 by Lemma 3 and . Define

USP:= USP |ηHH=1,ηLH=ηHL=ηLL=0. For sr = H, the social planner sets θH = 1 if

∂USP

∂θH
≥0 → ct ≤ u− (1− λ)rhthcFP

(1− λ)rh + λru
+

λrutuµd

λru + (1− λ)rh
:= SH

1 (B.18)

The social planner sets θH = 0 if ct ≥ SH
1 . For sr = L, the result from part (1) remains

to hold.

3. For TLH ≤ µ ≤ THL, ηHH = ηLH = 1 and ηHL = ηLL = 0 by Lemma 3. Define

USP:= USP |ηHH=ηLH=1,ηHL=ηLL=0. For sr = H, the result from part (2) remains to

hold. For sr = L, the social planner sets θL = 1 if

∂USP

∂θL
≥0 → ct ≤ u− (1− λ) (1− rh) thcFP

(1− λ)(1− rh) + λ(1− ru)
+

λ (1− ru) tuµd

(1− λ)(1− rh) + λ(1− ru)
:= SL

1

(B.19)

The social planner sets θL = 0 if ct ≥ SL
1 .
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4. For THL ≤ µ ≤ TLL, ηHH = ηLH = ηHL = 1 and ηLL = 0 by Lemma 3 and . Define

USP:= USP |ηHH=ηLH=ηHL=1,ηLL=0. For sr = H, the social planner sets θH = 1 if

∂USP

∂θH
=0 → ct = u− (1− λ)rhcFP

(1− λ)rh + λru
+

λruµd

λru + (1− λ)rh
:= SH

2 (B.20)

The social planner sets θH = 0 if ct ≥ SH
2 . For sr = L, the result from part (3) remains

to hold.

5. For TLL ≤ µ, ηsrst = 1,∀sr, st ∈ {H,L} by Lemma 3. Define USP :=

USP |ηHH=ηLH=ηHL=ηLL=1. For sr = H, the result from part (4) remains to hold. For

sr = L, the social planner sets θL = 1 if

∂USP

∂θL∂ct
=0 → ct = u− (1− λ) (1− rh) thcFP

(1− λ)(1− rh) + λ(1− ru)
+

λ (1− ru) tuµd

(1− λ)(1− rh) + λ(1− ru)
:= SL

2

(B.21)

The social planner sets θL = 0 if ct ≥ SL
2 .

Proof of Proposition 8.

We compute the physician’s expected utilities E[UPH |sr, st] under the no litigation case as

follows.

E[UPH |H,H] =u(1− α) + [ηHH((1− Pr[i = u|H,H])(−cFP )− Pr[i = u|H,H]d(1− µ))

+ (1− ηHH)Pr[i = u|H,H](−d)]α, (B.22)

E[UPH |L,H] =u(1− α) + [ηLH((1− Pr[i = u|L,H])(−cFP )− Pr[i = u|L,H]d(1− µ))

+ (1− ηLH)Pr[i = u|L,H](−d)]α, (B.23)

E[UPH |H,L] =u(1− α) + [ηHL((1− Pr[i = u|H,L])(−cFP )− Pr[i = u|H,L]d(1− µ))

+ (1− ηHL)(Pr[i = u|H,L](−d)]α, (B.24)

E[UPH |L,L] =u(1− α) + [ηLL((1− Pr[i = u|L,L])(−cFP )− Pr[i = u|L,L]d(1− µ))

+ (1− ηLL)(Pr[i = u|L,L](−d)]α. (B.25)
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Note that each of the physician’s expected utility is linear in ηsrst for ∀srst ∈ {H,L}.

Thus, the physicians sets ηsrst = 1 if

∂E[UPH |sr, st]
∂ηsrst

≥ 0,∀sr, st ∈ {H,L}, (B.26)

The physician sets ηsrst = 0 if

∂E[UPH |sr, st]
∂ηsrst

< 0,∀sr, st ∈ {H,L}. (B.27)

These results give the same thresholds T srst ∀sr, st{H,L} as defined in (B.12)−(B.15), which

implies that the social planner’s decision in Stage 1 would be equivalent to the first-best.

Proof of Proposition 9.

In Stage 2, when the physician cannot infer the risk information, the posterior probabilities

are given as

Pr[i = u|st = H, θH , θL] =
λtu (ru (θH − θL) + θL)

(1− λ)rhth (θH − θL) + θL ((1− λ)th + λtu) + λrutu (θH − θL)
,

(B.28)

Pr[i = u|st = L, θH , θL] =

λ (1− tu) (ru (θH − θL) + θL)

(1− λ)rh (1− th) (θH − θL) + θL (1− (1− λ)th − λtu) + λru (1− tu) (θH − θL)
. (B.29)

We then define the physician’s expected utilities E[UPH |st] as below.

E[UPH |H] =u(1− α) + [η•H((1− Pr[i = u|H, θH , θL])(−cFP )− Pr[i = u|H, θH , θL]

d(1− µ)) + (1− η•H)(Pr[i = u|H, θH , θL])(−d+ kf(ϕ•H))]α

+ [(1− η•H)(Pr[i = u|H, θH , θL])(−l − kf(ϕ•H))](1− α), (B.30)

E[UPH |L] =u(1− α) + [η•L((1− Pr[i = u|L, θH , θL])(−cFP )− Pr[i = u|L, θH , θL]d(1− µ)

+ (1− η•L)(Pr[i = u|L, θH , θL])(−d))]α. (B.31)
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The physician provides a recommendation if and only if

∂E[UPH |st]
∂η•st

≥ 0,∀st ∈ {H,L}. (B.32)

Observe that if θH ≥ θL. then condition (B.32) gives the following thresholds.

λtu ((2α− 1)kf(ϕ•H) + (α− 1)l) (ru (θH − θL) + θL)− α(λ− 1)th (rh (θH − θL) + θL) cFP

αdλtu (ru (θH − θL) + θL)

:= TH , (B.33)

(1− λ) (1− th) (rh (θH − θL) + θL) cFP

λ (1− tu) (ru (θH − θL) + θL) d
:= TL. (B.34)

We notice that

THH ≤TH ≤ TLH , THL ≤ TL ≤ TLL. (B.35)

We also notice that

∂T sr

∂θH
<0,

∂T sr

∂θL
> 0 ∀sr ∈ {H,L}. (B.36)

If µ ≥ T st , the physician sets η•st = 1 ∀st ∈ {H,L}. If µ ≤ T st , the physician sets η•st = 0

∀st ∈ {H,L}.

In Stage 1, we derive the social planner’s optimal decision under different conditions

on the parameter values. The social planner can choose “no screening” (θH = 0, θL = 0),

“indirect sharing” (θH > 0, θL = 0 or θH = 0, θL > 0), or “no sharing” (θH > 0, θL > 0),

where“indirect sharing” refers to the case where the risk information is not shared with the

physician but the physician can infer the risk information given his available information.

Suppose that indirect sharing is chosen at equilibrium, which implies (θH > 0, θL = 0) or

(θH = 0, θL > 0). The latter cannot be chosen since ct > SL
1 by Assumption 1.

Let θH = 1 and θL = 1. Then, we have TH |θH=1,θL=0 ≤ THH and TL|θH=1,θL=0 = THL.

The physician’s decision under this no information sharing scenario is consistent with the

physician’s decision under the first-best scenario. Therefore, the social planner can induce
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the first-best by choosing θH = 1 and θL = 1. Obviously, “indirect sharing” and “no sharing”

are dominated. Therefore, we obtain the same results as in Proposition 7.

Proof of Lemma 4.

The physician sets ηsrst = 1 for (srst) ∈ {(HH), (LH), (HL)} if

∂E[UPH |sr, st]
∂ηsrst

≥ 0 → µ ≥ T̃ srst , ∀(srst) ∈ {(HH), (LH), (HL)}. (B.37)

The physician sets ηsrst = 0 if µ < T̃ srst , ∀(srst) ∈ {(HH), (LH), (HL)}. Note that the

threshold for (srst) = (LL) is the same as TLL since no litigation occurs for (srst) = (LL),

and hence ηLL = 0 by Assumption 1. Also notice that T̃HH < THH , which implies ηHH =

1.

Proof of Proposition 10.

We derive the equilibrium under different conditions on the parameters, µ and ct. Notice

that the expected social welfare is linear in θsr for ∀sr ∈ {H,L}.

1. sr = L

In Stage 2, the physician sets (ηLH = 1, ηLL = 0) if µ ≥ T̃LH and sets (ηLH = 0, ηLL =

0) if µ ≤ T̃LH by Lemma 4. Let us define USP as the social planner’s utility USP

evaluated at (ηLH = ηLL = 0) or (ηLH = 1, ηLL = 0). In Stage 1, the social planner

screens the patient if and only if

∂USP

∂θL
≥ 0. (B.38)

But, this condition always fails to hold, which implies θL = 0 and no-follow-up guideline

(ϕLH and ϕLL do not exist).

2. sr = H

In Stage 2, the physician sets (ηHH = 1, ηHL = 1) if µ ≥ T̃HL and sets (ηHH = 1, ηHL =
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0) if µ < T̃HL by Lemma 4. Let us define

T̃1 := T̃HL(θH , ϕHL)|θH=1,ϕHL=1 = THL − (1− 2α)k(aHL + bHL) + (1− α)l

αd
,

T̃2 := T̃HL(θH , ϕHL)|θH=1,ϕHL=0 = THL − (1− 2α)k(aHL) + (1− α)l

αd
,

T̃3 := T̃HL(θH , ϕHL)|θH=0,ϕHL=0 = THL − (1− α)l

αd
, S̃H

1 = SH
1 − λru (1− tu)

λru + (1− λ)rh
l.

(B.39)

Observe that T̃HL is monotonically decreasing in θH and ϕHL.

(i) Suppose first µ ≤ T̃1. In Stage 2, the physician chooses ηHH = 1 and ηHL = 0 by

Lemma 4. In Stage 1, the social planner screens the patient by setting θH = 1 if

and only if

∂USP

∂θH
≥ 0. (B.40)

or

ct ≤ − (1− λ)rhthcFP

(1− λ)rh + λru
+

λrutuµd

λru + (1− λ)rh
− λru (1− tu) l

λru + (1− λ)rh
+ u = S̃H

1 . (B.41)

When (B.40) holds, we notice that ϕHH and ϕHL can be any value between 0 to

1 since they do not affect the physician’s decision (i.e., µ ≤ T̃HL for any ϕHH and

ϕHL) and the social welfare. But, we choose the first-best follow-up guidelines

(ϕHH = 1 and ϕHL = 0) to break the tie. When (B.40) fails to hold (i.e., ct ≥ S̃H
1 ),

θH = 0 and no-follow-up guideline exist (i.e., ϕHH and ϕHL do not exist).

(ii) Now suppose T̃1 ≤ µ ≤ T̃2. In Stage 1, the social planner can induce (ηHH , ηHL)

such that (ηHH , ηHL) = (1, 0) or (1, 1) by choosing guidelines (θH , θHH , ϕHL) as

in Lemma 4.

Case 1: Let us first assume that (ηHH , ηHL) = (1, 0) is induced (i.e., µ ≤ T̃HL) in Stage 2

at equilibrium. Define USP:= USP |ηHH=1,ηHL=0. Observe that

∂USP

∂θH
≥0 if and only if ct ≤ S̃H

1 . (B.42)
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If ct ≤ S̃H
1 , the social planner sets θH as high as possible while inducing (1, 0)

in Stage 2. Since ϕHst has no impact on the social welfare as long as µ ≤ T̃HL

holds, setting θH = 1, ϕHH = 1, and ϕHL = 0 maximizes the social welfare. We

notice that any ϕHH ∈ [0, 1] can be optimal, but we choose one that is consistent

with the first-best to break the tie. We also notice that any ϕHL ∈ [0, ϕ] where ϕ

is such that µ = T̃HL(θH = 1, ϕHL = ϕ) can be optimal, but we choose one that

is rigid to break the tie.

If ct ≥ S̃H
1 , then θH = 0 is optimal and no follow-up guideline exists (i.e., ϕHH

and ϕHL do not exist).

Case 2: Next, let us assume that (ηHH , ηHL) = (1, 1) (i.e., T̃HL ≤ µ) is induced in Stage

2 at equilibrium. Observe that

∂USP

∂θH
≥0 if and only if ct ≤ SH

2 . (B.43)

If ct ≤ SH
2 , the social planner sets θH as high as possible while inducing (1, 1)

in Stage 2. Since ϕHst has no impact on the social welfare as long as T̃HL ≤ µ

holds, setting θH = 1, ϕHH = 1, and ϕHL = 1 maximizes the social welfare. We

notice that any ϕHH ∈ [0, 1] can be optimal, but we choose one that is consistent

with the first-best to break the tie. We also notice that any ϕHL ∈ [ϕ, 1] where ϕ

is such that µ = T̃HL(θH = 1, ϕHL = ϕ) can be optimal, but we choose one that

is rigid to break the tie.

If ct ≥ SH
2 , then θH = 0 is optimal and no follow-up guideline exists (i.e., ϕHH

and ϕHL do not exist).

In summary, if ct ≥ S̃H
1 and ct ≤ SH

2 , then (θH = 1, ϕHH = 1, ϕHL = 1) is optimal

at equilibrium. If ct ≤ S̃H
1 and ct ≥ SH

2 , then (θH = 1, ϕHH = 1, ϕHL = 0) is

optimal at equilibrium. If ct ≤ SH
2 and ct ≤ S̃H

1 , the social planner compares the
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utilities under the two choices. The social planner chooses (1, 1, 0) if and only if

USP |θH=1,ϕHH=1,ϕHL=0
ηHH=1,ηHL=0

≥ USP |θH=1,ϕHH=1,ϕHL=1
ηHH=1,ηHL=1

. (B.44)

This is reduced to

µ ≤ (1− λ)rh (1− th) cFP

dλru (1− tu)
− l

d
(B.45)

But, this always holds since

T̃2 <
(1− λ)rh (1− th) cFP

dλru (1− tu)
− l

d
. (B.46)

Thus, if ct ≤ SH
2 and ct ≤ S̃H

1 , then (θH = 1, ϕHH = 1, ϕHL = 0) is optimal in

Stage 1 at equilibrium.

(iii) Next, suppose T̃2 ≤ µ ≤ T̃3. In Stage 1, the social planner can induce (ηHH , ηHL)

such that (ηHH , ηHL) = (1, 0) or (1, 1) by choosing guidelines (θH , ϕHH , ϕHL) by

Lemma 4.

Case 1: Let us first assume that (ηHH , ηHL) = (1, 0) (i.e., µ ≤ T̃HL) is induced in Stage 2

at equilibrium. Define USP:= USP |ηHH=1,ηHL=0. Observe that

∂USP

∂θH
≥0 if and only if ct ≤ S̃H

1 . (B.47)

If ct ≤ S̃H
1 , the social planner sets θH as high as possible while inducing (1, 0) in

Stage 2. Note that ϕHst has no impact on the social welfare as long as µ ≤ T̃HL

holds. Let us define θi such that

µ = T̃ |θH=θi,
ϕHL=0

. (B.48)

Thus, the social planner chooses (θH = θi,ϕHH = 1,ϕHL = 0) to maximize the

social welfare if ct ≤ S̃H
1 . We notice that any ϕHH ∈ [0, 1] can be optimal, but

we choose one that is consistent with the first-best to break the tie.

If ct ≥ S̃H
1 , then θH = 0 is optimal and no follow-up guideline exists (i.e., ϕHH

and ϕHL do not exist).
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Case 2: Next, let us assume that (ηHH , ηHL) = (1, 1) (i.e., T̃HL ≤ µ) is induced in Stage

2 at equilibrium. Observe that

∂USP

∂θH
≥0 if and only if ct ≤ SH

2 . (B.49)

If ct ≤ SH
2 , the social planner sets θH as high as possible while inducing (1, 1)

in Stage 2. Since ϕsrst has no impact on the social welfare as long as T̃HL ≤ µ

holds, setting θH = 1, ϕHH = 1 and ϕHL = 0 maximizes the social welfare. We

notice that any ϕHst ∈ [0, 1] for ∀st ∈ {H,L} can be optimal, but we choose one

that is consistent with the first-best to break the tie.

If ct ≥ SH
2 , then θH = 0 is optimal and no follow-up guideline exists (i.e., ϕHH

and ϕHL do not exist).

In summary, if ct ≥ S̃H
1 and ct ≤ SH

2 , then (θH = 1, ϕHH = 1, ϕHL = 0) is optimal

at equilibrium. If ct ≤ S̃H
1 and ct ≥ SH

2 , then (θH = θi, ϕHH = 1, ϕHL = 0) is

optimal at equilibrium. If ct ≤ SH
2 and ct ≤ S̃H

1 hold, the social planner compares

the utilities under the two choices. The social planner chooses (θi, 1, 0) if and only

if

USP |θH=θi,ϕHH=1,ϕHL=0
ηHH=1,ηHL=0

≥ USP |θH=1,ϕHH=1,ϕHL=0
ηHH=1,ηHL=1

. (B.50)

This is reduced to

θi ≥
(1− λ)rhcFP + ((1− λ)rh + λru) ct − λrudµ− (λru + (1− λ)rh)u

(1− λ)rhthcFP + ((1− λ)rh + λru) ct + λrutudµ− (λru + (1− λ)rh)u+ λru (1− tu) l

:= θ̄i. (B.51)

(iv) Finally, suppose T̃3 ≤ µ. In Stage 2, the physician always provides a follow-up

(i.e., ηHH = 1 and ηHL = 1) by Lemma 4. Therefore, the social planner sets

θH = 1 if and only if

ct ≤ SH
2 . (B.52)
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Therefore, if ct ≤ SH
2 , then (θH = 1, ϕHH = 1, ϕHL = 0) is optimal at equilibrium.

If ct > SH
2 , then (θH = 0,–,–) is optimal in Stage 1 at equilibrium.

Proof of Proposition 11.

The results can be obtained by taking partial derivatives of θi with respect to ru, rh, tu, and

tu. Observe that

∂θi
∂ru

=− α(1− λ)rh (1− th) cFP

(1− 2α)kλaHLr2u (1− tu)
< 0, (B.53)

∂θi
∂rh

=
α(1− λ) (1− th) cFP

(1− 2α)kλaHLru (1− tu)
> 0, (B.54)

∂θi
∂tu

=
α(1− λ)rh (1− th) cFP

(1− 2α)kλaHLru (1− tu) 2
> 0, (B.55)

∂θi
∂th

=− α(1− λ)cFPrh
(1− 2α)kλaHLru (1− tu)

< 0, (B.56)

which gives the results.

Proof of Proposition 12.

Part (1) can be obtained by taking partial derivatives of T̃HL(θH,ϕHL
) with respect to α.

Part (2) can be obtained by taking partial derivatives of θi with respect to α. Observe that

∂T̃HL

∂α
=
kfHL + l

α2d
, (B.57)

∂θi
∂α

=− (1− λ)rh (1− th) cFP − λru (1− tu) (dµ+ l)

(1− 2α)2kλaHLru (1− tu)
. (B.58)

∂T̃HL

∂α
is trivially positive by definition. ∂θi

∂α
is positive if and only if

µ <
(1− λ)cFPrh (1− th)

dλru (1− tu)
− l

d
, (B.59)

which is true since

µ = T̃HL(θi, 0) <
(1− λ)cFPrh (1− th)

dλru (1− tu)
− l

d
, (B.60)
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Proof of Proposition 13.

Similar to Proposition 10, we derive the equilibrium under different conditions on the pa-

rameters. If k(aHL + bHL) ≤ k̄, then the model is reduced to the baseline model with the

litigation concern. Thus, we only consider the case where k(aHL + bHL) > k̄.

1. sr = L

As in the baseline model, the social planner does not screen the patient and we obtain

the same result.

2. sr = H

In Stage 2, the physician recommends the patient a follow-up if and only if

∂E[UPH |H, st]

∂ηHst

≥ 0, ∀st ∈ {H,L} (B.61)

These conditions can be reduced to

µ ≥THH − (1− α)l + (1− 2α)min[kf (θH , ϕH,H) , k̄]

αd
, for st = H, (B.62)

µ ≥THL − (1− α)l + (1− 2α)min[kf (θL, ϕL,H) , k̄]

αd
:= T

HL
, for st = L. (B.63)

But, condition (B.62) always holds by Assumption 1. Thus, ηHH = 1 while ηHL can

be either one or zero depending on value of µ compared to T
HL. Let us define

T 1 =T | θH=1,
ϕHL=1

, T 2 = T | θH=1,
ϕHL=0

, T 3 = T | θH=0,
ϕHL=0

= T̃3. (B.64)

The remaining analysis is analogous to that of the baseline litigation model but with

the different thresholds defined in (B.64).
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APPENDIX C

SUPPLEMENTAL MATERIAL FOR CHAPTER 4

Table C.1. Variables and corresponding definitions - patient portal on quality of kidneys
accepted for transplant

Variable Definition

Dependent variables
ECD Kidney marked as Expanded Criteria Donor
KDPI20 Kidney with a KDPI score below 20%

Independent variable
Portal-main Availability of the key functionalities (PHR and lab test results)

to a patient through a patient portal in a given year
Controls-Patient

Portal-add Availability of an additional functionality (billing, scheduling,
and registration) to a patient through a patient portal
in a given year

Age Age in years
Blood Type ABO blood type-A (reference), B, AB, O
Gender Biological gender of male or female (reference)
Ethnicity Ethnicity of White (reference), Black, Hispanic and other
Diagnosis Primary cause of ESRD including hypertension (reference),

diabetes, polycystic kidneys, glomerulonephritis, and other
Dialysis Accumulated time spent on dialysis in years
Pay Primary source for payment including public (reference)

and other
Education Higher than college degree or not (reference)
Wait-Time Accumulated time spent on the waitlist in years

Controls-Center
Center Type Academic or not (reference)
N of Tx The number of transplant surgeries performed at a center
Region OPTN 11 service regions grouped into 3 categories

Notes. KDPI is a continuous variable that combines several donor factors, including
clinical parameters and demographics, to measure the quality of deceased donor kidneys.
For more details, we refer readers to https:
//optn.transplant.hrsa.gov/media/1512/guide_to_calculating_interpreting_kdpi.pdf.
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Table C.2. Variables and corresponding definitions - patient portal on post-transplant out-
comes

Variable Definition

Dependent variables
PMR 1-year mortality rate of a patient after transplant
GFR 1-year failure rate of a graft (kidney) after transplant

Independent variable
Portal-main Availability of the key functionalities (PHR and lab test results)

to a patient through a patient portal in a given year
Controls-Patient

Portal-add Availability of an additional functionality (billing, scheduling,
and registration) to a patient through a patient portal
in a given year

Age Age in years
Gender Biological gender of male or female (reference)
Ethnicity Ethnicity of White (reference), Black, Hispanic and other
Diagnosis Primary cause of ESRD including hypertension (reference),

diabetes, polycystic kidneys, glomerulonephritis, and other
Dialysis Accumulated time spent on dialysis in years
Pay Primary source for payment including public (reference)

and other
Education Higher than college degree or not (reference)
Wait-Time Accumulated time spent on the waitlist in years
EPTS Estimated post transplant survival score of a patient at the

time of transplant
Controls-Donor

KDPI Kidney donor profile index
MATCH The number of Human Leukocyte Antigen antigen D Related

(HLA-DR) mismatch between the donor and the patient
Cold Time Cold Ischemic time in minutes
Warm Time Warm Ischemic time in minutes

Controls-Center
Center Type Academic or not (reference)
N of Tx The number of transplant surgeries performed at a center

Notes. EPTS score is a continuous variable that combines several patient factors, including
considering age, dialysis years, diabetes history, etc., to measure a patient’s expected
survival rate after transplant. For more details, we refer readers to https:
//optn.transplant.hrsa.gov/media/1511/guide_to_calculating_interpreting_epts.pdf.
Cold ischemic time refers to the amount of time that an organ is chilled or cold and not
receiving a blood supply. Warm ischemic time refers to the amount of time that an organ
remains at body temperature after its blood supply has been stopped or reduced.
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Table C.4. Stratified analysis by ethnicity and education using ECD
Odd Ratio (Standard Error)

(1a) African (1b) Others (2a) Education (2b) Education
-American Low High

Portal-main
PHR 1.131 (.224) 1.052 (.193) 1.039 (.198) 1.181 (.225)
PHR & Test 0.686* (.129) 1.085 (.136) 0.932 (.125) 0.889 (.145)

Patient Controls Yes Yes Yes Yes
Center Controls Yes Yes Yes Yes

Chi-squared 287.37*** 466.41*** 419.30*** 337.35***
Likelihood -1,041.973 -1,725.864 -1,644.956 -1,124.113
Observations 3,059 4,685 4,602 3,142

Notes. Standard errors are provided in parentheses. Robust standard errors are used. *
p<0.05, ** p<0.01, *** p<0.001. Log-Pseudolikelihood is reported.

Table C.5. Stratified analysis by ethnicity and education using KDPI
Odd Ratio (Standard Error)

(1a) African (1b) Others (2a) Education (2b) Education
-American Low High

Portal-main
PHR 1.129 (.208) 0.793 (.121) 0.785 (.130) 1.226 (.182)
PHR & Test 1.438*** (.182) 1.166 (.113) 1.272* (.129) 1.258* (.147)

Patient Controls Yes Yes Yes Yes
Center Controls Yes Yes Yes Yes

Chi-squared 89.19*** 190.81*** 151.91*** 119.68***
Likelihood -1,597.966 -2,540.756 -2,427.012 -1,715.730
Observations 3,059 4,685 4,602 3,142

Notes. Standard errors are provided in parentheses. Robust standard errors are used. *
p<0.05, ** p<0.01, *** p<0.001. Log-Pseudolikelihood is reported.
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Table C.6. Stratified analysis by ethnicity and education using PMR
Odd Ratio (Standard Error)

(1a) African (1b) Others (2a) Education (2b) Education
-American Low High

Portal-main
PHR 1.238 (.208) 1.149 (.395) 1.356 (.130) 0.946 (.374)
PHR & Test 1.199 (.586) 0.935 (.231) 1.013 (.265) 0.970 (.298)

Patient Controls Yes Yes Yes Yes
Center Controls Yes Yes Yes Yes

Chi-squared 57.39*** 107.86*** 79.11*** 81.39***
Likelihood -310.710 -526.967 -324.945 -1,715.730
Observations 3,059 4,685 4,602 3,142

Notes. Standard errors are provided in parentheses. Robust standard errors are used. *
p<0.05, ** p<0.01, *** p<0.001. Log-Pseudolikelihood is reported.

Table C.7. Stratified analysis by ethnicity and education using KFR
Odd Ratio (Standard Error)

(1a) African (1b) Others (2a) Education (2b) Education
-American Low High

Portal-main
PHR 0.438 (.211)∆ 0.858 (.353) 1.356 (.130) 0.304* (.163)
PHR & Test 1.403 (.586) 1.336 (.283) 1.013 (.265) 1.352 (.318)

Patient Controls Yes Yes Yes Yes
Center Controls Yes Yes Yes Yes

Chi-squared 76.71*** 68.02*** 67.55*** 70.11***
Likelihood -366.747 -545.119 -503.404 -409.893
Observations 3,059 4,685 4,602 3,142

Notes. Standard errors are provided in parentheses. Robust standard errors are used. ∆

<0.1, * p<0.05, ** p<0.01, *** p<0.001. Log-Pseudolikelihood is reported.
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