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ABSTRACT 

 

 

 Supervising Professor:  Dr. Brian T. Ratchford 

 

 

 

 

In this dissertation, I conduct three meta-analyses exploring how consumers process information 

in the presence of marketing appeals meant to influence their decision-making. In Essay 1, I 

undertake a meta-analysis of 26 empirical studies yielding 443 sales elasticities to examine how 

important variables—relating to specific features of the reviews, the websites on which reviews 

appear, and the nature of the products being reviewed—impact retail sales. Results suggest that 

online product reviews have a significantly greater influence on sales elasticities when they are 

delivered by a critic or expert and appear on a third-party, non-seller website. Further, while both 

review valence and review volume exert an influence on sales elasticities, observations based on 

review valence have significantly higher sales elasticities than those based on review volume. 

Interestingly, sales elasticities were statistically invariant to a host of design-related variables, 

such as publication outlet, sample geography, whether the data was contemporaneous or 

longitudinal, and if the sample included unreviewed products. 

Essay 2 investigates the persuasive impact of goal framing—where the goal of an action or 

behavior is framed either in terms of a positive (gain) or negative (loss) consequence—on 
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behaviors and evaluations. I conduct a meta-analysis of 178 papers—including 231 studies, 

containing 806 goal framing effects and 41,502 observations—that examine goal framing effects. 

A hierarchical linear model (HLM) is used to account for the nested structure of the meta-

analytic dataset.  Estimation results confirm that overall—across a variety of samples, contexts, 

and issues—goal framing effects are significant.  Furthermore, we find evidence of a negativity 

bias, wherein loss frames, on average, exert a stronger influence on subjects than do gain frames.  

Gain frames have greater persuasive impact when argument strength is low and the issue being 

framed is not health-related, while loss frames are found to be more effective when the 

recommended behavior is one subjects are likely to approach with vigilance rather than 

eagerness.   

In Essay 3 I meta-analyze 388 effects across 117 studies from 61 separate manuscripts exploring 

proportional reasoning—a tendency among potential donors to disregard the magnitude of 

quantitative outcomes when deciding whether to support a charitable cause—in decisions to 

victims in need of help. I document the presence of a significant proportional reasoning effect, 

wherein potential donors are more likely to render aid when a larger proportion (smaller number) 

of victims will benefit from their help. Using construal level theory as a theoretical framework, I 

show that the proportional reasoning of potential donors (1) intensifies when an appeal provides 

concrete details about a larger proportion of victims affected by an issue that is physically 

distant, and (2) diminishes when an appeal provides abstract information about a smaller 

proportion of victims affected by issues that are temporally and socially close. 
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Together these essays substantiate the prevalence of biases and heuristics in decision-making, 

and shed light on how practitioners can craft marketing appeals more effectively to maximize 

their persuasive impact and affect consumer behavior. 
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STATEMENT OF AUTHOR CONTRIBUTION 

 

The genesis of this manuscript was a group project begun by co-authors, Floyd, Alhoqail, and 

Cho for a doctoral seminar by Dr. Traci Freling at the University of Texas at Arlington. Initial 

search for and coding of articles, choice of dependent and moderator variables writing of an 

initial version of the manuscript was completed by co-authors Floyd, Alhoqail, and Cho with 

guidance oversight and editing from Dr. Traci Freling. The original manuscript was rejected by 

editors at Journal of Retailing although an alternative approach to investigating the topic of 

online reviews was suggested.  

My contribution to the project began with identifying an alternative relationship between online 

reviews and an outcome measure of sales, proposing the usage of elasticities as measure of that 

relationship and then setting the parameters for a second search of includable studies in the meta-

analysis. While all co-authors contributed to the search and identification of includable studies, I 

was responsible for coding effect sizes and moderators and determining inclusion in the final 

data set. I was solely responsible for cleaning and analyzing the data presented in the published 

paper. As a result of the major changes to the initial manuscript, I was responsible for re-writing 

the majority of the published manuscript. Co-authors provided editing and fact-checking support 

of the final document. Dr. Traci Freling provided editorial support and guidance through the 

review process. Kristopher Floyd was retained as the first and corresponding author for both 

versions.  
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INTRODUCTION 

 

In an online survey of 2,005 American shoppers, Weber Shandwick (2012), in 

conjunction with KRC research, surveyed participants to understand how they use reviews to 

make buying decisions and the impact of online product reviews on sales. The study shows that, 

as a result of consumer reviews, 65% of potential consumers selected a brand that had not been 

in their original consideration set. As consumers search online, learn about products, and 

evaluate different alternatives, they are likely to encounter and consider numerous online product 

reviews from other consumers (Mudambi & Schuff, 2010). And, according to a recent report by 

market research firm Nielsen (2012), 70% of consumers indicate they trust online product 

reviews. Opinions posted online are thought to influence consumers’ choices in a surprising 

variety of contexts, including airlines, telephone companies, resorts, movies, restaurants, and 

stocks (Guernsey, 2000)—and utilization of online recommendations in decision-making appears 

to be on the rise. Web traffic analysis site Compete.com reports that, in December 2012, visits 

increased 15% at Yelp.com (a review website for local businesses), 8% at TripAdvisor.com (a 

travel review website), and 80% at Angie’s List (another review website for local businesses) 

(Grant, 2013). Moreover, in a recent study 5,000 shoppers across five countries were asked to 

indicate the three most important sources of information they use for making buying decisions. 

Online ratings and reviews on retailer websites (52%) were included among the top three sources 

of information most frequently by respondents—ahead of advice from friends and family 

members (49%) and advice from store employees (12%) (Cisco Internet Business Solutions 

Group, 2013). These findings are consistent with other survey results in which online product 
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reviews are rated as “important” or “extremely important” in the buying decisions of half of 

consumers who visited retailer cites with consumer postings (Forrester Research, 2000). 

Consumers’ incorporation of online product reviews into their decision-making has not 

escaped the notice of retailers, who actively try to harness electronic word-of-mouth (eWOM) as 

a new marketing tool by inviting their consumers to post personal product evaluations on seller 

websites or availing consumers to information provided about their products by other third-party 

sources (e.g., Epinions.com or Moviefone.com) (Dellarocas, 2003). To illustrate, Amazon.com 

has encouraged consumers to post their product reviews since 1995, and now boasts over 10 

million consumer reviews across product categories on its website. Amazon’s online product 

reviews are very popular and are considered to be one of the site’s more effective features 

(Harmon, 2004). 

Electronic word-of-mouth communication (eWOM)—defined by Goldsmith (2006) as 

“word-of-mouth communication on the Internet, which can be diffused by many Internet 

applications such as online forums, electronic bulletin board systems, blogs, review sites, and 

social networking sites”—is regarded by marketers as an important source of product 

information that influences human behavior (Brown & Reingen, 1987; McFadden & Train, 

1996).2 In comparison to traditional WOM (Katz & Lazarsfeld, 1955), eWOM may be perceived 

by consumers as: (1) a more powerful, effective communication device because it can be 

accessed by consumers anywhere via the Internet (Bakos & Dellarocas, 2011; Duan, Gu, & 

Whinston, 2008); (2) more balanced and unbiased because it allows divergent opinions to be 

                                                 

2  As this definition implies, eWOM takes many forms, including online rate-and-review websites, discussion boards, 
chat rooms, blogs, wikis, etc. (Duan, Gu, & Whinston, 2008).  We limit our exploration to online product reviews 
because research suggests they constitute the most prevalent form of eWOM.  
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presented simultaneously on the same website and from different consumers (Lee, Park, & Han, 

2008; Senecal & Nantel, 2004); (3) easier to decipher, given that the quantity and quality of 

online feedback mechanisms is published in written form; and, (4) more controllable by retailers, 

who can design information systems that mediate online feedback exchanges by regulating who 

participates, what type of information is solicited, how information is aggregated, and what type 

of information is made available about sources (Dellarocas, 2003). Given these interesting 

features of eWOM, simply relying on existing knowledge of traditional WOM (c.f., de Matos & 

Rossi, 2008) would likely be insufficient for fully understanding a particular eWOM mechanism 

like online product reviews. 

These differences between traditional WOM and eWOM seem to be largely ignored by 

retailers, who eagerly integrate online product reviews into their marketing strategies, assuming 

that it will significantly influence consumers’ purchasing decisions and ultimately improve their 

profits. Interestingly, a spate of recent empirical studies exploring the impact of online product 

reviews has produced mixed results. While some research suggests online product reviews 

strongly affect retailer performance (Chen, Dhanasobhon, & Smith, 2008; Chevalier & Mayzlin, 

2006; Clemons, Gao, & Hitt, 2006; Ghose & Ipeirotis, 2006), other work in this area suggests 

their influence is negligible (Chen, Wu, & Yoon, 2004; Duan, Gu, & Whinston, 2008), equivocal 

(Chen, Wu, & Yoon, 2004; Eliashberg & Shugan, 1997), or context-dependent (Chatterjee, 2001; 

Li & Hitt, 2008). Thus, despite the significant insights provided by prior research, a consensus 

regarding the impact of online product reviews has yet to emerge, intimating the need for a 

systematic integration of this body of work. 
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It is possible that a comprehensive grasp of online product reviews has evaded scholars 

because of some interrelated characteristics of research in this area. Specifically, the diverse 

array of research approaches, settings, and data sources explored in researching online product 

reviews may have hindered the quest for generalizable insights. Empirical assessments of online 

product reviews have considered its impact on movie releases (Duan, Gu, & Whinston, 2008), 

television viewership (Godes & Mayzlin, 2004), and the sales of books (Chevalier & Mayzlin, 

2006), beer (Clemons, Gao, & Hitt, 2006), and automobiles (Chen, Fay, & Wang, 2003), to name 

a few. Additionally, miscellaneous sources—which vary considerably in terms of bias and 

expertise—provide the online feedback investigated in this stream of research, including online 

consumer reviews on retailer websites (Chen, Wu, & Yoon, 2004), reviews mediated on third-

party websites (Dellarocas, Awad, & Zhang, 2004), and expert or professional reviews (Basuroy, 

Chatterjee, & Ravid, 2003). Although collectively these efforts provide valuable insights within 

the bounds of the contexts considered, gaining a better understanding of the effects of online 

product reviews hinges on investigating the systematic variation induced by such differences. 

In the current research, we employ meta-analysis to quantitatively synthesize this 

developing literature stream and to explore the consequences of online product reviews. 

Specifically, we examine the effect of online product reviews on retailer sales and delineate 

important moderators relating to characteristics of the reviews and the products being evaluated 

that enhance or mitigate these effects. For academics, understanding what makes online product 

reviews effective will help set the agenda for future research efforts. Retailers also benefit from 

practical guidance based on rigorous analysis of specific design elements of online feedback 

mechanisms and contextual variables that could improve their marketing initiatives. 
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In the sections that follow, we delineate the scope of our study and discuss the 

development of our database. We then present the meta-analytic methodology employed and 

describe in detail the variables coded and included in our analyses, including characteristics of 

the reviews, products/usage situations, study and sample, and data. Following this, we report the 

results of our meta-analysis, concluding with a discussion of the theoretical and managerial 

implications of this research. 

METHODOLOGY 

Database Development 

We constructed a database using several approaches us to identify the population of 

studies for inclusion in our meta- analysis. First, we collected relevant articles appearing in a 

recent meta-analysis of overall WOM effects (de Matos & Rossi, 2008), including only those 

papers that explored eWOM (not traditional WOM). We next conducted a manual search of 

leading journals (including the Journal of Marketing Research, Journal of Consumer Research, 

Journal of Marketing, Journal of Consumer Psychology, Advances in Consumer Research, 

Marketing Science, Journal of Retailing and the Journal of the Academy of Marketing Science) 

in which articles investigating online product reviews were most likely to appear.    Keyword 

searches of electronic databases using such terms as “WOM,” “word of mouth,” “online 

reviews,” “eWOM,” “online word of mouth,” “online recommendation,” “online rater,” “word of 

mouth performance,” “online consumer review,” and “online rating” were then conducted. 

Importantly, in an attempt to avoid publication bias that could reduce measurement variability in 

the meta-analysis (Andrews & Franke, 1991; Ferguson & Brannick, 2012; Rust, Lehmann, & 

Farley, 1990), we searched for unpublished studies, working papers, conference papers, and 
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dissertations examining eWOM by contacting published authors of research in this area, 

searching SSRN and ProQuest, and posting a request for such work on ELMAR. Finally, 

employing an ancestry approach, we examined the references of studies identified in the 

preceding searches and key conceptual articles. Together, these efforts initially yielded 

approximately 400 articles which we further scrutinized for inclusion in our meta-analysis. 

Domain Specification 

From this initial group of articles we eliminated any papers that were not electronically 

based, or that did not examine the valence and/or volume of product evaluations. Among the 

remaining eWOM articles, we elected not to include studies exploring the effects of discussion 

boards, chat rooms, blogs, wikis, and forms of eWOM other than online product reviews. 

Further, because we are interested in investigating the impact of online product reviews on sales3 

we excluded (1) effects based on experimental or other noneconometric designs, and (2) articles 

that did not include actual sales data or that measured different dependent variables. So, for 

example, field work or empirical papers that measured review helpfulness, likelihood to post an 

online product review, or price of the product sold (c.f., Chen, Fay, & Wang, 2011; Chen, Wang, 

& Xie, 2011; Jiang & Wang, 2007) were not included, nor were experiments that measured 

attitudes and purchase intentions (c.f., Khare, Labrecque, & Asare, 2011; Kim & Gupta, 2012). 

A study was deemed eligible for inclusion in our analyses if it provided econometric estimates of 

                                                 

3  Papers that measured sales, the log of sales, sales rank, revenue, and other proxies for demand were deemed 
includable. Importantly, we coded for the “functional form” of the model so that we could control for differences 
in the reporting of the dependent variable. 
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sales elasticity or reported descriptive statistics and beta coefficients that allowed us to compute 

sales elasticity.4  

Overall, 26 papers covering the period from 2004 to 2013 met these requirements and 

were coded for analysis. In our database, a “paper” is any distinct document (a journal article, an 

unpublished dissertation, a working paper, etc.) that offers some original analysis and findings—

so there are no duplications or redundant papers (Wood, 2008). The papers comprising our 

database provide analyses of many distinct datasets that contain information about sales related 

to online product reviews in some specific market setting. Following Albers, Mantrala, and 

Sridhar (2010), when researchers apply a different estimation technique/model using the same 

data in the same paper or different papers, we treat resulting elasticities as multiple distinct 

measurements from one dataset. One paper may also provide analyses of multiple distinct 

datasets and contribute one or more distinct sales elasticity estimates from each dataset.   

Applying these domain specifications, the 26 research papers comprising our database provide 

443 sales elasticity measurements. (The papers comprising our database are listed in bold print in 

the References section.) Of these 443 elasticities, 147 (33.18%) involve book purchases, 104 

(23.48%) involves sales of electronic products (e.g., cameras or videogame players), 100 

(22.57%) involve box office movie sales or album sales, 34 (7.67%) involve hotel nights 

purchased, and 58 (13.09%) are from other settings (e.g., TV show ratings and DVDs). (These 

papers are described in Table 1.1.) 

  

                                                 

4  Some models were run on subsamples of the full dataset. We used descriptive statistics from the full dataset when 
authors did not provide this information for subsamples (c.f., Godes & Mayzlin 2004, Table 8). 
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Coding Procedures 

Treatment of sales measures. Our database contains only studies that provide 

econometric estimates of sales elasticities associated with online product reviews. Even so, we 

were forced to consider a diverse array of sales measures employed by researchers in this 

domain. Ultimately we include: (1) measures directly related to sales; (2) proxy measures of 

sales; and, (3) measures of relative sales. Measures that directly reflect sales—such as gross 

movie receipts (Chintagunta, Gopinath, & Venkataraman, 2010) or Nielsen television rating 

points (Godes & Mayzlin, 2004)—permit a relatively straightforward interpretation of sales 

elasticities. However, a large portion of our database utilizes proxy measures of sales, such as 

product sales rankings provided by Amazon.com (c.f. Chevalier & Mayzlin, 2006) or reviews 

per room (Ogut & Tas, 2012). Because Amazon sales ranks are accepted in the literature as a 

suitable proxy for sales5 and because it dominates our database—42% of the papers in our meta-

analysis use sales ranks in some form as their dependent measure—we include all studies using a 

proxy measures of sales in their analysis. 

Using sales rank as a dependent measure of sales introduces an additional challenge 

relating to the inverse relationship between sales rank and actual sales. That is, products with 

higher sales ranks are by definition those that have fewer sales (e.g., a sales rank of “1” denotes a 

best seller, while a higher rank of 323 means the product has relatively lower sales). 

 

                                                 

5  Using proprietary data from Amazon.com, Schnapp & Allwine (2001) show that the relationship between 
Log(sales) and Log(sales rank) is approximately linear. 
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Table 1.1. Description of Articles Comprising Meta-Analytic Dataset 

 

Article 

Source(s) 

of 

data 

Product(s) reviewed 

Review 

characteristics 

examined 

Measure of 

sales 

Number 

of elasticities 

Ögüt and Tas (2012) Booking.com (hotel 

booking website) 

Hotels Valence ln (Reviews per 

room) 

8 

Ye, Gu, and Chen 

(2010) 

Ctrip.com (Chinese travel 

website) 

Hotels Valence  ln (Monthly hotel 

bookings)* 

1 

Ye, Law, Gu, and 

Chen (2011) 

Ctrip.com (Chinese travel 

website) 

Hotels Valence ln (Number of 

reviews) 

1 

Li and Hitt (2008) Amazon.com Books Volume ln (Sales estimated 

from sales rank)* 

4 

Liu (2006) Yahoo! Movies, 

TheNumbers.com, Variety, 

com, IMDB.com 

Movies Volume ln (Weekly box 

office revenues) 

18 

Amblee and Bui 

(2011) 

Amazon.com Amazon short stories  Valence and Volume Sales rank 3 

Archak, Ghose, and 

Ipeirotis (2011)  

Amazon.com Digital cameras and 

camcorders 

Valence and Volume ln (Sales rank) 28 

Brandes, Nolte, and 

Nolte (2011) 

Online travel and holiday 

portal 

Hotels Valence and Volume ln (Hotel days 

booked/ week) 

24 

Chen, Dhanasobhon 

and Smith (2008) 

Amazon.com Books Valence and Volume ln (Sales rank)* 10 

Chen, Wang, and Xie 

(2011) 

Amazon.com  Digital cameras  Valence and Volume ln (Sales rank)* 16 

Chevalier and 

Mayzlin (2006) 

Amazon.com, BN.com Books Valence and Volume ln (Sales rank)* 50 

Chintagunta, 

Gopinath, and 

Venkataraman (2010) 

Yahoo! Movies, ACNielsen Movies Valence and Volume ln (Gross box 

office sales) 

26 

Clemons, Gao, and 

Hitt (2006) 

Association of Brewers, 

Ratebeer.com 

Craft beer Valence and Volume Sales growth rate 5 

Cui, Lui, and Guo Amazon.com Video games, Valence and Volume ln (Sales rank) 6 
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Article 

Source(s) 

of 

data 

Product(s) reviewed 

Review 

characteristics 

examined 

Measure of 

sales 

Number 

of elasticities 

(2013) consumer electronics 

Dewan and 

Ramprasad (2009) 

Nielsen SoundScan, 

Amazon.com 

Music albums Valence and Volume ln (Album sales) 14 

Duan, Gu, and 

Whinston (2008) 

Yahoo! Movies, Box Office 

Mojo, Variety.com 

Movies Valence and Volume Daily gross movie 

revenues 

16 

Forman, Ghose, and 

Wiesenfeld (2008) 

Amazon.com Books Valence and Volume ln (Sales rank) 6 

Ghose and Ipeirotis 

(2011) 

Amazon.com Audio and video 

players, digital 

cameras, DVDs 

Valence and Volume ln (Sales rank) 6 

Godes and Mayzlin 

(2004) 

Nielsen ratings, Usenet 

newsgroups 

TV shows Valence and Volume Television 

viewership rating 

points 

27 

Gu, Park, and 

Konana (2012) 

Amazon.com, Cnet, 

DPreview, Epinions 

Digital cameras Valence and Volume ln (Sales rank) 52 

Pathak, Garfinkel, 

Gopal, Venkatesan, 

and Yin (2010) 

Amazon.com Books Valence and Volume ln (Sales rank)* 16 

Sun (2012) Amazon.com, BN.com Books Valence and Volume ln (Sales rank)* 12 

Yang, Kim, Amblee, 

and Jeong (2012) 

Korean Film Council, 

NAVER Movie (Korean 

web portal) 

Movies Valence and Volume ln (Weekly box 

office revenues) 

24 

Zhang, Li, and Chen 

(2012) 

Amazon.com, BN.com Books Valence and Volume ln (Sales rank)* 48 

Zhu and Lai (2009) Tongcheng, Xiecheng 

(Chinese travel websites) 

Hotels Valence and Volume ln (Number of 

visitors) 

2 

Zhu and Zhang 

(2010) 

NPD (marketing research 

firm), GameSpot.com 

Video game consoles Valence and Volume ln (Market share)* 19 

*At least some of the elasticities calculated from this article are based on differenced sales measures. 
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Hence, care must be taken to account for the sign of the elasticity estimate at the measurement 

level, especially when comparing elasticities across studies—since a negative value actually 

represents an increase in sales for sales elasticities based on sale rank. 

Finally, we also include papers that use relative measures of sales, such as those that 

result from the econometric technique of differencing. Nearly 30% of the studies in our database 

employ differencing techniques to help account for endogeneity in their models by differencing 

across platforms (e.g., Amazon vs. Barnes & Noble; Sun, 2012), across time (Chen, Fay, & 

Wang, 2011; Chen, Wang, & Xie, 2011), or both (Chevalier & Mayzlin, 2006).6  

Coding sales elasticities. Following coding techniques suggested by Hunter and Schmidt 

(2004), we collected data for our meta-analysis that allowed us to code or calculate sales 

elasticities. In many cases, the articles comprising our database did not report elasticities directly, 

requiring us to calculate the elasticities from information provided in those studies. In studies 

employing a log–log specification (where the dependent measure of sales and the independent 

variable of review rating or review volume are included in the model as natural log 

transformations of the original variable), the beta coefficient reported in the model is the 

elasticity. In studies featuring a log–level model specification, the elasticity was calculated by 

multiplying the beta coefficient on the independent review variable by its mean value. Finally, in 

studies employing a level–level specification (where both the independent variable and the 

                                                 

6  A further complication associated with including studies that employ differencing techniques involves our ability 

to calculate elasticities when the model is in LogLevel form. Not all papers that otherwise met our inclusion 

criteria reported the summary statistics necessary to determine the mean of the differenced variable for use in 

elasticity calculations. When this crucial information could not be obtained from authors, we were not able to 

include those observations in our analyses. This reduced the number of observations in our model from 443 to 411 

sales elasticities. 
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dependent variable of interest are not transformed) the product of the mean value of the dependent 

variable and its beta coefficient is divided by the mean value of the independent variable. 

Coding independent variables. In addition to coding/calculating sales elasticities, we 

also coded 15 independent variables that could potentially influence sales elasticities (see Figure 

1.1). Table 1.2 presents our coding scheme and provides an overview of the independent 

variables in our meta-analytic model, which fall into one of two categories: (1) theoretical 

variables (i.e., review characteristics and product characteristics); or, (2) methodological 

variables (i.e., study/sample characteristics and data/model characteristics). Two members of 

the research team recorded the descriptive statistics and beta coefficients required to calculate 

elasticities, and coded the methodological variables. Inter-rater reliability between these coders 

averaged 96%, with disagreements resolved by discussion. 

To avoid introducing bias in the treatment of the more subjective theoretical variables 

relating to products under review and their typical purchase and usage/consumption context(s), 

three expert judges coded these variables (Bearden, Hardesty, & Rose 2001; Carlson, Vincent, 

Hardesty, & Bearden, 2009). These judges were assistant professors in marketing specializing in 

the area of consumer research that had no other involvement with this project and were blind to 

our expectations. Inter-rater reliability between judges averaged 93%, and discrepancies were 

resolved through discussion. 
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Figure 1.1. Study Framework for Variables Influencing Elasticity of Retail Sales 

 

 

Because these coded variables exhibited a high degree of correlation we conducted a 

Common Factor Analysis with principal factor extraction to identify factors that best explain the 

common variance between them (Ford, MacCallum, & Tait, 1986). Because our objective was to 

use the factors as variables in our model, we employed varimax rotation to yield a solution that 

produces orthogonal factors.7 One item assessing nature of the product and another item 

assessing perceived performance risk were eliminated because they exhibited significant cross-

loadings on two or more factors (Briggs & Cheek, 1986; Hair, Black, Babin, & Anderson, 2010). 

                                                 

7  We also explored oblique factor solutions resulting in correlated factors, but these solutions did not appreciably 
improve interpretation beyond the orthogonal solution. To minimize multicollinearity in the model, we retained the 
orthogonal solution. 
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Our resulting three factors are: product involvement; product benefits; and frequency of 

purchase. The first factor (product involvement) is comprised of the following two items: (1) 

This product is “1” definitely not involving. . .“7” definitely involving; and, (2) This product is 

“1” definitely a low-priced product. . .“7” definitely a high-priced product. Factor two (product 

benefits) is comprised of the following three items: (1) This product is “1” definitely a luxury. . 

.“7” definitely a necessity; and (2) This product is “1” definitely a hedonic product. . .“7” 

definitely a utilitarian product; and, (3) This product is “1” definitely a publicly consumed 

product. . .“7” definitely  a  privately  consumed  product.8  The  third   factor (frequency of 

purchase) is comprised of the following two items: (1) This product is “1” definitely a 

nondurable product. . .“7” definitely a durable product; and, (2) This product is “1” definitely 

routine. . .“7” definitely nonroutine. 

We had our expert judges evaluate the items used to create the above factors because they 

could be coded from the studies comprising our database, and are theoretically justifiable based 

on the extant eWOM literature exploring possible explanations for the differences in the effects 

of online product reviews on retailer performance. Our selection of methodological variables was 

guided by recent meta-analyses in the marketing literature investigating elasticities of personal 

selling (Albers, Mantrala, & Sridhar, 2010), advertising (Sethuraman, Tellis, & Briesch, 2011), 

and shelf-space (Eisend, 2013) and their determinants. We offer informal expectations regarding 

                                                 

8  While product utilitarianism and necessity seem conceptually similar, we acknowledge that the relation of these items to 
private consumption is less straightforward—even if these three items loaded strongly together in our factor analysis. It is 
possible that the resulting product benefits factor is an   idiosyncrasy of (1) our database—one-third of which was comprised 
of book sales—and (2) our dataset—which included theoretical variables derived from the ratings of scholarly experts, who 
evaluated books as privately-consumed utilitarian necessities. 
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how theoretical variables will affect sales elasticities but make no predictions for methodological 

variables—which are included based on precedence (Eisend, 2013). 

Description of Theoretical Variables Influencing Sales Elasticity 

Valence and volume. Online product reviews vary considerably in terms of volume (i.e., 

the number of online comments or ratings) and valence (i.e., the preference carried in the WOM 

information). The volume of online product reviews is thought to increase consumer aware- ness 

about products and generates greater sales (Anderson & Salisbury, 2003; Bowman & 

Narayandas, 2001; Chen, Wu, & Yoon, 2004; Godes & Mayzlin, 2004; Liu, 2006; Van den Bulte 

& Lilien, 2001). Duan, Gu, & Whinston, (2008) posit that a higher volume of online product 

reviews affects consumers’ purchase decisions by influencing both their awareness of the 

product and perceptions of its quality. Moreover, Khare, Labrecque, and Asare (2011) assert that 

volume is an extrinsic, high-scope cue that increases the diagnosticity and persuasiveness of 

online WOM, because an opinion expressed by more people conveys the correctness of the 

position (Salganik, Dodds, & Watts, 2006; Salganik & Watts, 2008). Recent empirical work 

supports these arguments, and suggests that the volume of online product reviews is positively 

associated with movie sales (Duan, Gu, & Whinston, 2008), box office revenues (Liu, 2006), and 

automobile sales (Chen, Wu, & Yoon, 2004). 

With respect to valence, positive reviews typically enhance consumers’ expected quality 

and attitudes toward that product, while negative reviews may involve product denigration, 

rumor, or complaints, and usually have an unfavorable impact on product attitudes (Liu, 2006). 

Interestingly, a substantial amount of research suggests that negative information is more strong, 

influential, predictive, and difficult to resist than positive information (Baumeister, Bratslavsky, 
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Finkenauer, & Vohs, 2001; Fiske 1980; Maheswaran & Meyers-Levy, 1990; Skowronski & 

Carlston, 1989; Taylor, 1991). This may derive from the loss aversion principle in prospect 

theory (Kahneman & Tversky, 1979), which posits that a potential loss has a greater impact on 

consumer perceptions and decision- making than an otherwise equivalent gain because the value 

function is steeper for losses than gains.9  

Recent research demonstrates this negativity bias may also apply to online product 

reviews (c.f. Lee, Park, & Han, 2008); however, it is important to note that the papers in our 

meta- analytic database do not allow us to explore this relationship. Since the papers we meta-

analyze use sales as their dependent variable—and do not capture missed sales opportunities—

we are not able to assess the degree to which negative (or relatively lower) online product 

reviews deter purchase. We are able to examine the relative impact that review valence versus 

volume has on sales elasticities for items evaluated in online product reviews by coding and 

analyzing whether each elasticity is based on the review volume or valence. 

Critics’ reviews. We also recognize that the source providing the information—both the 

type of person and website—could impact sales elasticities. In fact, the notion that source 

characteristics can enhance or impair the impact of a message is an enduring theme of persuasion 

research in social psychology (Hovland & Weiss, 1951; Hovland, Janis, & Kelley, 1953; 

McGuire, 1969, 1985).  The source credibility model (Hovland, Janis, & Kelley, 1953) suggests 

that sources exhibiting greater expertise and trustworthiness should be perceived as more 

                                                 

9  Recent research conducted by TARP Worldwide Inc. with 8,000 customers in multiple industries indicates that 
only a portion of dissatisfied consumers complain to employees (45%) or to management or company headquarters 
(1–5%) (Zeithaml, Bitner, & Gremler, 2013). While we acknowledge that this reluctance to post negative reviews 
could affect our results, we could only code what is actually reported by dissatisfied customers in the original 
articles comprising our database. 
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credible and confer relatively greater persuasion. Applying this theory in the current context, it is 

likely that online product reviews provided by sources that possess greater expertise will be 

associated with greater product sales. Thus, we code whether online product reviews are 

provided by typical consumers or present feedback from experts or critics.  

Third-party sources. Just as expert critics could confer greater persuasion than ordinary 

consumers, so might websites that are perceived as more trustworthy. Thus, we code whether 

online product reviews were posted on an independent website (e.g., ePinions.com or 

MySimon.com) or a seller website (e.g., Amazon.com), and include this as an independent 

variable in our model. Returning to the source credibility model, it is possible that third-party 

sources will possess greater trustworthiness because consumers perceive these websites as 

communicating information without bias (Kelman, 1961). In fact, source expertise and 

trustworthiness have both been found to positively impact consumers’ attitudes toward the brand, 

behavioral intentions, and behaviors (Gilly, Graham, Wolfinbarger, & Yale, 1998; Harmon & 

Coney, 1982). 

Product involvement. Product involvement is commonly defined as a consumer’s 

enduring perceptions of a product category’s importance based on that consumer’s inherent 

needs, values, and interests (c.f. Bloch & Richins, 1983; Zaichkowsky, 1985). Product 

involvement is thought to be higher when there is a great deal of money involved in a purchase, 

because higher price levels involve a greater “pain of paying” and concern about making the best 

choice (Prelec & Loewenstein, 1998). Consumers with higher product involvement are more 

likely to perceive attribute differences, to place higher importance on the product, and to possess 

greater commitment in their brand choices (Howard & Sheth, 1969). Further, higher product 
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involvement motivates consumers to search for more information and spend a greater amount of 

time making an optimal decision (Clarke & Belk, 1978). Hence, we expect that online product 

reviews for more highly involving products will induce higher sales elasticities in comparison to 

those for less involving products. 

Product benefits. Products reviewed online also vary considerably in terms of the 

benefits they provide and how/when they will be used or consumed. One way to describe a 

product’s benefits is by whether the product is possessed by virtually everyone (i.e., a necessity) 

or is associated with exclusivity—meaning that not all consumers are able to purchase the 

product (i.e., a luxury; Bearden & Etzel, 1982). Product benefits can also be characterized in 

terms of whether they provide enjoyable experiences, such as fun, pleasure, and excitement for 

the consumer (i.e., a hedonic product; Dhar & Wertenbroch, 2000), or are primarily instrumental 

and functional in nature (i.e., a utilitarian product; Hirschman & Holbrook, 1982). Finally, the 

benefits of a publicly consumed product are visible to others, while those of a privately 

consumed product are not (Bearden & Etzel, 1982). Prior research suggests that consumers are 

more purposive in decision-making about public consumption due to social influence. More 

specifically, a publicly consumed product allows consumers to communicate their self-image 

(Belk, 1988) and to impress others by maintaining the illusion that they are “keeping up with the 

Joneses” (Lee & Shrum, 2012; Ordabayeva & Chandon, 2011). Given this, one might expect 

online product reviews—which provide a consumer with information about others’ product 

perceptions—to induce greater sales elasticities for publicly-consumed, as compared to 

privately-consumed products. However, this is not likely to be an unqualified effect. In fact, 

luxury items are often chosen for their high quality, uniqueness, , emotional appeal (Nueno & 
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Quelch, 1998). Similarly subjective are hedonic products—objects of desire that are reflective of 

a particular consumer’s personal preferences. Interestingly, the different aspects of product 

benefits introduce potentially opposing effects that make predictions about the impact of online 

product reviews difficult. For this reason, we offer no formal expectations about the influence of 

online product reviews on sales elasticities for privately consumed utilitarian necessities versus 

publicly consumed hedonic luxuries. 

Frequency of purchase. Product durability could also affect sales elasticity. A durable 

product is one that does not quickly wear out, and is consumed over time rather than in one use 

(Grewal & Marmorstein, 1994). Thus, with durable products there are typically long periods 

between successive purchases. With such nonroutine purchases, the purchase cycle is lengthy 

and infrequent. In contrast, nondurable products are purchased more frequently, are immediately 

used by the consumer, and typically have a life-span of less than three years. That is, 

nondurables are likely to involve routine purchases of products with short purchase cycles, occur 

on a more regular basis, and involve repeated decisions, in which the consumer simplifies the 

task by storing relevant information and establishing a routine in the decision process (Howard & 

Sheth, 1969). Consumers search more for information about the objective quality of (nonroutine) 

durables than for (routine) nondurables, because durable products generally involved a greater 

expense than nondurable goods and require more of a commitment from the consumer (Moorthy, 

Ratchford, & Talukdar, 1997; Moorthy & Zhao, 2000). Given this, we expect online product 

reviews—that provide information about product quality—of durable products to induce higher 

sales elasticities than for nondurable products. 
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Methodological Variables Influencing Sales Elasticity 

Manuscript status. We coded whether each paper in our database is published or 

unpublished. Manuscript status was included in our coding scheme because significant findings 

are more likely to be submitted to, and published in, peer-reviewed journals than non-significant 

findings, leading to publication bias (i.e., reduced interstudy variability and upwardly biased 

mean estimates) and potentially influencing sales elasticities (Dickersin, 2005; Ferguson & 

Brannick, 2012). 

Journal quality. We coded whether each study appeared in A-level publication (i.e., 

Journal of Consumer Research, Journal of Marketing, and Journal of Marketing Research) or 

some other outlet in an attempt to capture variance in the rigor of each paper’s research as well 

as the review process it withstood (c.f. Johnson, Maruyama, Johnson, Nelson, & Skon, 1981). 

Geographic setting. We also coded whether the data in each study was collected in the 

United States or elsewhere. We included this variable because other meta-analyses examining 

elasticities have done so, and because the impact of online product reviews on sales could vary 

considerably according to consumers’ cultural orientations and self-construals. That is, whether 

consumers are Americans—who are relatively more individualistic and independent—or from a 

more collectivistic, interdependent culture could affect the influence that online product reviews 

exert on sales in these countries (Markus & Kitayama, 1991; Oyserman, Coon, & Kemmelmeier, 

2002). 

Sample domain. In our coding scheme, we specified whether the dataset in each paper 

included unreviewed products or not. 
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Span of data collection. Because longitudinal data allows researchers to better examine 

causality and control for confounding effects than contemporaneous data, it is generally regarded 

as more informative in inferring the true association between constructs (Rindfleisch, Malter, 

Ganesan, & Moorman, 2008). Given that this could affect sales elasticity estimates, we coded 

whether data were collected using cross-sectional comparisons (i.e., measurements for multiple 

product sales at one point in time) or longitudinally (i.e., with repeated measurements for the 

same product’s sales over time).  

Estimation method. The studies comprising our database differ in the models applied to 

estimate sales. Thus, we capture differences in estimation method by differentiating between 

more simple methods like ordinary least squares (OLS) regression and more complex methods 

such as multi-stage least squares regression (Eisend, 2013).  

Functional form of model. Researchers also employed different functional forms, which 

can affect elasticities (Assmus, Farley, & Lehmann, 1984). Given this, we coded whether each 

study employed a Log-Log, Log-Level, Level-Level, or other functional form.  

Endogeneity. Some studies accounted for endogeneity, given that model misspecification 

can lead to biased coefficient estimates and inferences (Louviere et al., 2005). While some meta-

analysts have found that the omission of endogeneity induces a positive bias on elasticity 

estimates (Manchanda, Rossi, & Chintagunta, 2004), others suggest this leads to an 

underestimation of elasticities (Sethuraman, Tellis, & Briesch, 2011). We capture whether each 

study accounted for endogeneity in its model. 

Heterogeneity. Because heterogeneity can increase or decrease elasticities (Hutchinson, 

Kamakura, & Lynch, 2000), we also coded for this variable. Among the studies comprising our 
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dataset, heterogeneity was typically modeled by using a fixed effect or random effect 

specification to account for unobserved product-related variables. 

ANALYSIS 

 

Meta-Analytic Model 

We model the sales elasticities associated with online product reviews as a linear function 

of the influencing variables discussed in the previous section.  Because we are recording multiple 

measures of sales elasticity from each paper in our meta-analytic database, our estimation 

approach must be able to account for the within-study error correlations resulting from the 

independent variables not capturing study-specific characteristics completely and thus violating 

assumptions of OLS (Bijmolt & Pieters, 2001). Following Bijmolt and Pieters (2001) and 

consistent with other meta-analyses that measure elasticities as the effect size metric (Bijmolt, 

Van Heerde, & Pieters, 2005; Sethuraman, Tellis, & Briesch, 2011; Eisend, 2013) we employ a 

model of the following form: 

 

𝜂𝑠𝑗 = 𝑋𝑠𝑗𝛽 + 𝑢𝑠 + 𝑒𝑠𝑗 (1) 

 

Where us is an unobservable study specific component of the error and esj is the 

measurement level error.  Both are assumed to be normally distributed with mean zero and 

variance 2
s and 2

e respectively.  Hierarchical Linear Modeling procedures in statistical 

packages such as SAS are used to create the nested error structure in a J x J block diagonal 

matrix containing both study specific and measurement error variances.  We estimate Model (1), 
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using the Proc Mixed procedure in SAS (Albers, Mantrala, & Sridhar, 2010) as suggested by 

Bijmolt and Pieters (2001).   

Multi-Collinearity Robustness Checks 

As other meta-analysts using this approach note, one of the major issues affecting the 

estimation of hierarchical linear models is that of collinearity among proposed influencing 

variables in the model. Previously, we discussed the creation of three factors related to the 

original theoretical variables. For the remaining variables, we first examined their pair-wise 

correlations (Table 1.3). Subsequent examination of the condition index and VIF indicated that 

including both loglog and loglev indicators of functional form variables in the model could be 

problematic due to VIF > 15 and correlation = 0.90. To further investigate the dummy variables 

in the model we ran chi-square tests of independence on each pairing of the discrete variables. 

Any pairing that exhibited a significant association was examined further by systematically 

removing one variable from each of the identified pairs and re-analyzing our model; noting how 

the omission of one methodological variable affected the value and significance of the other. 

Through these diagnostic efforts we chose to remove the discrete dummy variables capturing the 

log-level functional form of the model and the competition dummy variable. The result of 

dropping the log-level functional form variable is that both the log-level and level-level model 

specifications were subsumed into the “0” condition of the log-log functional form indicator 

variable.  

We initially considered including a dummy variable to identify each observation that 

captured sales data and review information from Amazon.com (Amazon sales and reviews). 

Since Amazon is the largest online retailer in the world and because Amazon.com sales rank data 
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is used in more than half of the observations in our data, it was worth investigating whether or 

not there is an Amazon-specific effect on sales elasticities. 

Upon further investigation, it was apparent that the Amazon dummy was just a subset of 

the “0” condition of the Inclusion of third-party review (i.e., observations for sellers with local 

reviews). When both Amazon sales and reviews and Inclusion of third-party are included the 

Amazon indicator was not significant. The third-party variable was relatively stable and 

significant regardless of the presence of Amazon sales and reviews. If Inclusion of third-party 

reviews was excluded, Amazon sales and review barely achieved-significance; estimates of all 

other variables remained relatively constant in value and there were no changes in significance. 

The variables included in the final specification in the model are shown in Table 1.2. 

RESULTS 

Overall Magnitude and Frequency Distribution of Sales Elasticities 

The frequency distribution of observed sales elasticities appears in Figure 1.2. The 

observed mean sales elasticity calculated using review valence (Es = .69) is higher than the 

observed mean sales elasticity using review volume (Es = .35). Compared to other elasticities 

reported in recent marketing-related meta-analyses, these sales elasticities are higher in 

magnitude than shelf space elasticity (.169; Eisend, 2013), personal selling elasticity (.34; 

Albers, Mantrala, & Sridhar, 2010), and both long-term (.24) and short-term sales elasticities 

(.12; Sethuraman, Tellis, & Briesch, 2011), but lower in magnitude than price elasticity (-2.62; 

Bijmolt, Van Heerde, & Pieters, 2005). 
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Table 1.2. Variables Used in Analysis 

 

Number Variable description Coding scheme 

Theoretical variables 

1 Review valence captures whether the 

calculated elasticity relates to volume or 

valence of reviews 

1=Sales elasticity calculated for 

valence of reviewed; 0=Sales 

elasticity calculated for volume of 

reviews 

2 Critics’ reviews captures whether the 

reported reviews included reviews by 

experts or only consumer reviews 

1=Critical reviews included; 

0=Critical reviews not included 

3 Third-party sources captures whether the 

reported reviews included reviews from 

third-party websites or only seller 

websites 

1=Third-party review included; 

0=Third-party review not included 

4 Product involvement captures the degree 

to which consumers perceive a product 

category to be innately important  

Mean rating of product 

involvement where 1=Involving 

and 7=Not involving 

5 Product benefits captures whether a 

product is a necessity purchased for 

utilitarian reasons to be privately 

consumed  

Mean rating where 1= Privately 

consumed necessity and  

7=Publicly consumed luxury 

6 Frequency of purchase captures whether 

the product has a life span of less than 3 

years (i.e., is a durable product that 

represents a nonroutine purchase) 

Mean rating of product durability 

where 1=Nonroutine purchase of a 

durable product and 7=Routine 

purchase of a nondurable product 

Methodological variables 

7 Manuscript status whether the paper was 

published in a peer-reviewed journal 

1=Published manuscript, 

0=Unpublished manuscript 

8 Journal quality captures whether the 

paper appeared in an elite journal 

1=Published in elite journal, 

0=Not published in and elite 

journal 

9 Geographic setting captures the country in 

which data were collected 

1=Data collected in the U.S., 

0=Data collected elsewhere  

10 Sample domain captures whether 

unreviewed products were included in the 

dataset 

1=Unreviewed products included, 

0=Unreviewed products not 

included 
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Number Variable description Coding scheme 

11 Span of data collection captures whether 

data was collected at one point in time or 

across several time periods 

1=Cross-sectional data, 0=Time 

series data 

12 Estimation method capture whether the 

estimation method used was ordinary least 

squares (OLS), multistage and generalized 

least squares, or maximum likelihood 

1=Ordinary least squares, 

0=Other estimation method 

13 Functional form of model (Log-Log) 

captures if both the dependent variable 

and independent variable are modeled as 

log transformations of the original 

variables 

1=Log-Log functional form, 

0=Other function form 

14 Endogeneity captures whether 

endogeneity is modeled 

1=Endogeneity accounted for, 

0=Endogeneity not accounted for 

15 Heterogeneity summarizes the impact of 

unobserved variables relating to the 

reviewed product  

1=Fixed effect or random effects 

specification used to account for 

unobserved product-related 

variables, 0=Unobserved product-

related not accounted for 

 

 

Figure 1.2. Frequency Distribution of Sales Elasticities 
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Table 1.3. Correlation Matrix for all Variables in Meta-Analytic Model 

 

 
BOLD p = < 0.01 / * p = < 0.10  / ** p = < 0.05 

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16

1 Prod. involvement 1

2 Product benefits -0.01 1

3 Frequency of purchase 0 0.01 1

4 Third-party sources -0.62 -0.34 -0.22 1

5 Critics’ reviews -0.39 -0.03 0.11** 0.4 1

6 Manuscript status (published) -0.09* -0.37 0.38 0.27 0.12** 1

7 Journal quality (elite) -0.06 0.08* 0.24 0.16 0.02 0.37 1

8 Geographic setting (U.S.) 0.2 -0.24 0.47 0.03 0.06 0.53 0.54 1

9 Sample domain (unreviewed products included) 0.21 0.24 -0.13 -0.16 -0.22 0.14 0.35 0.21 1

10 Span of data collection (cross-sectional) -0.04 -0.06 0.06 0.13 0.04 0.15 0.09* 0.03 -0.18 1

11 Heterogeneity 0.18 0.03 0.02 -0.2 -0.18 -0.13 -0.02 0.16 0.19 -0.67 1

12 FF (loglog) 0.03 -0.10** 0.33 -0.03 0.19 0.14 0.08* 0.13 -0.19 0.15 -0.11** 1

13 Endogeneity 0.29 0.12** 0.39 -0.08 -0.06 0.39 0.35 0.58 0.24 -0.01 0.24 0.09* 1

14 Estimation method (OLS) 0.3 0.19 -0.13 -0.24 0.03 -0.16 0.09* 0.14** -0.09* -0.05 0.08 0.16 -0.06 1

15 Review valence -0.07 0.09* 0.11** 0 0.01 -0.04 -0.12* -0.10** -0.17 -0.01 0 0.52 -0.02 -0.04 1

16 Sales elasticity -0.25 0.18 0.17 0.22 0.39 0.10** 0.08 0.01 -0.07 0 0.01 0.11** 0.06 -0.05 0.19 1

Pearson Correlation Coefficients, N = 412
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Effects of Influencing Variables 

Table 1.4 presents the results of our meta-analytic model, including parameter estimates 

for the influencing variables based on the final, useable sample of 412 sales elasticity estimates. 

Coefficients for the following variables are statistically significant (at the p <.05 level): review 

valence; critics’ reviews; third-party sources; and, product involvement.  

Sales elasticities calculated based on review valence are significantly higher than those 

calculated based on review volume (β = .0.81, S.E. = 0.16, t = 4.94, p = <0.0001). Online product 

reviews appearing on a third-party website have significantly higher sales elasticities than those 

appearing on seller websites (β = 0.95, S.E. = .25, t = 3.77, p = 0.00). Similarly, sales elasticities 

for products evaluated by experts in online product reviews are significantly higher than those 

reviewed by other consumers (β = 1.00, S.E. = .22, t = 4.56, p<0 .0001).  

When online product reviews pertain to items that are characterized by greater product 

involvement, the impact on sales elasticity is significantly greater than when lower involvement 

products are evaluated (β = 0.53, S.E. = .13, t = 3.98, p = <0.0001). Neither product benefits 

sought (β = .17, S.E. = .12, t = 1.40, p = .16) nor frequency of purchase (β = .04, S.E. = .13, t = 

0.27, p = .79) are significant variables in our model. 

Among the methodological variables that both heterogeneity and functional form (log-

log) are significant and positively related to sales elasticities. Sales elasticities for studies which 

specify a model of functional form (log-log) are significantly greater than for those observations 

that specify other functional forms such as log-level or level-level (β = 0.69, S.E. = .21, t = 3.34, 

p = 0.00).  
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Table 1.4. HLM Estimates of Variance in Sales Elasticities Associated with Online Product Reviews 

 

 
Bold: p < 0.05 
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It is possible that this result is related to the fact that elasticities for log-log functional form can 

be taken directly from the reported coefficients in the models, and do not have to be calculated 

using the means—as those elasticities derived from log-level and level-level functional forms do. 

Studies with models that account for heterogeneity have significantly higher sales elasticities 

than studies that fail to account for heterogeneity in their models (β = 0.60, S.E. = .26, t = 2.31, p 

= 0.02). 

It is also important to note some of the variables in our model that did not have a 

significant impact on sales elasticities. Specifically, the influence that online product reviews 

exerts on sales elasticities is not significantly different for (1) U.S. vs. other samples, (2) cross-

sectional vs. longitudinal sales data, (3) articles published in elite vs. other journals, and (4) 

research applying relatively simple (e.g., OLS) vs. sophisticated estimation methods. This 

suggests that the conclusions we draw about online product reviews are relatively generalizable 

across a variety of contexts. 

DISCUSSION 

Like it or not, retailers now compete in an Internet-based environment, where consumers 

“harangue, lecture, pontificate, and otherwise broadcast personal opinions, experiences, 

problems, solutions, and other adventures” (Notess, 2000). This means the received wisdom 

about word-of-mouth communications (see review in deMatos & Rossi, 2008) is evolving, 

especially given the preponderance of online product reviews that pervade today’s marketplace 

(Duan, Gu, & Whinston, 2008). We offer evidence that online product reviews have a significant 

impact on sales elasticity. Our research also provides interesting insights about important 

variables—relating to specific features of the reviews, the websites on which reviews appear, and 
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the nature of the products being reviewed—which augment or diminish the influence that online 

product reviews exert on retailer performance.  

Theoretical and Practical Implications 

The most impactful influencing variable in our meta-analytic model is critics’ reviews, 

followed by third-party sources, and review valence. Online product reviews have a significantly 

greater influence on sales elasticities when they are delivered by a critic, appear on a non-seller 

website, and include valence information in the evaluation. Interestingly, observations based on 

review valence have significantly higher sales elasticities than those based on review volume. 

Our confirmation that both review variance and review volume exert an impact on sales 

elasticities is not surprising. Interestingly, though, review volume has frequently been found to 

have a greater influence on performance—especially in certain product domains (c.f. Duan, Gu, 

& Whinston, 2008; Liu, 2006). Our finding that review valence is relatively more impactful than 

review volume represents a departure from this assumption, but finds limited support in more 

recent research by Chintagunta, Gopinath, and Venkataraman (2010), whose work features a 

rigorous treatment of sequential rollout and aggregation in Box Office movie ticket sales. 

It is likely that the relationship between online product reviews and retail sales is more 

complex than the direct associations we analyzed here. In particular, experimental researchers 

have demonstrated that review valence and volume interact to impact consumer perceptions (c.f. 

Khare, Labrecque, & Asare, 2011). We attempted to apply Bushman’s (1994) vote-counting 

procedure to assess this interaction meta-analytically; however, we were only able to locate six 

studies in our database that examine the review valence by volume interaction. Unfortunately, 

instead of providing parameter estimates across the full range of each level for both variables, 
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five of these studies provided parameter estimates for subsets of different levels of valence and 

volume. A notable exception is provided by Chintagunta, Gopinath, and Venkataraman (2010), 

who demonstrate that the review valence X volume interaction exerts a significant impact on box 

office movie sales. Even if all six studies treated both valence and volume as continuous 

variables in their analysis of interactions and reported results in a statistically comparable 

manner, it is not meaningful to perform formal statistical tests on such a small number of 

measures. Understanding how this and other interactions help or hinder sales elasticities 

associated with online product reviews represents a particularly important avenue to pursue in 

future research. 

While our meta-analysis does not clearly elucidate the impact of the review valence X 

volume interaction on sales elasticity, we are able to provide more conclusive take-aways with 

respect to other important aspects of online product reviews and the products they evaluate. 

Consonant with our expectations and other research exploring the impact of online product 

reviews (Chen & Xie, 2008; Senecal & Nantal, 2004), sales elasticities are higher for online 

product reviews that are posted on third-party websites as compared to those appearing on seller 

websites. We also find higher sales elasticities for products evaluated by experts (versus other 

consumers) in online product reviews. For example, in our meta-analytic dataset the overall sales 

elasticities from Duan, Gu, & Whinston (2008)’s data—which includes the opinions of movie 

critics—are higher than average (Es = 1.40), as are the sales elasticities we calculated for review 

volume from Liu (2006)’s data (Es = .461). Our results also support more general research on 

source effects, which demonstrate greater persuasive impact for information delivered by sources 
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that are perceived as possessing higher credibility and expertise (Hovland & Weiss, 1951; 

Hovland, Janis & Kelley, 1953; Kelman, 1961; McGuire, 1969, 1985). 

Our results also suggest that online product reviews have a significantly greater impact 

on the sales elasticities of high-involvement products. To illustrate, we calculated higher sales 

elasticities for data from Gu, Park, & Konona (2012)—which examines the impact of online 

product reviews for digital cameras—for both review valence (Es = 2.88) and review volume (Es 

=1.49). This finding is consistent with involvement theory, which indicates that consumers 

engage in extensive (limited) online search for products that are more (less) involving, which 

they associate with higher (lower) perceived risk (Mathwick & Rigdon, 2004).  

A particularly noteworthy research-related implication pertains to the general robustness 

of the relationship between online product reviews and sales elasticity. While the focus of our 

meta-analysis was on the characteristics of the reviews and the products being reviewed, the 

results we obtain with respect to methodological variables characterizing the study, sample, data, 

and model of each paper provide interesting insights for future research exploring the impact of 

online product reviews. We test for—but find no significant differences in—sales elasticities for 

a wide variety of commonly raised method-related concerns, including whether: (1) the 

manuscript appears in an elite journal or another outlet; (2) the data was collected in the U.S. or 

elsewhere; (3) the data was contemporaneous or longitudinal; and, (4) the sample included 

unreviewed products. The only significant methodological variables in our model were whether: 

(1) the model employed a functional form (LogLog); (2) the manuscript was published; and, (3) 

whether the model accounted for heterogeneity. Thus, our examination of 412 sales elasticities 

from 26 studies suggests that sales elasticities are statistically invariant to a host of design-related 
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variables. (This finding mirrors results reported by Krasnikov and Jayachandran (2008) in a 

meta-analysis examining the impact of the marketing function on firm performance.) While we 

support the employment of research designs that allow researchers to arrive at valid and reliable 

inferences, our meta-analysis suggests that method- and measurement-induced biases should not 

be used to automatically reject otherwise rigorously conducted research. Thus far research in this 

area has relied on a rich mix of methods to extend our understanding of online products reviews, 

including experiments, simulations, and econometric analyses of sales data. It is our hope that 

exploration employing multiple methods will continue, and that this meta-analysis will 

encourage researchers to examine the impact of online product reviews in diverse settings and 

industries, with a variety of product categories and samples. 

Limitations and Future Research 

While this manuscript builds and expands upon the eWOM knowledge base, some 

limitations should be noted. Any quantitative synthesis is constrained by the nature and scope of 

the original studies on which it is based and this shortcoming should be borne in mind when 

interpreting findings presented here. First, not all published studies on online product reviews 

reported enough data to calculate a usable sales elasticity; therefore, some empirical work 

exploring the relationship between online product reviews and sales elasticity could not be 

incorporated into this analysis. Second, the theoretical variables in our model were developed 

through factor analysis of ratings provided by expert judges who are Marketing professors—a 

well-established approach in both meta-analysis and scale-development research. However, the 

composition of our product benefits variable might be attributed to the nature of our expert 

judges and their ratings of one particular product (i.e., books) that accounts for one-third of the 
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observations in our dataset. Their evaluation of books as privately-consumed utilitarian 

necessities might account for the statistical grouping of two related items (product utilitarianism 

and necessity) with a less related item (private consumption). Finally, our analyses were 

constrained to examining variables that could be coded from the extant literature. While the 

theoretical variables studied here provide scholars and practitioners with useful information, the 

inability of these codeable variables to fully account for the variance in sales elasticity indicates 

that additional measurement and/or contextual factors need to be modeled and reported in future 

studies of online product reviews. For instance, it would be interesting to explore the 

effectiveness of online product reviews for products that vary in terms of credence (Nelson, 

1980; Wilde, 1980; Bloom & Pailin, 1995) and performance risk (Schiffman & Kanuk, 2007). 

(We attempted to include these variables in our meta-analysis; however, items assessing 

credence and performance risk were found to be multivocal in the factor analysis performed to 

group our theoretical variables and were thus eliminated.)  

Conclusions 

The results of our meta-analysis reinforce the old retailing adages that “the customer is 

always right,” and yield practical implications for retailers. First, our findings highlight the 

importance of providing a quality product that delivers on its brand promise and meets or 

exceeds consumers’ expectations (de Chernatony, 2001; Priluck, 2003). Additionally, retailers 

must establish mechanisms for detecting service and product failures, and have established 

procedures and well-trained employees in place to redress such situations (Bougle, Pieters, & 

Zeelenberg, 2003; Richins, 1983; Spreng, Harrell, & Mackoy, 1995). This is more crucial now 

than ever before, because unresolved complaints are likely to motivate dissatisfied consumers to 
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vent by posting negative (i.e., relatively lower) online product reviews that may deter legions of 

potential consumers from purchasing the offending brand in the future (Goodwin & Ross, 1992; 

Grant, 2013; Jones & Sasser, 1995). Conversely, retailers should encourage consumers who have 

a favorable product experience to recommend the product to others on the seller’s website and on 

other third-party websites such as Epinions.com or Yelp.com (Dellarocas, 2003). That is, since 

potential consumers are apt to interpret a greater number of positive online product reviews as 

supporting an accurate assessment (Salganik, Dodds, & Watts, 2006; Salganik & Watts, 2008), 

retailers should facilitate the writing of reviews by satisfied consumers. However, it is important 

that retailers encourage positive eWOM without appearing to engage in unethical or deceptive 

practices. While extant research on the “gaming” of review sites is primarily anecdotal, there is 

some evidence of retailers posting fake positive reviews to boost their ratings and unfavorable 

reviews denigrating competitors (Fisman, 2012). Such transgressions breed mistrust among 

consumers, and are likely to prompt a negative backlash in the marketplace (Moyer, 2010).  
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INTRODUCTION 

 

There is a large and growing body of research in the organizational and decision sciences 

literature focused on the subject of framing—presenting logically equivalent choice options in 

semantically different ways (cf. Krishnamurthy, Carter, & Blair, 2001). Framing research 

generally focuses on one of three general types: attribute framing, risky choice framing, or goal 

framing. Since the publication of seminal articles in this field of study (Krishnamurthy et al., 

2001; Levin, Schneider, & Gaeth, 1998), there has been a proliferation in research activity 

exploring when framing effects are more (less) pronounced. Published literature on each of the 

types of framing has expanded to the degree that comprehensive meta-analyses have now been 

published in this journal to synthesize the attribute framing literature (Freling, Vincent, & 

Henard, 2014) and risky choice framing literature (Kühberger, 1998), effectively inventorying 

the extant research for two of the three frame types. While each of these three focal areas 

provides insight into various facets of decision-making, Levin et al. (1998) caution that research 

exploring the different types of frames is distinct because each involves different mechanisms 

and consequences, varies in terms of the information that is framed as well as the presumed 

outcome of that frame, and differs in the manner in which effects of the frame are measured. 

A correspondingly current and exhaustive synthesis of the goal framing literature does 

not yet exist—but it is not for lack of trying. In fact, there are 200 empirical articles and eleven 

meta-analyses (see Table 2.1) alone on the subject of goal framing. Given the seeming 

importance that goal framing has to the field of decision science, a systematic review and 

historical synthesis of the empirical evidence is warranted. Meta-analysis is a sound empirical 

tool that allows for an accumulation, summary, and integration of knowledge (Hunter & 
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Schmidt, 2004; Schmidt & Hunter, 2003). The resulting synthesis of empirical knowledge 

effectively provides scholars with a mean effect size that is more accurate than any individual 

effect size reported in the primary studies (Hunter & Schmidt, 2004, McDaniel, 2007; Schmidt & 

Oh, 2013) and further serves to promote best practices in messaging (Briner & Denyer, 2012). In 

this manuscript, the we quantitatively cumulate and synthesize empirical research on goal 

framing using the American Psychological Association’s meta-analysis reporting standards as a 

guiding protocol (APA, 2008). 

The objective of this study is to advance understanding of goal framing effects by 

conducting a meta-analysis of the relevant findings and evaluating the results. To accomplish this 

objective, this manuscript proceeds with an overview of the rationale behind the antecedents, 

consequences, and moderators of goal framing. The methodology for identifying the population 

of empirical studies is then described, which is followed by the findings of a statistical analysis 

comprised of 231 studies reporting 806 correlations. The manuscript concludes by discussing the 

implication of the findings, limitations of the meta-analysis, and directions for future research. 

CONCEPTUAL OVERVIEW 

The idea that message framing (i.e., different wording of logically identical situations) 

makes individuals interpret decision outcomes as gains or losses relative to a reference point was 

initially demonstrated by Kahneman and Tversky (1979). Since that original insight, research on 

framing effects has proliferated across a host of scholarly research domains (cf. Kühberger, 

1998). While the term framing includes all of the various ways that scenarios are presented to 

prompt decision-makers to construct markedly different representations of such situations,   



 

54 

Table 2.1. Extant Meta-Analyses on Goal Framing Effects 

 

Meta-analysis 

Date range 

database 

# of papers 

(effects) Research domain(s) Dependent measures 

Yi (2006) 1983-2002 22 papers (42 

effects) 

Marketing, 

Organizational 

Behavior, Social 

Psychology, Health 

Psychology 

Compliance behavior, 

intentions to comply 

Pinon & 

Gambara 

(2005) 

1997-2003 51 papers (151 

effects) 

Economics, Health, 

Public Policy 

Choice, judgment 

O’Keefe & 

Jensen (2006) 

1965-2005 128 papers 

(165 effects) 

Health, Public Policy, 

Advertising 

Attitude change, post-

communication 

agreement, behavioral 

intentions, behaviors 

O’Keefe & 

Jensen (2007) 

1970-2006 60 papers (93 

studies) 

Health (disease 

prevention) 

Attitude change, post-

communication 

agreement, behavioral 

intentions, behaviors 

O’Keefe & 

Jensen (2008) 

1969-2006 37 papers (42 

effects) 

Health, Advertising Message engagement 

O’Keefe & 

Jensen (2009) 

1987-2008 50 papers (53 

effects) 

Health (disease 

detection) 

Attitude change, post-

communication 

agreement, behavioral 

intentions, behaviors 

Akl et al 

(2011) 

1987-2007 35 papers (38 

effects) 

Health Effectiveness, 

persuasion, behaviors 

O’Keefe & 

Jensen (2011) 

1984-2009 31 papers (43 

effects) 

Health (obesity) Attitude change, post-

communication 

agreement, behavioral 

intentions, behaviors 

O’Keefe & 

Nan (2012) 

1999-2011 33 papers (32 

effects) 

Health (vaccination) Attitude change, post-

communication 

agreement, behavioral 

intentions, behaviors 

O’Keefe & 

Wu (2012) 

1993-2011 Number of 

papers not 

reported (33 

effects) 

Health (skin cancer) Attitudes, behaviors, 

behavioral intentions 

Gallagher & 

Updegraff 

(2012) 

1977-2011 79 papers (189 

effects) 

Health Attitudes, behaviors, 

behavioral intentions 
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the focus of this manuscript is exclusively on goal framing, where the goal of an action or 

behavior is framed (e.g., stressing either the positive consequences of reducing consumption of 

sugar in one’s diet or the negative consequences of failing to do so). We distinguish goal framing 

from two other types of framing identified by Levin, et al. (1998): risky choice framing, which 

describes the outcomes of a potential choice involving options differing in level of risk (e.g., 

presenting two programs differing in risk level for reducing diabetes described in terms of either 

positive or negative outcomes); and attribute framing, where a single attribute within a given 

context is the subject of the framing manipulation (e.g., describing a food item as “85% sugar 

free” or containing “15% sugar”).  

Levin, et al. (1998) assert that the three different types of framing should be examined 

independently to avoid unnecessary complexity and confusion due to the idiosyncratic 

characteristics of each frame type. Levin, Gaeth, Schneider, and Lauriola (2002) empirically 

corroborate earlier theoretical propositions using a within-subjects framing manipulation in a 

study conducted across two sessions, in which each subject saw both framing conditions and all 

three types of frames. They demonstrate statistically significant effects for attribute and risky 

choice framing (but not goal framing) and conduct a direct test of dependency suggesting that the 

three types of framing are governed by different processes and are independent of each other. In 

addition to the existing meta-analyses of the attribute framing (Freling, Vincent, & Henard, 

2014) and risky choice framing (Kühberger, 1998) literatures, these results provide further 

empirical support for the decision to singularly focus on goal framing in this present meta-

analysis. 
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As noted previously, twelve meta-analyses have already been conducted on the effects of 

goal framing. While these efforts certainly shed some light on the phenomenon, they differ 

considerably in terms of the domains explored, papers included, dependent variables assessed, 

moderators investigated, and analytic techniques employed. The cumulative effect is, perhaps, 

not surprising that no consensus has been reached in terms of how and when goal framing affects 

individual decision making and behavior. Some research teams report no significant differences 

for gain versus loss goal frames (O’Keefe and Nan, 2012; O’Keefe and Wu, 2012), others 

indicate loss goal frames are more effective (Akl et al., 2011), while still others suggest greater 

persuasion is associated with gain goal frames (O’Keefe and Jensen, 2006, 2007, 2008). The 

current study seeks to reconcile these disparate findings with a more comprehensive, current 

meta-analytic database on an extensive range of domains, utilizing the most rigorous of methods 

and analytic techniques.   

Goal framing is unique from attribute or risky choice framing in that the criterion variable 

in a goal framing manipulation is innately positive or negative and the use of a framed message 

(positive or negative) merely serves to determine the persuasiveness of the message (Levin et al., 

1998). Common criterion variables of interest in goal framing research range from health-related 

outcomes (e.g., testing for cancer) to social dilemmas (e.g., individual or collective behaviors), to 

consumer choice (e.g., gain- or loss-focused behaviors relative to a product or brand). Another 

differentiating feature of goal framing is that in goal framing both conditions (i.e., a positively- 

or negatively-worded message) promote the same outcome. For example, Meyerowitz and 

Chaiken (1987) analyzed breast self-examination behavior in women by presenting subjects with 

a positive condition (“breast self-examination results in an increased chance of finding a tumor 
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in the early, more treatable stages of the disease”) or a negative condition (“lack of breast self-

examination results in a decreased chance of finding a tumor in the early, more treatable stages 

of the disease”). In each condition, the frame supports the same goal—a(n) (un)desirable 

potential outcome is described in terms of (losses) gains, and the persuasive intention of the 

message is the same in each case (Levin et al., 1998).  

While the published findings generally indicate that a negatively-framed message (i.e., 

avoiding a loss) is more persuasive than one that is positively-framed (i.e., obtaining a benefit), 

available empirical results are mixed, with several studies finding no framing effect (Lalor & 

Hailey, 1990; Lauver & Rubin, 1990; Lerman et al., 1992; Reese, Schneider, Hnath, & Abrams, 

1997) and others suggesting the effect found is qualified (Fleischman, 1988; Grewal, Gotleib, & 

Marmorstein, 1994; Robberson & Rogers, 1988; Wegener, Petty, & Klein, 1990). This variance 

across goal framing studies calls for an investigation of potential moderating variables to better 

understand the relationships at play (APA, 2008). In addition to common measurement variables 

(e.g., estimation procedures, research context, model specification) and characteristics of the 

subject population (e.g., gender, geography, student subjects), we explore the effects of other 

theoretical moderators relating to the frame, the issue being framed, and the individuals 

responding to the frame that have been the subject of emerging goal framing research (e.g., 

valence, involvement, self-construal). 

RESEARCH HYPOTHESES 

Levin, Schneider, and Gaeth (1998) aptly point out that since both goal framing 

conditions promote the same outcome, the central question with goal framing is whether gain or 

loss frames “will have the greater persuasive impact on achieving the same end result” (p.168). 
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Relevant to this question is a robust phenomenon across various disciplines called the negativity 

bias—the general tendency for negative information, events, or stimuli to have a greater impact 

than positive instances on human cognition, affect, and behavior (Fiske, 1980; Klein, 1996). 

Research documents a heightened persuasive impact and sensitivity to negative information 

(Cacioppo, Gardner, & Berntson, 1997), which stimulates greater elaboration and more attention, 

facilitating retrieval of relevant knowledge and generation of evidence (Hilbig, 2012). In a 

classic demonstration of the negativity bias in goal framing, Meyerowitz and Chaiken (1987) 

show that loss-framed pamphlets have a systematically stronger impact on attitudes, intentions, 

and behaviors relating to breast self-examinations than gain-framed pamphlets. Consistent with 

the concept of loss aversion (cf. Kahneman & Tversky, 1979), goal framing effects generally 

show that the reluctance to suffer a loss overrides the desire to obtain a gain of the same size. 

Thus, we predict: 

 

Hypothesis 1. Stronger goal framing effects will occur for messages featuring a loss 

versus a gain frame. 

 

Since Meyerowitz and Chaiken’s (1987) seminal work, a profusion of studies have 

demonstrated boundary conditions for the negativity bias in goal framing. One such moderating 

variable that has received a considerable amount of attention is involvement. In one study, more 

highly involved subjects were more responsive to negatively-framed messages, while positive 

frames were more persuasive among less involved subjects (Maheswaran & Meyers-Levy, 

1990). Similarly, research by Dardis and Shen (2008) show high involvement mediates 

negatively-framed messages when systematic processing—but not heuristic processing—is 
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elicited. Other demonstrations of the moderating effect of involvement abound (e.g., Gamliel & 

Herstein, 2012; Putrevu, 2010; Tsai, 2007). Central to these findings is the notion that persuasion 

occurs via systematic processing (which induces greater elaboration of important, relevant 

aspects of a message) or heuristic processing (which features more reliance on unimportant, 

irrelevant message components) (Eagly & Chaiken, 1993; Petty & Cacioppo, 1986). Based on 

this research and rationale, we expect to find that loss goal framing will be more effective under 

conditions which favor or induce high involvement, while gain goal framing should dominate 

when involvement is lower. Specifically, we expect to find: 

 

Hypothesis 2a: Loss goal frames will be significantly more effective when they feature 

stronger arguments. 

Hypothesis 2b: Gain goal frames will be significantly more effective when they feature 

weaker arguments. 

 

Hypothesis 3a: Loss goal frames will be significantly more effective when the framed 

issue is of high personal relevance. 

Hypothesis 3b: Gain goal frames will be significantly more effective when the framed 

issue is of low personal relevance. 

 

Rothman and Salovey (1997) assert that systematic processing may be motivated by 

factors other than involvement, such as perceived risk—the probability that one will be harmed 

by a hazard (Brewer et al., 2007). Perceived risk is thought to increase one’s need for 

information about relevant attributes, negative consequences, and avoidance tactics (Burnkrant & 

Sawyer, 1983). Researchers contend that a “human alarm system” may be activated when 

situational factors enhance perceptions of perceived risk and self-threat, (Van der Bos 2001), as 

when individuals face issues related to one’s health (Updegraff & Rothman, 2013). In a goal 
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framing context, Block and Keller (1995) show that subjects evaluating health-related messages 

engage in systematic processing when they perceive a situation as risky. Similarly, Meyers-Levy 

and Maheswaran (2004) find that negatively-framed messages are more effective for high-risk 

health issues, whereas the reverse is true in low-risk situations.  

While perceived risk involves beliefs about the likelihood of experiencing a particular 

problem—typically one related to one’s health—a related concept—threat severity—involves 

feelings about the seriousness of consequences associated with that problem, or the extent of 

harm a hazard would cause (Champion & Skinner, 2008). Research suggests that threat severity 

increases message involvement, which enhances attitudes, interest in protection, and behavioral 

intentions (cf. Caubergh, De Pelsmacker, Janssens, & Dens, 2009; Klohn & Rogers, 1991; 

Weinstein, 2000). Verlhiac, Chappé, and Meyer (2011) provide further support, demonstrating 

that loss-framed messages featuring photographs of diseased mouths elicit higher behavioral 

intentions to stop smoking than gain-framed messages with pictures of healthy mouths. 

Consistent with these findings, we propose the following: 

 

Hypothesis 4a: Loss goal frames will be significantly more effective when the framed 

issue is health-related. 

Hypothesis 4b: Gain goal frames will be significantly more effective when the frame 

issue is not health-related.  

 

Hypothesis 5a: Loss goal frames will be significantly more effective when the framed 

issue is associated with higher threat severity. 

Hypothesis 5b: Gain goal frames will be significantly more effective when the framed 

issue is associated with lower threat severity. 

 



 

61 

While the five previous hypotheses predict variance in goal framing effects emanating 

from variables affecting processing differences, other research suggests that situational and 

dispositional characteristics may also moderate the persuasive impact of goal frames (Covey, 

2014; Hayashi & Sasaki, 2012). A commonly studied moderator in the goal framing literature is 

regulatory fit—a state that occurs when individuals engage in an activity that sustains their goal 

orientation (Higgins, 2000). Regulatory focus theory describes two self-regulatory strategies that 

individuals may employ: (1) a promotion focus emphasizing eager approach strategies in the 

pursuit of gains (or avoidance of nongains) and aspiration toward ideals; or, (2) a prevention 

focus emphasizing vigilant avoidance strategies toward losses (or pursuit of nonlosses) and the 

fulfillment of obligations (Higgins, 1997). These two regulatory strategies are thought to be 

associated with distinct psychological states, whereby promotion focus is related to a state of 

eagerness and prevention focus is related to a state of vigilance (Higgins, 2002). In a series of 

experiments, Lee and Aaker (2004) show that promotion-focused appeals are more persuasive 

when they feature gain frames, while prevention-focused appeals are more persuasive when they 

are loss-framed. Their results suggest heightened vigilance against negative outcomes and 

enhanced eagerness toward positive outcomes. A surfeit of goal framing studies support this 

synergistic relationship between the psychological states associated with subjects’ regulatory 

focus and their responsiveness to gain vs. loss goal frames (Brodscholl, Kober, & Higgins, 2007; 

Kees, Burton, & Tangari, 2010; Kim, 2006; Zhao & Pechmann, 2007). Accordingly, we predict:  

    

Hypothesis 6a: Loss goal frames will be significantly more effective when the framed 

issue is associated with a state of vigilance. 

Hypothesis 6b: Gain goal frames will be significantly more effective when the framed 

issue is associated with a state of eagerness.  



 

62 

Yet another dispositional factor related to regulatory focus that may moderate goal 

framing effects is subjects’ self-construal—the thoughts, feelings, and actions concerning the 

relation of the self to others and the self as distinct from others (Singelis, 1994). Research in this 

area highlights two distinct self-views: (1) the independent self-construal, in which a person 

views oneself as defined by unique attributes and characteristics that distinguish him or her from 

others; and, (2) the interdependent self-construal, in which a person views oneself as intimately 

defined by others rather than distinguished from others (Fiske, Kitayama, Markus, & Nisbett, 

1998). The former is thought to be nurtured where values of independence are endorsed (e.g., the 

U.S.), while the latter tends to be cultivated in cultures that encourage individuals to value their 

obligations and responsibilities over their own personal wishes and desires (e.g., China; Markus 

& Kitayama, 1991). Previous research suggests that individuals with a dominant independent 

self-construal tend to be promotion-focused, while those with a dominant interdependent self-

construal are typically prevention-focused (Lee, Aaker, & Gardner, 2000). Similarly, in the goal 

framing literature, research reveals that independently-oriented or primed individuals are more 

responsive to gain-framed messages, whereas interdependently-oriented or primed individuals 

find loss-framed messages to be more persuasive (Aaker & Lee, 2001; Chen, Ng, & Rao, 2005; 

Sung & Choi, 2011). Based on this research, we expect to find that: 

 

Hypothesis 7a: Loss goal frames will be significantly more effective among more 

interdependent subjects. 

Hypothesis 7b: Gain goal frames will be significantly more effective among more independent 

subjects. 
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METHODOLOGY AND DATABASE DEVELOPMENT 

Search Strategy  

Extant empirical goal framing research studies are identified via several methods. 

Research studies referenced in seminal framing articles (e.g., Krishnamurthy et al., 2001; Levin 

et al., 1998), extant goal framing meta-analysis (see Table 2.1), and relevant reviews (c.f. Covey, 

2014; Rothman, Bartels, Wlaschin, & Salovey, 2006; Updegraff & Rothman, 2013; Wansink & 

Pope, 2014) were first collected. A forward citation search of these seminal articles was then 

conducted to uncover additional research initiatives. We subsequently manually searched 

relevant academic journals including Organizational Behavior and Human Decision Processes, 

European Journal of Social Psychology, International Journal of Advertising, Journal of 

Advertising, Journal of Advertising Research, Journal of Applied Psychology, Journal of Applied 

Social Psychology, Journal of Behavioral Decision Making, Journal of Business Research, 

Journal of Consumer Psychology, Journal of Consumer Research, Journal of Experimental 

Social Psychology, Journal of Marketing, Journal of Marketing Research, and Journal of 

Product & Brand Management for the years 1980-2016. We further reviewed the reference 

sections in each of the articles identified in these initial search efforts, which yielded additional 

published research. As an added measure to locate as many relevant manuscripts as possible, we 

conducted keyword searches of appropriate electronic databases (e.g., Business Source, 

PsychInfo) and also requested research on goal framing via two leading electronic academic list 

serves to identify additional studies potentially missed in earlier data collection efforts. Finally, 

we searched databases of non-peer reviewed research (e.g., dissertations, conference 
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proceedings, and working papers) to minimize the threat of publication bias (cf. Kepes, Banks, 

McDaniel, & Whetzel, 2012b; Rothstein, Sulton, & Borenstein, 2005).  

After identifying all obtainable and relevant studies, each paper’s appropriateness for the 

current meta-analysis was evaluated. Studies were deemed eligible if the following conditions 

were met: (a) the study focused on the relationship between goal framing and respondent 

outcomes; and (b) the correlation between goal framing and the outcome effect (or a statistical 

equivalent) was reported (cf. Glass, McGaw, & Smith, 1981; Janiszewski, Noel, & Sawyer, 

2003). Goal framing is defined as a message designed to influence the implicit goal that an 

individual adopts by focusing attention on its potential to provide a benefit or gain (positive 

frame) or on its potential to prevent or avoid a loss (negative frame) (Levin, Schneider, & Gaeth, 

1998). Papers that explored attribute framing (where some characteristic of an object or event 

serves as the focus of the frame) or risky choice framing (where the outcomes of a potential 

choice that involve options differing in level of risk are described in different ways) were not 

included in the present study. Extant literature (Levin et al., 1998; Krishnamurthy et al., 2001; 

Levin et al., 2002) was used to guide the categorization of the frame under investigation. 

Consistent with other meta-analyses (cf. Rothman and Salovey, 1997, Freling, Vincent and 

Henard, 2014), outcome effects were categorized as either attitudes (366 effects) or behaviors 

(including behavioral intentions; 440 effects).  

Following accepted meta-analytic procedures for the organizational sciences (cf. APA, 

2008; Briner & Denyer, 2012; Kepes, McDaniel, Brannick, & Banks, 2013), we established 

additional decision rules for determining which articles would comprise the dataset. Specifically, 

papers were  excluded that: do not compare gain frames to loss frames ( cf. Kalichman & Coley, 
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1995); explore goal framing theory and examine nonequivalent frames in terms of intrinsic vs. 

extrinsic motivation (Pelletier & Sharp, 2008); explore nonequivalent progress frames ( cf. 

Eibach & Purdie-Vaughns, 2011); examine nonequivalent competing vs. cooperating frames ( cf. 

Sagiv, Sverdlik, & Schwarz, 2011); compare nonequivalent process to outcome frames; explore 

nonequivalent performance vs. learning goals ( cf. Chen & Mathieu, 2008); measure the impact 

of subjects’ chronic regulatory focus ( cf. Yen, Chao, & Lin, 2011) or prime subjects’ chronic 

regulatory focus ( cf. Sett, 2014) rather than manipulating a gain vs. loss frame in a particular 

decision scenario; compare prevention vs. promotion products ( cf. Chatterjee, Roy, & Malshe, 

2011); examine frames imposed by subjects ( cf. Elliott & Archibald, 1989); specify outcome 

favorability rather than manipulating a gain vs. loss frame in a particular decision scenario ( cf. 

Francis-Gladney, Magner, & Welker, 2010); examine goal framing in a group decision-making 

scenario (cf. Levin, Higgins, & Choi, 2000); or, employ manipulations where frames are 

qualitatively different ( cf. Rudd, Aaker, & Norton, 2014; Boekaerts, 2002).  

Despite collecting 1,160 effects from 200 papers, we chose to limit this analysis to goal 

framing effects related to attitudinal and behavioral (including intentions) measures. As a result, 

178 papers (including 21 unpublished manuscripts) containing 806 goal framing effects and 

41,502 observations were retained for analysis. Papers in this meta-analytic database span 30 

years (1986-2016) and contained data collected from samples in 24 different countries. Goal 

framing effects reported in these studies cover a wide range of research domains including: 

decision sciences, judgment and decision making, psychology, business, accounting, marketing, 

communications, information systems, economics, social justice, public policy, health, and 

medicine.  
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Coding Procedures 

A correlation coefficient was coded or calculated for each observation. Using correlations 

facilitates interpretation and meaningful comparison across effect sizes reported in the goal 

framing literature (Hunter & Schmidt, 2004). 

Prior studies employing meta-analysis suggest four potential sources of variation among 

observed effect sizes within a research domain; namely research context, measurement method, 

estimation procedure, and model specification (Assmus, Farley, &, Lehmann, 1984; Sultan, 

Farley, &, Lehmann, 1990). Given that this analysis uses correlation as the metric of observed 

effects (which are unaffected by model specification) and that the model’s estimation procedure 

is invariant, the examination of moderators was restricted to those relating to the research context 

and measurement method as possible explanations for differences in goal framing effects. Based 

on this, variables that were theoretically justifiable as potential moderating factors and that could 

be coded from the extant studies were identified and coded. 

With respect to the research context and measurement method of goal framing studies, 

we recorded information about each study’s sample composition, such as whether respondents 

were students or nonstudents, were from the U.S. or another country, or included only females or 

a mixed-gender sample. Given that these factors are less theoretically interesting and practically 

important, they are included in the meta-regression as control variables (see Lynch, 1982; 

Peterson, 2001), but the discussion is focused around the more substantive theoretical moderators 

featured in the hypotheses. 

In addition to calculating the correlation for each goal framing effect reported and coding 

the above control variables, several variables pertinent to the research hypotheses were also 
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independently coded by two expert judges who were blind to the hypotheses.10 we identified 

seven variables that are theoretically justifiable as potential moderating factors that could be 

coded from the studies comprising the meta-analytic database. Judges were provided with 

verbatim excerpts from each paper detailing the goal frame(s) and issue framed in each study. 

Judges first coded the frame type, categorizing each study’s frames as comprised of a gain, 

nonloss, loss, or nongain (Idson, Liberman, & Higgins, 2000). Following Levin, Schneider, and 

Gaeth (2002), we further refined the judges’ expert coding of frame type as either cross-

complement (Jain, Lindsey, Agrawal, & Maheswaran, 2007) or within-complement (Yi & 

Baumgartner, 2008) goal framing. Judges also coded whether the information in the frame 

constituted strong (Banks et al., 1995) or weak arguments (Coats, Janoff-Bulman, & Alpert, 

1996), and the realism of the issue (i.e., real issue: Cox & Cox, 2001; fictitious issue: Cox, Cox, 

& Zimet, 2006). Additionally, the coding scheme included the issue’s personal relevance for the 

sample (i.e., high issue relevance: Gamiel & Herstein, 2013; low issue relevance: Forster, Grant, 

Idson, & Higgins, 2001), and the threat severity associated with the issue (i.e., high threat 

severity: Kim, 2006; low threat severity: Gamiel, 2010). The type of issue being framed in each 

study (i.e., health related issue: Anand-Keller, Lipkus, & Rimer, 2003; non-health issue: Aaker 

& Lee, 2001), was coded to reflect the nature of the issues captured in the meta-analytic data set. 

Finally, the emotional state associated with the issue (i.e., issue approached with eagerness: 

Micu & Chowdhury, 2010; issue handled with vigilance: Lee & Aaker, 2004), as well as the self-

construal of the sample’s culture (e.g., independent: Singelis, 1994; interdependent: Markus & 

                                                 

10 Inter-coder agreement was high (97.6% & 96.2%, respectively) for coding by both author and expert judges. 
Discrepancies were rectified through discussion, reference to the coding scheme, and confirmation from a third 
independent referee. 
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Kitayama, 1991) were coded. We treat these variables relating to the frame and the framed issue 

as theoretical moderators and test specific predictions regarding how their interplay impacts goal 

framing effects.11 

Statistical Methodology 

We employed the analytic techniques prescribed by Hunter and Schmidt (2004) in data 

collection and analysis were employed while paying close attention to the meta-analysis 

reporting standards (MARS) guidelines for best practices in meta-analyses. The effect size coded 

for the analyses is the correlation coefficient, the most commonly analyzed metric in 

organizational sciences literature (Aytug, Rothstein, Zhou, & Kern, 2011; Kepes et al., 2013). 

Correlations provide a means for easy interpretation and meaningful comparison across the effect 

sizes reported in the goal framing literature (Hunter & Schmidt, 2004), and are the dominant 

metric found across the population of goal framing studies.  

Outliers. Given that meta-analytic results are sensitive to issues such as outliers and missing 

data, it is crucial to account for these factors (Kepes, Banks, & Oh, 2012a). Thus, potential 

outliers within the dataset were identified using the sample-adjusted meta-analytic deviancy 

(SAMD) statistic (Beal, Corey, & Dunlap, 2002; Huffcutt & Arthur, 1995). This procedure uses 

a bootstrapping technique where the overall sample-size weighted or reliability-corrected 

correlation between goal framing and its respective outcomes is calculated k-1 times to 

determine if any single sample is biasing the analysis. The absolute value of the SAMD statistic 

can be plotted to give a graphical representation of the points that have greater influence on the 

                                                 

11 Masculinity of the sample’s culture and male-only samples were also coded, but were ultimately eliminated from 
the moderator analysis due to multicollinearity concerns. 
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overall mean.  Figure 2.1 and Figure 2.2 depict the graphical presentation of the SAMD statistic.  

This analysis detected seven observations as outliers. While Hunter and Schmidt (2004) advocate 

the removal of outliers if there is strong methodological rationale for doing so, others urge 

comparing the results when outliers are included vs. excluded (Kepes et al., 2013). After plotting 

the absolute value of the SAMD statistic, those effect sizes that made up the most extreme 1% 

and 5% of the statistic in addition to those points that appear on the vertical portion of the plotted 

curve were noted. This examination serves two purposes: First, it is a signal to review the 

recorded statistic as well as the relevant information taken from the original study to verify that 

no transcription or calculation errors occurred during coding; Second, it allows us to conduct our 

analyses when extreme values are included in the dataset versus when they are removed to 

understand the impact that extreme values have on the results.  We chose to remove outliers 

according to the graphical method described in Huffcut and Arthur (1998) resulting in 

approximately 3% of the most extreme values for the attitudes and just less than 5% of the most 

extreme values (of the SAMD statistic) for behaviors being removed from the dataset. A 

discussion of the results follows.  

Main Effects 

We calculated the estimated correlation (rW) between the goal frame and outcomes 

associated with it. To calculate this overall correlation, each study was weighted by its 

corresponding sample size. When reported, each was further corrected for systematic variance. 

Hunter and Schmidt (2004) point out that survey questions do not form perfectly reliable 

measures of intentions (or emotional states, attitudes, threat perception, etc…). 
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Figure 2.1. Sample Adjusted Meta-Analytic Deviancy Plot of Goal Framing Effects on Attitudes. 

 

 

Figure 2.2. Sample Adjusted Meta-Analytic Deviancy Plot of Goal Framing Effects on 

Behaviors. 
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As a result, each recorded effect size has error inherent in its measurement that is a source of 

systematic variance.  As such, it is necessary to correct the calculated effect size for that error 

based on the reported reliability of the measured variable according to the reliability correction 

factor proposed by Hunter and Schmidt (2004).  

𝑟𝑐 =
𝑟

√𝑟𝑦𝑦
 (2.1) 

Where r is the correlation effect size, ryy is the reliability of the dependent variable (e.g., attitude, 

intention, etc…), and rc is the reliability corrected correlation effect.12,  

Sampling error is estimated as a function of the sample size of the original study. Results 

were averaged across all studies to ensure that sampling error is accounted for in the estimate of 

the overall effect of framing. From this, the average study variance (vart) and an estimate of the 

heterogeneity (i.e., Q, a chi-square distributed statistic) across observed effect sizes within the 

dataset was calculated to determine the amount of variance within the observed effects that is 

explained by sampling error and study artifacts (see Hunter & Schmidt, 2004).  

To help in the interpretation of the significance of the correlation between goal framing 

and its outcome effects, the 95% bootstrapped confidence interval (CIBS) was computed for both 

framing relationships. Since collective data often violate the distributional assumptions of 

parametric tests, the use of bootstrapped confidence intervals that are based on a non-parametric 

                                                 

12 Approximately 57% (592/1041) of effects that did not measure actual behavior had reliabilities reported for the 
measured variable. For those effects (that were not explicit behaviors) that did not report reliabilities, the average 
of the reported reliabilities was used to impute a reliability corrected correlation.  We acknowledge that this may 
represent an overcorrection since it is likely that those studies not reporting may have suffered from low 
reliabilities (<0.70).  

 Imputing reliabilities could be considered adding error in and of itself.  Our analyses were repeated both with and 
without reliability corrected effect sizes and yielded consistent results.  Note that reliability correction leads to an 
increase in the magnitude of the effect, thus rendering analyses of uncorrected effect sizes a more conservative 
approach as larger effect sizes are more likely to lead to significant differences from 0. 
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distribution is appropriate and provides a more powerful estimate than traditional confidence 

intervals (Rosenberg, Adams, & Gurevitch, 2000). Given its popularity in the social sciences 

literature, we also calculated the fail-safe sample size (NFS) as an additional sensitivity test 

assessing publication bias (see Rosenthal, 1979). This information estimates the number of 

unpublished studies with a null effect size that would have to exist to render the observed effects 

non-statistically significant (Janiszewski et al., 2003). A larger NFS value conveys greater 

confidence in the robustness of obtained results. 

Moderator Analysis Procedures 

We examine the impact of both methodological and theoretical variables on goal framing 

effect sizes in three ways: (1) through univariate main effect and subsample analyses, (2) via a 

multivariate weighted generalized least squares (GLS) random effects model (Geyskens, 

Steenkamp, & Kumar, 1999; Lipsey & Wilson 2001), and, (3) via a Hierarchical Linear Model 

(HLM) (Bijmolt and Pieters 2001; Raudenbush and Bryk, 2002). The distinguishing points of 

each of these approaches are discussed in the results section below.   

Meta-Analytic Model Specification. The summary statistics for a meta-analysis can be 

calculated using either a fixed-effects of random-effects model specification.  The defining 

characteristic of a fixed-effects specification is the assumption that there is one true effect size 

for all of the studies in the meta-analytic dataset, and that the observed variation in the effect 

sizes are due only to sampling error in the individual studies (Rosenberg, Adams, & Gurevitch, 

2000). Such an assumption might be applicable if each of the component studies were 

replications of each other. The key assumption underlying a random-effects model specification 

is that there is real variation between studies and that the realized effect size represents a 
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deviation from the true effect size for each study. The primary difference in estimation is that 

weights used in a fixed-effects model are a function of only the variance of the individual effect:  

𝑤𝑖 =
1

𝑣𝑖
 (2.2) 

For the random-effects model, the between study variance 𝜎𝑝𝑜𝑜𝑙𝑒𝑑
2  is estimated and enters the 

denominator of the weight function:  

𝑤𝑖 =
1

𝑣𝑖+ 𝜎𝑝𝑜𝑜𝑙𝑒𝑑
2  (2.3) 

Weighted generalized least squares is used to estimate the following meta-regression model:  

𝐸𝑖 = 𝛽𝑜 + ∑ 𝛽𝑝𝑋𝑝𝑖
𝑃
𝑝=1 + 𝜖𝑖 (2.3) 

Where Xpi represents the p moderator variables of effect i.  The coefficients, p are estimated as:  

�̂� = (𝑋𝑡𝑊𝑋)−1𝑋𝑡𝑊𝐸 (2.5) 

Where  is a vector of coefficients, X is a design matrix of moderator variables for each effect, E 

is a vector of effect sizes and W is a diagonal matrix with the individual weights, wi.   

HLM Model Specification. Note that the model above does not take into account the 

nested structure (i.e., measures within studies) of meta-analytic data.  Bijmolt and Pieters (2001) 

point out that specifying a HLM not only accommodates the structure of the data, but also allows 

moderator variables to enter at either the measurement level or the study level. The specification 

of the HLM model is as follows:  

Level 1 (Measurement Level) Model:  

𝐸𝑚𝑠 = 
0𝑠

+ ∑ 𝛽𝑝,𝑠𝑋𝑝,𝑚𝑠
𝑃
𝑝=1  + 𝑒𝑚𝑠 (2.6) 

Level 2 (Study Level) Model:   

𝛽0𝑠 = 𝛾00 +  𝑢0𝑠 (2.7) 



 

74 

𝛽𝑝𝑠 = 𝛾𝑝0 + ∑ 𝛾𝑝,𝑞𝑍𝑠
𝑄
𝑞=1 + 𝑢𝑝𝑠 (2.8) 

Where m = 1, …, Ms effect sizes are taken from each of s = 1, …, S goal-framing studies.  

The total number of measured effect sizes equals: M = ∑ 𝑀𝑠
𝑆
𝑠=1 . Each measured effect size, rms 

represents an estimate of the ‘true’ effect size 0s (the intercept) for study s plus some 

measurement error ems which is distributed N (0,𝜎𝑒
2).  Additionally, moderators can enter at level 

1 to explain the variation in effect sizes.  For our study the vector of level 1 moderators includes 

X = [Loss Attitudes Contrast]. At the measurement level these variables capture whether the loss 

frame was more persuasive, whether the outcome effect is an attitude or behavior, and whether 

the effect is the result of a main effect or simple interactive effect/contrast.   

The true effect size for any individual study is modeled at level 2 as the true ‘overall’ 

effect size 00 plus some deviation u0s. The study level error, u0s is assumed N (0,𝜎𝑢
2).  In a 

similar manner as level 1, moderator variables explaining the variance of true effect sizes at the 

study level enter at level 2.  The vector of level 2 moderators (i.e., the moderators that vary only 

at the study level and not the measurement level) includes both methodological controls and the 

theoretical variables: Z = [student females US ArgStrength Relevent Health ThreatSeverity 

Eagerness Individualist].   Substituting the level 2 equations into the level 1 equations gives the 

mixed effects specification of the HLM:  

Mixed Effects: 

𝐸𝑚𝑠 = 𝛾00 +  𝑢0𝑠 + ∑ (𝛾𝑝0 + ∑ 𝛾𝑝,𝑞𝑍𝑠
𝑄
𝑞=1 + 𝑢𝑝𝑠)𝑋𝑝,𝑚𝑠

𝑃
𝑝=1  + 𝑒𝑚𝑠 (2.9) 

The Hierarchical Linear Model (HLM) specification leads to a block diagonal error 

structure as described by Bijmolt & Pieters (2001) and depicted by Singer (1998) in which each 
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block on the diagonal is populated by 𝜎𝑢
2 and the measurement level error, 𝜎𝑒

2 enters along the 

diagonal of each block.  

It is a useful exercise to examine a simplified version of the HLM specification to see 

how it can be used to test the different hypotheses proposed for the theoretical moderators. 

Below is a simplified model specification that will allow us to test H1 and H3. At level 1, the 

moderator Loss enters the model and the moderator variable Relevant enters at level 2: 

 

Level 1 (Measurement Level): 

𝐸𝑚𝑠 = 
0𝑠

+ 
1𝑠

𝐿𝑜𝑠𝑠𝑚𝑠 + 𝑒𝑚𝑠 (2.10) 

Level 2 (Study Level): 

𝛽0𝑠 = 𝛾00 +  𝛾01𝑅𝑒𝑙𝑒𝑣𝑎𝑛𝑡𝑠 + 𝑢0𝑠 (2.11) 

𝛽1𝑠 = 𝛾10 + 𝛾11𝑅𝑒𝑙𝑒𝑣𝑎𝑛𝑡𝑠 + 𝑢1𝑠 (2.12) 

 

Combining the level 1 and level 2 models yields the mixed specification:  

𝐸𝑚𝑠 = 𝛾00 +  𝛾01𝑅𝑒𝑙𝑒𝑣𝑎𝑛𝑡𝑠 + 𝛾10𝐿𝑜𝑠𝑠𝑚𝑠 + 𝛾11𝑅𝑒𝑙𝑒𝑣𝑎𝑛𝑡𝑠𝑥𝐿𝑜𝑠𝑠𝑚𝑠 + 𝑢0𝑠 + 𝑢1𝑠 + 𝑒𝑚𝑠 (2.13) 

The first four terms represent the fixed-effects portion of the HLM model and the last 

three terms make up the random terms in the model.  Keeping in mind that all the moderators in 

our meta-analysis are categorical (0,1) variables, the gamma coefficients can be interpreted as 

follows:  

00 = the conditional overall mean effect size when each moderator is at the 0-level (i.e., 

the issue being framed is of low personal relevance to the subjects and the gain frame was 

more persuasive for this effect size Ems).  
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10 = the change in the overall mean effect size when the loss frame is more effective than 

the gain frame. The significance and sign of the coefficient can be used to test H1.  If 10 

is positive and significant then H1 is supported. When loss frames are more persuasive, 

effect sizes are greater.  

01 = the change in the overall mean effect size when the issue being framed is of high 

personal relevance. The significance and sign of the coefficient can be used to test H3b.  

If 01 is negative and significant then H3b is supported.  The literal interpretation of a 

negative, significant coefficient is: Issues of high personal relevance led to lower effect 

sizes (than did issues of low personal relevance) when gain frames are more persuasive 

than loss frames.  

11 = the impact of loss frames on effect sizes when the framed issue is of high personal 

relevance to subjects. The significance and sign of this coefficient can be used to test 

H3a.  If 11 is positive and significant then H3a is supported.  The literal interpretation of 

a positive, significant coefficient is: Issues of high personal relevance lead to larger effect 

sizes when loss frames are more persuasive.  

RESULTS 

Main Effects 

In this section, the meta-analytic results for the overall effects of goal framing are 

presented. Table 2.2 and Table 2.3 provide an overview of the main goal framing effects 

associated for both behaviors and attitudes. Table 2.2 presents the results of the overall effects 

when outliers are removed for the meta-analytic dataset, while Table 2.3 presents the overall 

effects when extreme values are included. As expected the average correlation and reliability-

corrected, sample-weighted correlation is greater when extreme values are included.  However, 

in both cases—with and without outliers—the average weighted correlation is significantly 
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greater from zero for both attitudes and for behaviors. Further, there is a significant difference 

between the magnitude of the average, weighted correlation for attitudes and that of behaviors.  

The discussion that follows pertains to Table 2.2, because the remainder of the analyses are 

based on the dataset with no outliers—representing a more conservative estimate of the true 

impact of goal framing.   

As shown, the correlation between the goal framing and behaviors is rcw = 0.162 (r = 

0.175, uncorrected). The noted effect size is small (Rosenthal & Rosnow, 2008) and suggests 

that respondents’ behaviors are significantly affected by goal framing. The 95% bootstrapped 

confidence interval around the mean correlation ranges from 0.150 – 0.174, confirming that the 

effect size is statistically significant. Rosenthal’s fail-safe sample size (NFS = 9,728), suggests 

that no publication bias exists. Given the heterogeneity present within the dataset (Q (423) = 

1,615.05, p  .0001), an examination of key moderators to the relationship between goal framing 

and behavioral responses is warranted. 

The correlation between goal framing and attitudes is rcw = 0.202 (r = 0.200, 

uncorrected). This effect size is moderate and statistically significant (CIBS = 0.186 - 0.217), 

suggesting that respondents’ judgments are significantly affected by goal framing. The fail-safe 

sample size (NFS = 3,372) indicates the file-drawer effect is not an issue for this relationship. The 

substantial heterogeneity in the dataset (Q (352) = 1,339.29, p  .0001) additionally necessitates 

an examination of variables that may moderate this relationship. 

The impact of moderator variables on goal framing effects are presented in Table 2.4—

Table 2.8. In addition to the multivariate HLM and GLS procedures, we also performed 

univariate analyses, to further illuminate the nature of the impact each moderator had on the 
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relationship between goal framing and key outcomes. Table 2.4 presents the results of a 

univariate examination of each moderator variable in the meta-analysis dataset. The effect size 

for each level of moderator was examined across both outcome variables (attitudes and 

behaviors). A subsample analysis of the moderators contrasting loss and gain goal frames is 

provided in Table 2.5. The estimation results of the random-effects weighted GLS meta-

regression model appear in Table 2.6. Finally, Table 2.7 and Table 2.8 display the estimation 

results of the HLM.  In Table 2.7, the results of a simplified model specification (described in the 

previous section) for each of the hypothesis tests are provided.  The coefficient estimates for 

variations of the final, full model are presented in Table 2.8.  

Moderator Results 

According to Hypothesis 1, the persuasive impact of goal framing should be stronger 

when the message features a loss frame. In the final full model (Model 5) from Table 2.8 the 

significant, positive coefficient on the intercept for the Loss variable ( loss = 0.0452, p < 0.001) 

supports this prediction.  This result is consistently borne out across the individual hypothesis 

tests in Table 2.7 and the weighted GLS meta-regression results from Model 5 in Table 2.6  (ß = 

.0473, p < .05). In support of Hypothesis 1, univariate analyses reveal that the correlation 

between goal framing and key outcomes is greater for loss-framed messages (rbehaviors = .172; 

rattitudes = .211) than for gain-framed messages (rbehaviors = .139; rattitudes = .168). We conclude that 

loss frames have a greater persuasive impact than do gain frames. 
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Table 2.2. Main Effect Results for Goal Framing Effects - Outliers Removed 

 

 

 

 

Table 2.3: Main Effect Results for Goal Framing Effects - No Outliers Removed 

 

 

      95% CIBS Heterogeneity  

 k N r rcw Std.Err Lower Upper Q-value df(Q) p-value NfsR 

Beh&Int 424 29,396 .175 .162 .001 .150 .174 1615.06 423 0.000 6421 

            
Attitudes 353 12,106 .200 .202 .002 .186 .217 1339.29 352 0.000 3372 
Note: k = the number of effects; N = the number of observations from included studies; r  (the mean correlation) = a simple unweighted 

average among all of the coded effect sizes reported for each relationship; rcw = reliability-corrected and sample-size weighted mean 

correlation; Std.Err = the sample-weighted standard error; 95% CIBS = the 95% bootstrapped confidence interval; Q-value = measure of 

observed dispersion among effect sizes, df(Q) = expected value of Q under null hypothesis that all effects sizes are the same, p-value = 

test of statistical significance of Q which is distributed as X2 (df=Q);  NfsR = fail-safe sample size. 

      95% CIBS Heterogeneity  

 k N r rcw Std.Err Lower Upper Q-value df(Q) p-value NfsR 

Beh&In

t 

440 29,396 .186 .193 .003 .145 .156 3479.18 439 0.000 9728 

            
Attitude

s 

366 12,106 .219 .231 .004 .209 .252 2930.18 365 0.000 9009 
Note: k = the number of effects; N = the number of observations from included studies; r  (the mean correlation) = a simple 

unweighted average among all of the coded effect sizes reported for each relationship; rcw = reliability-corrected and sample-size 

weighted mean correlation; Std.Err = the sample-weighted standard error; 95% CIBS = the 95% bootstrapped confidence interval; Q-

value = measure of observed dispersion among effect sizes, df(Q) = expected value of Q under null hypothesis that all effects sizes are 

the same, p-value = test of statistical significance of Q which is distributed as X2 (df=Q);  NfsR = fail-safe sample size. 
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Table 2.4: Univariate Moderator Results. Random Effects Analysis, Outliers removed. 

 
 Sample 

Size 

Mean 

Effect 

Frame Valence 

Behaviors and Intentions   

     Gain Frame more persuasive 237 0.139* 

     Loss Frame more persuasive 187 0.172* 

Attitudes   

     Gain Frame more persuasive 220 0.168* 

     Loss Frame more persuasive 133 0.211* 

Cross-Complementarity 

Behaviors and Intentions   

     Within complementary framing argument 31 0.174* 

     Cross-complementary framing argument 381 0.162* 

Attitudes   

     Within complementary framing argument 49 0.163* 

     Cross-complementary framing argument 304 0.190* 

Fictitious (Issue or Product) 

Behaviors and Intentions   

     Real Issue or Product 323 0.153* 

     Fictitious Issue or Product 101 0.192* 

Attitudes   

     Real Issue or Product 223 0.175* 

     Fictitious Issue or Product 130 0.239* 

Issue Relevance 

Behaviors and Intentions   

     Low issue relevance to experimental subjects 119 0.176* 

     High issue relevance to experimental subjects 305 0.157* 

Attitudes   

     Low issue relevance to experimental subjects 55 0.184* 

     High issue relevance to experimental subjects 298 0.202* 

Health 

Behaviors and Intentions   

     Issue other than Health related 138 0.186* 

     Health related issue 286 0.161* 

Attitudes   

     Issue other than Health related 143 0.216* 

     Health related issue 210 0.187* 

Product 

Behaviors and Intentions   

     Non-Product related issue 319 0.137* 

     Product related issue 105 0.149* 

Attitudes   

     Non-Product related issue 170 0.171* 

     Product related issue 183 0.224* 
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 Sample 

Size 

Mean 

Effect 

Prevention 

Behaviors and Intentions   

     Non-Prevention related 334 0.166* 

     Prevention related 90 0.148* 

Attitudes   

     Non-Prevention related 314 0.186* 

     Prevention related 39 0.169* 

Detection 

Behaviors and Intentions   

     Non-Detection related 179 0.153* 

     Detection related 245 0.168* 

Attitudes   

     Non-Detection related 139 0.232* 

     Detection related 214 0.178* 

Threat Severity 

Behaviors and Intentions   

     Threat consequence is NOT severe 146 0.177* 

     Threat consequence is severe 278 0.155* 

Attitudes   

     Threat consequence is NOT severe 190 0.218* 

     Threat consequence is severe 163 0.177* 

(Framing) Argument Strength 

Behaviors and Intentions   

     Weak framing argument 64 0.156* 

     Strong framing argument 360 0.140* 

Attitudes   

     Weak framing argument 69 0.227* 

     Strong framing argument 284 0.193* 

Individualistic 

Behaviors and Intentions   

     Subjects represent interdependent culture 92 0.144* 

     Subjects represent independent culture 332 0.167* 

Attitudes   

     Subjects represent interdependent culture 101 0.210* 

     Subjects represent independent culture 252 0.195* 

Eagerness 

Behaviors and Intentions   

     Goal is approached not approached with eagerness 376 0.138* 

     Goal is approached with eagerness 48 0.149* 

Attitudes   

     Goal is approached with vigilance 250 0.178* 

     Goal is approached with eagerness 103 0.247* 

Students 

Behaviors and Intentions   

     Subjects exposed to frame are non-students 128 0.108* 

     Subjects exposed to frame are students 296 0.167* 

Attitudes   

     Subjects exposed to frame are non-students 47 0.202* 

     Subjects exposed to frame are students 306 0.199* 
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 Sample 

Size 

Mean 

Effect 

Female 

Behaviors and Intentions   

     Subjects exposed to frame are NOT all females 358 0.142* 

     Subjects exposed to frame are all females 66 0.141* 

Attitudes   

     Subjects exposed to frame are NOT all females 333 0.194* 

     Subjects exposed to frame are all females 20 0.292* 

U.S. 

Behaviors and Intentions   

     Subjects exposed to frame are NOT based in U.S. 149 0.135* 

     Subjects exposed to frame are based in U.S. 275 0.177* 

Attitudes   

     Subjects exposed to frame are NOT based in U.S. 110 0.199* 

     Subjects exposed to frame are based in U.S. 243 0.200* 

Contrast 

Behaviors and Intentions   

     Main effect  138 0.132* 

     Effect result of simple contrast 285 0.176* 

Attitudes   

     Main effect  113 0.170* 

     Effect result of simple contrast 239 0.214* 

   

*Effect size is significant at p<0.05 level. 

Italics only indicates difference in effect sizes between moderator levels are significant at p < 

0.10.  

Bold italics indicates difference in effect sizes between moderator levels are significant at p < 

0.05. 
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Table 2.5: Univariate Sub-Sample Moderator Analysis by Outcome Frame Valence. 
 Loss Better Gain Better 

 Sample 

Size 

Mean 

Effect 

Sample 

Size 

Mean 

Effect 

Cross-Complementarity 

Behaviors and Intentions     

     Within complementary framing argument 11 0.177* 20 0.172 

     Cross-complementary framing argument 170 0.196* 211 0.138 

Attitudes     

     Within complementary framing argument 13 0.183* 36 0.154* 

     Cross-complementary framing argument 120 0.230* 185 0.201* 

Fictitious (Issue or Product) 

Behaviors and Intentions     

     Real Issue or Product 138 0.187* 179 0.128* 

     Fictitious Issue or Product 43 0.220* 58 0.185* 

Attitudes     

     Real Issue or Product 82 0.210* 142 0.151* 

     Fictitious Issue or Product 51 0.249* 79 0.214* 

Issue Relevance 

Behaviors and Intentions     

     Low issue relevance to experimental subjects 45 0.208* 71 0.155* 

     High issue relevance to experimental subjects 136 0.191* 166 0.135* 

Attitudes     

     Low issue relevance to experimental subjects 24 0.228* 31 0.154* 

     High issue relevance to experimental subjects 109 0.225 190 0.200* 

Health 

Behaviors and Intentions     

     Issue other than Health related 55 0.181* 83 0.153* 

     Health related issue 126 0.201* 154 0.134* 

Attitudes     

     Issue other than Health related 43 0.229* 100 0.212* 

     Health related issue 90 0.224* 121 0.177* 

Product 

Behaviors and Intentions     

     Non-Product related issue 135 0.191* 178 0.135* 

     Product related issue 46 0.206* 59 0.156* 

Attitudes     

     Non-Product related issue 66 0.217* 105 0.163* 

     Product related issue 67 0.234* 116 0.220* 

Prevention 

Behaviors and Intentions     

     Non-Prevention related 136 0.197* 192 0.143* 

     Prevention related 45 0.187* 45 0.131* 

Attitudes     

     Non-Prevention related 113 0.220* 201 0.189* 

     Prevention related 20 0.257* 20 0.242* 
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 Loss Better Gain Better 

 Sample 

Size 

Mean 

Effect 

Sample 

Size 

Mean 

Effect 

Detection 

Behaviors and Intentions     

     Non-Detection related 85 0.180* 94 0.139* 

     Detection related 96 0.208* 143 0.142* 

Attitudes     

     Non-Detection related 49 0.260* 91 0.237* 

     Detection related 84 0.205* 130 0.163* 

Threat Severity 

Behaviors and Intentions     

     Threat consequence is NOT severe 67 0.173* 79 0.153* 

     Threat consequence is severe 114 0.150* 158 0.136* 

Attitudes     

     Threat consequence is NOT severe 57 0.228* 133 0.214* 

     Threat consequence is severe 76 0.224* 88 0.126* 

(Framing) Argument Strength 

Behaviors and Intentions     

     Weak framing argument 23 0.225* 41 0.152* 

     Strong framing argument 158 0.191* 196 0.139* 

Attitudes     

     Weak framing argument 16 0.231* 53 0.223* 

     Strong framing argument 117 0.208* 168 0.184* 

Individualistic 

Behaviors and Intentions     

     Subjects represent interdependent culture 42 0.150* 46 0.140* 

     Subjects represent independent culture 139 0.209* 191 0.141* 

Attitudes     

     Subjects represent interdependent culture 32 0.201* 69 0.215* 

     Subjects represent independent culture 101 0.233* 152 0.184* 

Eagerness 

Behaviors and Intentions     

     Goal is approached with vigilance 158 0.194* 212 0.138* 

     Goal is approached with eagerness 23 0.198* 25 0.163* 

Attitudes     

     Goal is approached with vigilance 92 0.212* 159 0.173* 

     Goal is approached with eagerness 41 0.254* 62 0.244* 

Students 

Behaviors and Intentions     

     Subjects exposed to frame are non-students 49 0.130* 76 0.114* 

     Subjects exposed to frame are students 132 0.220* 161 0.156* 

Attitudes     

     Subjects exposed to frame are non-students 20 0.199* 28 0.219* 

     Subjects exposed to frame are students 113 0.230* 193 0.166* 

Female 

Behaviors and Intentions     

     Subjects exposed to frame are NOT all females 150 0.200* 203 0.144* 

     Subjects exposed to frame are all females 31 0.169* 34 0.116* 
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 Loss Better Gain Better 

 Sample 

Size 

Mean 

Effect 

Sample 

Size 

Mean 

Effect 

Attitudes     

     Subjects exposed to frame are NOT all females 117 0.215* 217 0.192* 

     Subjects exposed to frame are all females 16 0.303* 4 0.249* 

U.S. 

Behaviors and Intentions     

     Subjects exposed to frame are NOT based in U.S. 69 0.144* 77 0.138* 

     Subjects exposed to frame are based in U.S. 112 0.228* 160 0.142* 

Attitudes     

     Subjects exposed to frame are NOT based in U.S. 32 0.203* 78 0.198* 

     Subjects exposed to frame are based in U.S. 101 0.233* 143 0.191* 

Contrast 

Behaviors and Intentions     

     Main effect  49 0.160* 88 0.114* 

     Effect result of simple contrast 132 0.207* 148 0.156* 

Attitudes     

     Main effect  36 0.196* 78 0.182* 

     Effect result of simple contrast 96 0.238* 143 0.199* 

     

*Effect size is significant at p<0.05 level. 

Italics only indicates difference in effect sizes between moderator levels are significant at p < 

0.10.  

Bold italics indicates difference in effect sizes between moderator levels are significant at p < 

0.05. 
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Table 2.6: Random Effects Weighted GLS Meta-Regression Results 

 

 

M1 M2 M3 M4 M5

Intercept 0.1796 * 0.1244 * 0.0716 * 0.0571 * 0.0903 *

LossBetter 0.0414 * 0.0432 * 0.0473 *

CrossComp 0.0118 0.0166 0.0114

Contrast 0.0418 * 0.0422 * 0.0403 *

Attitudes 0.0339 * 0.0236 *

Student 0.0527 * 0.0476 * 0.0402 * 0.0353 *

Female 0.0115 0.0034 0.0090 0.0119

US 0.0228 * 0.0257 * 0.0240 * 0.0285 *

Relevent -0.0027

Health 0.0048

Product 0.0188

ThreatSeverity -0.0043

Hedonicity -0.0272 *

ArgStrength -0.0319 *

Eagerness 0.0371 *

n 763

Model Test: Ho = all coefficients are zero

Q 25.53 62.11 73.81 98.8

p-value 0 0 0 0

Goodness of Fit: Test that the unexplained variance is zero.

Q 3049.54 2859.71 2753.76 2700.92 2637.21

df 762 759 756 755 748

Proportion of variance that exists beyond sampling variance

I2 75.01% c 73.46% 72.55% 72.05% 71.64%

c % of 'real' variance that could be explained by covariates

Proportion of between study(effect) variance explained

Tau2 0.0141 d 0.0131 0.0126 0.0123 0.0122

R
2
 analog NA 0.07 0.11 0.13 0.14

d Variance of all studies about the grand mean
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Table 2.7: HLM Results Showing Individual Tests of Goal Framing Hypotheses 

 
 

  

Fixed Effects  Coefficient  p-value  Coefficient  p-value  Coefficient  p-value  Coefficient  p-value  Coefficient  p-value  Coefficient  p-value  Coefficient  p-value

For INTRCPT1

    INTRCPT2 (Overall 

mean) 0.07907 <0.001 0.105191 <0.001 0.092717 0.002 0.112666 <0.001 0.087385 <0.001 0.076075 0.001 0.08279 <0.001

Methodological Controls

     FICTITIOUS 0.055592 0.002 0.043842 0.007 0.05259 0.002 0.040993 0.014 0.052192 0.002 0.053904 0.006 0.055082 0.002

     STUDENT 0.053077 0.005 0.055538 0.004 0.050332 0.008 0.046673 0.013 0.051748 0.006 0.053009 0.006 0.052809 0.005

     FEMALES 0.012523 0.65 0.022559 0.415 0.016206 0.559 0.026291 0.341 0.017571 0.54 0.011779 0.673 0.013399 0.628

     US 0.011756 0.464 0.015955 0.285 0.010175 0.521 0.016146 0.303 0.012226 0.444 0.012875 0.422 0.00634 0.726

Theoretical Moderators

     ARGSTRENGTH -0.039309 0.043

     RELEVANCE -0.014459 0.472

     HEATLH -0.048664 0.008

     THREATSEVERITY -0.013011 0.479

     EAGERNESS 0.015149 0.443

     US

Slopes

For LOSSBETTER slope

    INTRCPT2 (Lossbetter) 0.035453 0.003 0.061901 0.128 0.042117 0.14 0.032334 0.195 0.034838 0.023 0.042165 0.002 0.024445 0.0066

     ARGSTRENGTH -0.029514 0.479

     RELEVANCE -0.009164 0.764

     HEATLH 0.007346 0.791

     THREATSEVERITY -0.0049 0.836

     EAGERNESS -0.0372 0.055

     US 0.0155 0.416

For CONTRAST slope

    INTRCPT2 (Contrast) 0.035251 0.022 0.036183 0.016 0.036035 0.017 0.037069 0.014 0.034838 0.023 0.035755 0.021 0.035788 0.018

For ATTITUDE slope

    INTRCPT2 (Attitude)

Random Effects

INTRCPT1, u 0 0.0047 <0.001 0.0043 <0.001 0.0047 <0.001 0.0043 <0.001 0.0047 <0.001 0.0048 <0.001 0.0047 <0.001

level-1, e 0.0101 0.0102 0.0101 0.0102 0.0101 0.0101 0.0101

Deviance -1127.50 -1137.85 -1129.13 -1137.87 -1128.73 -1130.21 -1128.16

# Estimated Parameters 9 11 11 11 11 11 10

H7H1 H2 H3 H4 H5 H6
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Table 2.8: HLM Results for Goal Framing Meta-analysis

 
 

Fixed Effects  Coefficient  p-value  Coefficient  p-value  Coefficient  p-value  Coefficient  p-value  Coefficient  p-value  Coefficient  p-value

For INTRCPT1

    INTRCPT2 (Overall 

mean) 0.0914 <0.001 0.0815 <0.001 0.0791 <0.001 0.1426 <0.001 0.1397 <0.001 0.1351 <0.001

Methodological Controls

     FICTITIOUS 0.0549 0.001 0.0554 0.001 0.0556 0.002 0.0352 0.03 0.0343 0.035 0.0370 0.022

     STUDENT 0.0549 0.004 0.0544 0.004 0.0531 0.005 0.0503 0.009 0.0502 0.009 0.0456 0.007

     FEMALES 0.0142 0.596 0.0109 0.694 0.0125 0.65 0.0326 0.238 0.0318 0.254

     US 0.0121 0.444 0.0117 0.464 0.0118 0.464 0.0192 0.189 0.0202 0.17 0.0234 0.121

Theoretical Moderators

     ARGSTRENGTH -0.0383 0.028 -0.0363 0.04 -0.0329 0.057

     RELEVANCE -0.0115 0.481 -0.0112 0.495

     HEATLH -0.0493 0.005 -0.0500 0.005 -0.0427 0.021

     THREATSEVERITY 0.0095 0.568 0.0082 0.626

     EAGERNESS -0.0176 0.405 -0.0060 0.788 -0.0106 0.621

     US

Slopes

For LOSSBETTER slope

    INTRCPT2 (Lossbetter) 0.0354 <0.001 0.0355 0.003 0.0390 0.001 0.0452 <0.001 0.0463 <0.001

     ARGSTRENGTH

     RELEVANCE

     HEATLH

     THREATSEVERITY

     EAGERNESS -0.0346 0.084 -0.0370 0.062

     US

For CONTRAST slope

    INTRCPT2 (Contrast) 0.0374 0.012 0.0352 0.022 0.0353 0.022 0.0388 0.009 0.0392 0.009 0.0383 0.011

For ATTITUDE slope

    INTRCPT2 (Attitude) -0.0074 0.45 -0.0069 0.481

Random Effects

INTRCPT1, u 0 0.0665 <0.001 0.0048 <0.001 0.0047 <0.001 0.0040 <0.001 0.0041 <0.001 0.0042 <0.001

level-1, e 0.1026 0.0101 0.0101 0.0102 0.0101 0.0101

Deviance -1111.92 -1128.03 -1127.50 -1145.96 -1148.29 -1144.68

# Estimated Parameters 9 10 9 14 15 12

Parsimony ModelModel 1 Model 2 Model 3 Model 4 Model 5
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There is partial support for Hypothesis 2, which predicts stronger goal framing effects for 

loss frames when stronger arguments for adopting the goal behavior are given and for gain 

frames with weaker arguments. Interestingly, there is no significant difference between the 

impact strong and weak frames have on outcomes in the context of loss or gain frames for 

attitudes or behaviors (see results for ArgStrength in Table 2.4). However, there is at least 

marginal support from the overall univariate analyses among attitudinal outcomes for Hypothesis 

2B (rweak = .227; rstrong = .193, p<0.10).  Among the multivariate GLS results, the coefficient for 

ArgStrength is significant and negative (ß = -0.0319, p < .05).   The HLM model teases out the 

partial support for H2B. Model H2 in Table 2.7 shows a significant negative coefficient for 

ArgStrength under the intercept for the overall mean (= -0.039, p = 0.043) as predicted, but the 

intersection term (under the slope for Loss;  = -0.030, p = 0.479) is not significant and bears the 

wrong sign to lend support to H2A.  This result, is confirmed in the full model (Model 5) in 

Table 2.8 ( = -0.0363, p = 0.04).  The coefficient for the interaction term with the Loss variable 

is not displayed in Table 2.8, but was not significant when entered.  Ultimately, we only find 

support for the hypothesis that goal framing effects are stronger when weak arguments are used 

in the presence of gain frames. 

Hypothesis 3, which predicts significantly stronger goal framing effects when issues high 

in personal relevance are framed negatively and issues low in personal relevance are framed 

positively, is not supported. The coefficients for Relevant are significant in neither the 

specification of the HLM model, nor the GLS model. The univariate evaluation of effect size 

across levels of the Relevant variable also do not yield statistically significant differences either 

overall (Table 2.4) or within the different frame valence conditions (Table 2.5).  
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According to Hypothesis 4, loss goal frames should be significantly more effective for 

health issues, while gain goal frames will be significantly more effective for non-health issues. 

Overall univariate results (Table 2.4) indicate there is a marginal difference in effect sizes related 

to attitudes between health and non-health issues.  Per the sub-sample analysis in Table 2.5 there 

is no significant difference in goal framing effects sizes for health or non-health issues under loss 

or gain frames nor is the coefficient for Health significant in the GLS results ( = 0.0149, p < 

.10). However, the simplified HLM model specification ( = -0.049, p = 0.008 —Model H4, 

Table 2.7) as well as the results of the full model specification ( = -0.050, p = 0.005 —Model 

M5, Table 2.8) shows a significant, negative coefficient for Health under the intercept for the 

overall conditional mean.  This result suggests that goal framing of health-related issues lead to 

lower effect sizes than non-health issues when gain framed messages are more effective—thus 

support for H4B is established.  However, the interaction term with Loss in Model H4 is not 

significant ( = 0.007, p = 0.791) and does not enter the full model with significance. The result 

is that, like Hypothesis 2, we find partial support for Hypothesis 4, specifically H4B—that gain 

frames are more effective for non-health issues.  

Our investigation of the impact of moderator variables on goal framing effects finds 

mixed support for Hypothesis 5, which predicts significantly stronger goal framing effects for 

loss-framed messages about more severe issues and for gain-framed messages about less severe 

issues. In Table 2.4, the overall univariate results do indicate a significantly greater effect size 

among low threat severity issues as compared to high severity issues among attitudinal 

outcomes.  The sub-sample analysis from Table 2.5 indicates support for H5B in that for attitude 

measures, gain frames are more effective when threat severity is low (r = 0.214) as opposed to 
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when it is high (r = 0.126).  However, despite the significant results of univariate tests, the 

multivariate tests indicate that although coefficients for ThreatSeverity are negative they do not 

achieve significance in any of the multivariate models.  These results provide limited partial 

support for Hypothesis 5B.   

Hypothesis 6 predicts stronger goal framing effects for loss-framed issues associated with 

vigilance and for gain-framed issues associated with eagerness. Univariate results for attitudes 

provide support for our prediction regarding gain-framed messages: Stronger goal framing 

correlations are observed for issues approached with eagerness (r = .244), as compared to those 

associated with vigilance (r = .173). This result echoes that of the overall analysis for attitudes 

(rvigilance = 0.178, reagerness = 0.247). However, results for loss-framed messages are not consistent 

with expectations. The multivariate results also lead to mixed conclusions.  The coefficient for 

Eagerness is negative and significant in the GLS model (ß = .0371, p < .05); however, only the 

interaction term with the Loss variable achieves marginal significance in the HLM models (   = -

0.0372, p = .055 from Model H6, Table 2.7 and    = -0.0346, p < .084 from Model 5, Table 2.8). 

The negative sign for these terms indicates that issues approached with eagerness lead to lower 

effects in loss-framed conditions. We conclude that there is limited partial support for 

Hypothesis 6.  There is, some univariate support for H6B—gain frames are more effective when 

issues are approached with eagerness.  However, the HLM test of the hypotheses indicate only 

support for H2A—that loss frames are more effective for issues approached with vigilance.  

We do not find support for Hypothesis 7, which predicts stronger goal framing effects for 

loss frames among subjects from interdependent cultures and for gain frames among subjects 

from independent cultures. In fact, the univariate analysis of the Individualistic variable in Table 
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2.5 provides evidence to the contrary: For behavioral outcomes, loss frames were more effective 

among subjects from independent cultures as opposed to interdependent cultures (rindependent = 

0.209, rinterdependent = 0.150).  Due to suspected collinearity issues with the US variable we could 

not confirm these results using the multivariate models. We attempted to use the US variable as a 

proxy for the Individualistic variable but none of the coefficients for the US variable were 

significant in the multivariate models (see Table 2.7 and Table 2.8).13 Ultimately, we conclude 

that there no support for our predictions regarding Hypothesis 7.  

Although no predictions about the impact of methodological-related control variables on 

goal framing effects were posited, results suggest that some of the variance in observed 

correlations can be attributed to differences in the manipulations and samples used in studies 

comprising the dataset. The variable contrast is an indicator that captured whether the effect was 

a main effect or an interaction effect taken from the original study.  In the final HLM model, the 

coefficient for contrast is significant and positive ( = 0.0392, p = 0.009) indicating that effect 

sizes were larger when calculated from interaction effects in the original studies. The positive 

effect was observed in the overall univariate effects for both attitudes (rcontrast = 0.214; rmaineffect = 

0.170) and behaviors (rcontrast = 0.176; rmaineffect = 0.132). The effect sizes for Contrast were 

significantly different when either loss frames (rcontrast = 0.207; rmaineffect = 0.160) or gain frames 

(rcontrast = 0.156; rmaineffect = 0.114) were more persuasive although only for behavioral outcomes. 

Whether or not the sample consisted of students also significantly impacted goal framing effects 

across studies in our data set. The overall univariate analysis shows that goal framing elicited 

                                                 

13 None of the coefficients for Individualistic were significant when entered into the multivariate models in the 
absence of the US variable.  
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greater behavioral responses from student samples (rstudent = 0.167, rnonstudent = 0.108), regardless 

of whether gain frames (rstudent = 0.220, rnonstudent = 0.130) or loss frames (rstudent = 0.156, rnonstudent 

= 0.114) held greater influence. However, gain frames influence non-student subjects’ attitudes 

more than they do students’ attitudes (rstudent = 0.166, rnonstudent = 0.219). The coefficient for 

Student was positive and significant across the multivariate specifications including the HLM 

Model 5 in Table 2.8—an indication of a greater impact on student subjects ( = 0.0502, p = 

0.009).  

While Frame type is not a significant moderator of goal framing in the multivariate 

investigations (ß = .0114, p > .10), univariate results show that cross-complement goal frames 

lead to lower effect sizes when gain frames are more persuasive than loss frames (rwithin = 0.172; 

rcrosscomp = 0.138). However, among attitude measures overall, cross-complementary goal frames 

do lead to significantly greater effect sizes (rwithin = 0.163; rcrosscomp = 0.190).   

Sample geography does not significantly moderate the relationship between goal framing 

according to the GLS and HLM models, but the univariate analyses indicate significant 

differences for behaviors overall (rinternational = 0.135; rU.S. = 0.177).  

GENERAL DISCUSSION 

A plethora of goal framing papers has been published over the last three decades. The current 

research attempts to quantitatively examine and summarize this body of work, to provide a better 

understanding of how and when goal framing works. Such understanding has obvious 

implications for several areas of human decision-making. Levin et al. (1998) note that a central 

question in this research stream is the issue of the relative persuasive impact exerted by gain vs. 

loss frames. As hypothesized, we find that loss goal frames (i.e., avoiding a negative 
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consequence) are broadly more impactful than gain goal frames (i.e., approaching a positive 

consequence). This finding provides further empirical support for research reporting that—while 

individuals similarly process both positive and negative information—they often act more 

decisively in the presence of the latter (e.g., Bihm, Gaudet, & Sale 1979: Meyerowitz & 

Chaiken, 1987). However, while the significance of these results holds across both behaviors and 

attitudes at a general level (see Table 2.4), the effects of the negativity bias are conditional (see 

Table 2.5) to a large extent on the sample-related variables in our model. According to the sub-

sample analysis, negatively goal-framed messages are more effective among subjects who are all 

female, from U.S., and students. Conversely, positively goal-framed messages have a greater 

persuasive impact for fictitious products, with consequences of low severity, that subjects 

approach with eagerness rather than vigilance.  

Contributions 

A central precept of rational decision-making is logical consistency across choices, 

irrespective of the manner in which options are presented (Arrow, 1982; Kahnemann & Tversky, 

1986). Framing effects, then, represent a “striking violation of standard economic accounts of 

human rationality” (DeMartino, Kumaran, Seymour, & Dolan, 2006). The present meta-analytic 

results confirm that individuals do exhibit decision-making bias and a susceptibility to goal 

framing. While our results suggest loss goal frames are more impactful for issues subjects are 

likely to approach with vigilance, we find less support for the negativity bias as it pertains to 

other theoretical variables. Indeed, our findings provide more support for the gain-frame side of 

our hypotheses. Specifically, individuals are likely to engage in biased decision-making and 
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succumb to goal framing effects when presented with positive frames using arguments of low 

strength for non-health related issues. 

Interestingly, we find only partial support for the prediction that gain-framed messages 

would be more effective for issues approached with eagerness and loss-framed messages would 

work better for issues requiring vigilance. The assertion that loss frames are more effective for 

issues associated with vigilance is confirmed; however, the persuasive impact of gain frames on 

eagerness issues was not. Worth noting is the fact that the psychological states associated with a 

promotion (eagerness) and prevention (vigilance) focus were coded and analyzed, rather than the 

self-regulatory strategies themselves (Higgins, 2002) because only a limited subset of studies in 

the meta-analytic database of 178 articles explicitly manipulated and measured the impact of 

subjects’ regulatory focus (cf. Jain et al., 2007; Mann, Sherman, & Updegraff, 2004; Zhao & 

Pechman, 2007) in a goal framing context. While the proposed relationship between regulatory 

focus and goal framing has been demonstrated many times, it appears as though the effect 

emerges in experiments which control for the influence of other variables, but not in the presence 

of other factors. This finding highlights a key strength of meta-analysis—the ability to gain a 

broader perspective of a relationship of interest by examining it across a variety of contexts and 

samples, and to examine the impact of numerous factors simultaneously using a multivariate 

moderator analysis (Hunter & Schmidt, 2004). 

Limitations and Future Research 

While this manuscript synthesizes an immense body of work on goal framing, certain 

limitations should be noted. A meta-analysis is limited by the nature and scope of the original 

studies on which it is based and readers should be mindful of this when interpreting the findings 
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presented here. Not all published studies on goal framing reported correlations or sufficient data 

to calculate a usable effect size; therefore, a few empirical studies exploring the effects of goal 

framing could not be incorporated into the present analysis. Additionally, the cross-sectional 

nature of some of the original studies restricts our ability to make certain causal inferences. 

Finally, the present analyses were constrained to examining moderating variables that could be 

coded from the extant literature. While the variables studied here provide readers with accurate 

and useful information, the inability to fully account for the variance in the performance outcome 

correlations indicates that additional measurement and/or contextual factors need to be modeled 

and reported in future goal framing studies.  

Worthwhile areas of exploration include goal frames that advocate prevention vs. 

detection of problems (Apanovitch, McCarthy, & Salovey, 2003; Banks et al., 1995; Cesario, 

Corker, & Jelinek, 2013), that vary in terms of the perceived efficacy of the recommendation 

(Block & Keller, 1995) or difficulty in implementation of the recommended behavior (Chandran 

& Menon, 2004), and that focus on issues which differ in their threat immediacy (Verlhiac, 

Chappe, & Meyer, 2011). While these variables were difficult to code systematically based on 

information reported in the original studies, and/or also conceptually overlapped with other 

moderators—increasing the possibility of multicollinearity issues in our analyses—learning more 

about their impact on goal framing could further enhance persuasive messaging efforts.  

Other avenues of future research also emanate from this meta-analysis. Recall that Levin, 

Schneider, and Gaeth (1998) describe four types of goal framing manipulations studied in the 

literature, that vary in terms of the consequence of the advocated behavior. These variations can 

be broadly classified as either: (1) cross-complementary goal framing, which involves comparing 
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a positive outcome (i.e., obtaining a gain or avoiding a loss) to a negative outcome (i.e., 

foregoing a gain or suffering a loss); or (2) within-complementary goal framing, which involves 

comparing the effects of obtaining a gain vs. avoiding a loss, or of foregoing a gain vs. suffering 

a loss. The assumption is that cross-complementary goal framing elicits stronger effects because 

it provides more extreme contrasts. While the present univariate analyses provide directional 

support for this expectation, across 178 studies and in the presence of other variables, frame type 

is not a significant moderator of goal framing effects. Importantly, we were unable to compare 

goal framing effects for all six possible combinations of frame types in this meta-analysis, 

leaving this as an avenue for future research. Idson, Liberman, and Higgins (2000) provide a 

notable example of work exploring how different frame types influence the effectiveness of goal 

framing. Specifically, these researchers explore both types of within-complementary goal 

frames, demonstrating that: (1) in the positive domain, gain frames elicit stronger responses than 

those featuring a nonloss; and, (2) in the negative domain, loss frames are more effective than 

frames featuring a nongain. 

Finally, in an attempt to avoid “comparing apples to oranges” (Sharpe, 1997) only papers 

that compared a loss goal frame to a gain goal frame were included in the current meta-analysis. 

we note that some goal framing research combines gain and loss information into one message to 

encourage a particular behavior (cf. Chang, 2007). Mixed-frame messages highlight risks 

associated with both adherence to the recommended behavior and noncompliance, and help 

audience members reach a satisfactory conclusion (Janis & Mann, 1977). Treiber (1986) 

suggests that employing a mixed-frame message is more effective than using a gain or loss frame 

in isolation, because the former arouses favorable attitudes while the latter induces fear. 
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Andreoni, Harbaugh, and Versterlund (2002) echo this assertion, demonstrating that mixed-

frame messages effectively increase cooperation because the “carrots and sticks” are 

complementary. Further, mixed-frame messages are thought to more accurately portray the 

experiences of patients in a clinical context, and thus possess relatively greater external validity 

(Farrell, Ferguson, James, & Loew, 2001). Given this, we advocate for more research exploring 

the effectiveness of mixed-valence goal-framed messages. 
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CHAPTER 3 

IRRATIONAL GENEROSITY:  

A META-ANALYSIS OF PROPORTIONAL REASONING  

IN CHARITABLE DONATION DECISIONS 

In 2016, Americans donated approximately $390 billion to charities, three-quarters of 

which came from individual donors (Giving USA Foundation, 2016). Vying for these 

contributions are practitioners in the domain of charitable giving who seek to maximize support 

for their causes and assistance for their target beneficiaries. A persistent obstacle to this goal is a 

consistent tendency among potential donors to disregard the magnitude of quantitative outcomes 

when deciding whether to support a charitable cause —a phenomenon known as proportional 

reasoning (Baron, 1997; Kogut & Slovic, 2017). Because of proportional reasoning, large-scale, 

compelling causes often garner less attention and support than that directed toward issues 

plaguing a smaller group of individuals who make up a larger proportion of all affected victims. 

To illustrate, consider the outpouring of support for families of the five Dallas police officers 

killed in the racially-inspired shooting spree of July 2016; within five months, donations from 

around the world reached $10 million (Hallman, 2016). Similarly, in June of 2016, $29 million 

dollars in donations were raised to support victims, survivors, and families of the 49 individuals 

killed in a LGBT nightclub in Orlando. And when the floods in West Virginia in June of 2016 

claimed the lives of 26, nearly $600,000 in private donations was raised through more than 300 

GoFundMe accounts to supplement federal aid to the region (Breslin, 2016). 

These examples illustrate the diversity of contexts in which proportional reasoning occurs 

and illuminate the disproportionately large response when the cause involves helping a smaller 
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number (larger proportion) of victims. Researchers assert that proportional reasoning occurs 

because potential donors seek to support causes for which their donations will have a tangible 

impact (Cryder & Loewenstein, 2012b), and are reluctant to help when they perceive such aid 

only constitutes a “drop in the bucket” (Fetherstonhaugh, Slovic, Johnson, & Friedrich, 1997).  

Consider, for instance, the current famine plaguing Somalia, Sudan, Nigeria and Yemen, which 

has endangered the lives of over 20 million individuals; United Nations officials are calling for 

individual donations to supplement aid from governments around the world, which are not just 

millions of dollars short, but billions (Russel, 2017). However, because aid to a larger number 

(smaller proportion) of victims typically involves helping “the greater good for the greater 

number,” proportional reasoning constitutes biased decision-making. The question, then, is when 

is proportional reasoning like this likely to occur? 

Proportional reasoning appears to be a fairly prevalent and robust decision-making bias 

that has been empirically demonstrated in the literature, most prominently in studies exploring 

the identifiable victim effect (i.e., the tendency to provide more aid to one identified victim 

instead of a larger group at risk; Jenni, & Loewenstein, 1997). Similarly, studies examining the 

proportion dominance bias demonstrate an emphasis on relative savings among potential donors, 

even when choosing on that basis undermines absolute savings (Bartels, 2006). Other 

proportional reasoning experiments explore magnitude insensitivity (i.e., insensitivity to changes 

in magnitude in the valuation of human lives; Hsee, & Rottenstreich, 2004), and psychophysical 

numbing (i.e., diminished sensitivity in valuing lifesaving interventions against a background of 

increasing numbers of lives at risk; Fetherstonaugh et al., 1997).  These empirical works all fall 

under the rubric of proportional reasoning, but methodological differences in experimental 
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manipulations and research settings have produced a range of potentially contextualized findings. 

This manuscript endeavors to quantitatively review this literature stream in order to better 

understand the conditions under which proportional reasoning occurs.  

CONCEPTUAL DEVELOPMENT 

Rationally, potential donors should equally value all human lives, and make donation 

decisions that help the largest number of victims—regardless of how many people suffer from 

the problem. However, illustrations of insensitivity to the magnitude of suffering and reluctance 

to help a smaller proportion of people at risk abound in both academic research 

(Fetherstonhaugh, et al., 1997) and in the “real world.” In fact, a cornucopia of experiments over 

the last three decades exploring proportional reasoning demonstrate that potential donors exhibit 

attitudinal and behavioral biases in response to appeals for help, depending on the proportion 

magnitude of victims that will be helped (Dickert, Västfjäll, & Slovic, 2015). This body of work 

encompasses the following biases: the identifiability bias (Jenni & Loewenstein, 1997; Schelling, 

1968); psychophysical numbing (Fetherstonhaugh, et al., 1997); magnitude insensitivity 

(Desvouges Johnson, Dunford, Wilson, & Boyle, 1993; Frederick & Fischhoff, 1998); and, the 

proportion dominance bias (Bartels, 2006). While experiments documenting these effects vary 

considerably and propose different underlying mechanisms (e.g., altruism, perceived 

impact/efficacy, and sympathy), empirical results collectively suggest that appeals to help 

relatively fewer individuals at risk who are part of a small group of victims are likely to enhance 

the mental imagery of potential donors, capture more of their attention, evoke stronger emotions, 

and inspire larger donations than requests to help larger groups of victims who suffer from a 
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more pervasive problem (Dickert, Kleber, Peters, & Slovic, 2011; Slovic, 2010). Based on this 

research, it is predicted that:  

 

Hypothesis 1: The response of potential donors to aid appeals will be  

more (less) favorable when a larger (smaller) proportion of individuals in need will be 

helped.  

 

In addition to these direct effects, understanding and predicting when proportional 

reasoning will prevail, and how characteristics of the donation appeal, the issue/event it 

promotes, and the donation target(s) affect the empathetic attitudes and helping behaviors of 

potential donors is of interest. Construal level theory (CLT; Liberman and Trope, 1998) provides 

a useful framework for integrating this montage of proportional reasoning studies. According to 

CLT, an individual’s perceptions of his psychological distance from an event being evaluated are 

associated with the construal level of the information he receives about that event.  The 

correspondence between that person’s psychological distance and construal level influences his 

resulting evaluations. While proportional reasoning studies generally do not draw upon CLT to 

explain observed effects (see Ein-Gar & Levontin, 2013 for a notable exception), its central 

constructs readily apply to both the previously described example and this literature stream. 

Applying CLT to proportional reasoning research, an event is the problem facing the victim(s), 

construal level is the mental representation evoked by information provided about the event in 

the request for help, and psychological distance refers to any dimension—physical, social, 

hypothetical, or temporal—that affects how closely the individual perceives himself to be from 

the event or person(s) in need of help. Importantly, a subject’s construal level is largely 

determined by the relative abstractness of information presented in the donation appeal—which 
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is influenced by the psychological distance imputed by potential donors about the problem and 

victim(s). Individuals evaluating issues that are psychologically near to them are likely to invoke 

low-level construals and focus on concrete, contextualized details of that issue. In contrast, 

individuals are more likely to construe psychologically distant events at a higher level, 

emphasizing abstract, decontextualized features in their processing (Bar-Anan, Liberman, & 

Trope, 2006; Trope & Liberman, 2013).  Messages are thought to be more effective in 

influencing choices, preferences, and behaviors when the information presented evokes a level of 

construal that aligns with the recipient’s psychological distance from the issue or event depicted 

(Trope, Liberman, & Wakslak, 2007).  

Construal Level Theory can be applied to the foregoing examples to glean some useful 

insights into why one worthy cause is able to elicit more support than another worthy cause that 

affects more people. With respect to physical distance, most individuals in the U.S. have never 

traveled to East Africa, which is nearly 6,000 miles away and foreign to most Americans. In 

contrast, Dallas, Orlando, and West Virginia are located in the U.S. and constitute donation 

targets that are physically closer and more familiar. Other dimensions of psychological distance 

could also influence the evaluations of potential donors and their resulting decisions regarding 

whether or not to support each cause. Take social distance—issues currently affecting East 

Africans (i.e., war, genocide, drought, and famine) are not problems that the average American 

has ever experienced. Conversely, hate crimes and natural disasters are socially closer to 

potential donors in the U.S. Given that a potential donor would likely have more trouble 

envisioning a victim of starvation in Africa as compared to a family member of a shooting or 

flood victim, the current crisis in East Africa represents a more socially distant issue for U.S. 
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subjects. Finally, while starvation in East Africa is a somewhat chronic issue with some 

uncertainty as to how many will ultimately be affected, victims of the social and natural 

calamities occurring in the U.S. represent more immediate, pressing threats because they have 

already occurred; thus, the latter is more temporally close than the former. While other factors 

may be at play here, this example shows how examining proportional reasoning using CLT is a 

fruitful endeavor. 

Interestingly, proportional reasoning manifests itself in many different forms (identifiable 

victim effect, psychophysical numbing, etc…), with each research approach likely imposing 

varying levels of psychological distance and construal. That is, studies exploring proportional 

reasoning vary considerably in terms of the different dimensions of psychological distance 

implicitly manipulated by researchers, and how concretely or abstract they present information 

about the victims and events. For example, Gino, Shu and Bazerman (2009) broadly describe a 

group of victims who need help in their study (high-level construal), whereas Dickert, Sagara, 

and Slovic (2011) provide pictures of a finite number of victim(s) along with details about their 

age, gender, and location. There is also substantial variation in proportional reasoning research in 

terms of how psychologically distant the victim and/or his plight is from the person being asked 

to help. To illustrate, Sah and Loewenstein (2012) ask subjects to play a dictator game (a 

scenario high in hypothetical distance), while subjects in experiments conducted by Dunn and 

Ashton-James (2008) respond to information about Hurricane Katrina—an actual disaster that is 

thus low in hypothetical distance since it actually occurred prior to the experiment. Such 

differences in psychological distance and construal level may explain variations in the magnitude 

of proportional reasoning observed across studies. 
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Some extant research applies these precepts of CLT to evaluate the differential 

effectiveness of charitable appeals (c.f., Hong & Lee, 2010). More generally, Kivetz and Tyler 

(2007) demonstrate that inducing a distal time perspective activates an abstract “ideal” self-

system which emphasizes one’s principles and values in prosocial behavior, while prompting a 

proximal time perspective triggers a concrete “pragmatic” self-system which focuses on practical 

considerations and instrumental rewards. Thus, a charitable appeal about a psychologically close 

issue should be concretely construed by potential donors, who should view the issue in terms of 

efficiency, materialism, convenience, and the impact their support would have (Choi, Park, & 

Oh, 2011). Consistent with this theorizing, research suggests that when a larger proportion of 

victims can be helped, that group is likely to receive greater support because donors view those 

victims more tangibly (Cryder & Loewenstein, 2012) and believe a contribution would have a 

positive impact (Cryder, Loewenstein, & Scheines, 2013). Similarly, research in the area of 

impact philanthropy (Atkinson, 2008; Duncan, 2004) asserts that donors receive utility from 

“making a difference” and that a higher proportion of victims helped is easier to visualize thus, 

donations to such groups are likely to be perceived as more effective. More recently, Ein-Gar 

and Levontin (2013) find that individuals are more responsive to appeals focusing on a specific 

identifiable victim who is affected by a temporally or socially close issue. Consistent with 

predictions emanating from CLT and this research, proportional reasoning should be most 

pronounced for messages evoking a low level of construal for a larger proportion of victims 

beset by psychologically close issues. 

Hypothesis 2: Potential donors will be significantly more responsive to donation appeals 

featuring concrete information about a relatively larger proportion of victims facing a(n) 

issue/event that is psychologically close. 
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Conversely, messages about issues that are more psychologically distant are likely to be 

more abstractly construed by potential donors, who will view that issue in the broader context of 

the values and principles of a charitable organization’s mission. That is, the values reflected in 

high-level construals—such as morality, altruism, and benefit to others in need—become more 

salient when the issue under evaluation is psychologically distant (Choi et al., 2011). In line with 

this rationale, Ein-Gar and Levontin (2013) demonstrate that appeals focusing on an 

organization’s mission are more persuasive when presented within a psychologically distant 

context. Based on this research and the principles of CLT, the expectation is that proportional 

reasoning be least pronounced for messages evoking a high level of construal for a smaller 

proportion of victims facing psychologically distant problems. 

 

Hypothesis 3: Potential donors will be significantly less responsive to donation appeals 

featuring abstract information that affects a relatively smaller proportion of victims 

facing a(n) issue/event that is psychologically distant. 

 

DATABASE DEVELOPMENT 

To identify studies exploring proportional reasoning, a variety of electronic databases 

were searched first (including ABI/INFORM, Business Source Complete, Google Scholar, 

ProQuest Digital Dissertations, PsycINFO, and SSRN) using the following key words were: 

proportional reasoning, proportional dominance bias, compassion fade, identifiable victim 

effect, identifiability bias, identified victim, proportion dominance bias, magnitude insensitivity 

and psychophysical numbing. A manual search of articles appearing in the following journals 
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beginning in 1997 was also conducted14: Journal of Applied Psychology, Journal of Behavioral 

Decision Making, Journal of Consumer Psychology, Journal of Consumer Research, Journal of 

Experimental Psychology, Journal of Experimental Social Psychology, Journal of Personality 

and Social Psychology, Journal of Risk and Uncertainty, Judgment and Decision Making, and 

Organizational Behavior and Human Decision Processes. The reference list of each article 

found through these means was reviewed to identify additional relevant articles cited in these 

papers. Finally, to identify papers potentially missed in earlier data collection efforts, authors of 

the included papers were contacted and asked to share any file-drawer studies. This process 

yielded 84 potentially relevant studies available through July 2016. 

Papers identified through these means were included in the meta-analytic database if they 

met the following criteria. First, because “proportional reasoning” research envelopes work 

exploring the identifiable victim effect, psychophysical numbing, magnitude insensitivity, and 

proportion dominance effects (c.f., Dickert, et al., 2015; Markowitz, Slovic, Västfjäll, & Hedges, 

2013), all empirical studies that investigated these phenomena were initially included in the 

current meta-analysis. Importantly, studies that did not explicitly compare responsiveness to a 

larger vs. smaller proportion of victims were not included (c.f., Friedrich, Lucas, & Hodell, 

2005). Additionally, interest in the relationship between proportional reasoning and prosocial 

behavior/helping necessarily limited the scope to papers with empathetic emotions and 

evaluations toward the victim (including papers measuring sympathy, empathy, concern, caring, 

distress, utility of helping and general attitudes toward the victims) and helping behavior 

                                                 

14 This start date corresponds to the publication of seminal work on the identifiable victim effect (Jenni & 
Loewenstein 1997) and proportion dominance bias (Fetherstonhaugh et al., 1997), which motivated a flurry of 
empirical studies in this area. 
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(including intentions to help or donate time or money, as well as actual monetary and 

nonmonetary donations) as their dependent variables.  

To further refine the dataset, additional exclusionary determinations were made based on 

operational differences in these studies, and accepted meta-analytic procedures that caution 

against “comparing apples to oranges” (see Eysenck, 1978; Sharpe, 1997). First, studies 

featuring dictator games or prisoner’s dilemma experiments (c.f., Bohnet & Frey, 1999), where 

only the identifiability of the dictator and/or recipient varied but the number of victims remains 

the same (i.e., one-to-one interactions) were not included as this work does not investigate 

differential evaluations of varying proportions of victims helped. Additionally, studies that assess 

subjects’ willingness to sacrifice a single life to save a larger group of individuals—including 

“trolley car” experiments—were excluded, as they confound decisions to help with willingness 

to punish one individual (c.f., Shenhaw & Greene, 2010). Along these same lines, because the 

focus is on how empathetic emotions, judgements and helping behavior vary for a small versus 

large proportion of victims, identifiable victim effect experiments where the individuals are not 

in need of help (e.g., Haran & Ritov, 2015) were not included. Finally, papers that did not report 

a correlation for a proportional reasoning effect, or sufficient information for calculating a zero-

order effect size (see Glass, McGaw, & Smith, 1981; Janiszewski, Noel, & Sawyer, 2003) were 

not included. In total, 61 relevant papers with 117 studies met these criteria and were thus 

deemed appropriate for inclusion in the meta-analysis (51 journal articles, one dissertation, and 

nine unpublished data sets). These studies report a total of 388 correlations and include 19,228 

individual observations. 
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OVERVIEW OF META-ANALYTIC PROCEDURES 

Coding Procedures 

The correlation coefficient was chosen as the common effect size metric, given the 

diversity of the measures used to measure the dependent variables of the included studies. 

Further, using correlations facilitates interpretation and meaningful comparison across statistics 

reported in the proportional reasoning literature (Hunter & Schmidt, 2004). The author coded or 

calculated the correlation coefficient for each observation.  

Several variables pertinent to the hypotheses were independently coded by two expert 

judges who were blind to the hypotheses.15 Specifically, five variables are included that are 

theoretically justifiable as potential moderating factors that could be coded from the studies 

comprising the meta-analytic database. Judges were provided with definitions of construal level 

and psychological distance (Liberman & Trope, 1998), along with verbatim excerpts from each 

paper detailing the sample, potential victims, and the event/issue in each study. To code 

construal level, judges first recorded the information provided in a study’s stimulus materials 

about victims in each treatment condition, including: name; age; geographic location; 

photograph; and, other individuating information. When researchers provided a victim’s 

photograph and or any other information (c.f., Markowitz, et al., 2013) the study was coded as 

“concrete”; studies providing no information or any one detail besides a photograph were coded 

as “abstract” (c.f., Gino, et al., 2009). Judges also subjectively coded each dimension of 

psychological distance based on information from the studies. Judges coded physical distance by 

                                                 

15  For coding by both author (96.7%) and expert judges (94.8%) inter-coder agreement was high, and discrepancies 
were rectified through discussion, reference to the coding scheme, and confirmation from a third independent 
referee. 
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comparing the location from which each study’s sample was drawn, as well as the victims’ 

geography depicted in the stimulus materials. Physical distance was denoted as “high” when the 

potential donors and victims were separated spatially (e.g., Friedrich & Dood, 2009), and “low” 

when the both were located in the same geographic region (e.g., Kogut & Ritov, 2005a). Judges 

coded hypothetical distance by reviewing the issue/event potentially affecting victims in each 

study, and recording whether it was “high” (i.e., a fictitious event that may occur) or “low” (i.e., 

a real event that has occurred or is likely to occur). Judges also reviewed the timeframe depicted 

in the stimulus materials and determined whether the event had already occurred or was 

imminent—and thus “low” in temporal distance—or might occur sometime in the future (i.e., 

“high” in temporal distance). Finally, judges were instructed to consider the type of individuals 

portrayed as victims in each study, and to code how similar (i.e., “low” in social distance) or 

dissimilar (i.e., “high” in social distance) those individuals were demographically to subjects 

evaluating them.  

The coding scheme also included two categorical variables used to identify effect sizes 

resulting from proportional reasoning. The variable PR identifies the effects resulting from 

potential donors responding more favorably to appeals focused on helping a relatively larger 

proportion of victims.  The variable Conc_LP was coded to identify those studies featuring 

appeals with concrete information about a relatively larger proportion of victims needing aid 

while providing abstract information about the relatively smaller proportion of victims in need. 

Finally, the coding scheme included several sample characteristics such as whether 

respondents were students or nonstudents, females only or mixed gender, and U.S. residents or 

from another country. Given that these factors are less theoretically interesting and practically 
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important, we included them in the multivariate regression (see Lynch, 1982; Peterson, 2001) as 

control variables, but focus the discussion around the substantive theoretical moderators featured 

in the hypotheses. 

Outliers 

Given that meta-analytic results are sensitive to issues such as outliers and missing data, 

it is crucial to account for these factors (Kepes et al., 2013). Thus, potential outliers within the 

dataset were identified using the sample-adjusted meta-analytic deviancy (SAMD) statistic 

(Beal, Corey, & Dunlap, 2002; Huffcutt & Arthur, 1995). This procedure uses a bootstrapping 

technique where the overall sample-size weighted or reliability-corrected correlation between 

goal framing and its respective outcomes is calculated k-1 times to determine if any single 

sample is biasing the analysis. The absolute value of the SAMD statistic can be plotted to give a 

graphical representation of the points that have greater influence on the overall mean. Figure 3.1 

depicts the graphical presentation of the SAMD statistic.  Removing the four most extreme 

points would result in a 1% reduction in data; however, no outliers were removed from the 

analyses.  

Main Effects 

We calculated the estimated correlation (rW) between the appeals focused on relatively 

large versus relatively small proportions of victims and responses to those appeals. To calculate 

this overall correlation, each study was weighted by its corresponding sample size. When 

reported, each was further corrected for systematic variance. Hunter and Schmidt (2004) point 

out that survey questions do not form perfectly reliable measures of intentions (or emotional 

states, attitudes, threat perception, etc…). Thus, each recorded effect size has error inherent in its 
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measurement that is a source of systematic variance. As such, it is necessary to correct the 

calculated effect size for that error based on the reported reliability of the measured variable per 

the reliability correction factor proposed by Hunter and Schmidt (2004).  

𝑟𝑐 =
𝑟

√𝑟𝑦𝑦
      (3.1) 

Where r is the correlation effect size, ryy is the reliability of the dependent variable (e.g., 

behaviors or evalautions), and rc is the reliability corrected correlation effect. Because very few 

of the effects sizes recorded in the meta-analytic dataset reported reliability measurements, no 

reliability corrections were done. All subsequent analyses are conducted on the “uncorrected” 

effect sizes.16,17  

Sampling error is estimated as a function of the sample size of the original study. Results 

were averaged across all studies to ensure that sampling error is accounted for in the estimate of 

the overall effect of donation appeals. From this, the average study variance (vart) and an 

estimate of the heterogeneity (i.e., Q, a chi-square distributed statistic) across observed effect 

sizes within the dataset was calculated to determine the amount of variance within the observed 

effects that is explained by sampling error and study artifacts (see Hunter & Schmidt, 2004). 

To help in the interpretation of the significance of the correlation between proportional 

reasoning and its outcome effects, we computed the 95% bootstrapped confidence interval (CIBS) 

for the overall effect size. Since collective data often violate the distributional assumptions of 

                                                 

16 Approximately 12.9% (33/255) of effects that did not measure actual behavior reported reliabilities for the 
measured variable.  

17 Imputing reliabilities could be considered adding error in and of itself. Note that reliability correction leads to an 
increase in the magnitude of the effect, thus rendering analyses of uncorrected effect sizes a more conservative 
approach, as larger effect sizes are more likely to lead to significant differences from zero.  
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parametric tests, the use of bootstrapped confidence intervals that are based on a non-parametric 

distribution is appropriate and provides a more powerful estimate than traditional confidence 

intervals (Rosenberg, Adams, & Gurevitch, 2000). Given its popularity in the social sciences 

literature, the fail-safe sample size (NFS) was calculated as an additional sensitivity test assessing 

publication bias (see Rosenthal, 1979). This information estimates the number of unpublished 

studies with a null effect size that would have to exist to render the observed effects non-

statistically significant (Janiszewski et al., 2003). A larger NFS value conveys greater confidence 

in the robustness of obtained results. 

 

 

Figure 3.1 Sample Adjusted Meta-analytic Deviancy Plot for Proportional Reasoning Effect 
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Moderator Analysis Procedures 

The impact of both methodological and theoretical variables on proportional reasoning effect 

sizes are examined in three ways: (1) through univariate main effect and subsample analyses; (2) 

via a multivariate weighted generalized least squares (GLS) random effects model (Geyskens, 

Steenkamp, & Kumar, 1999; Lipsey & Wilson 2001); and, (3) with a Hierarchical Linear Model 

(HLM) (Bijmolt and Pieters 2001; Raudenbush and Bryk, 2002). Each of these approaches are 

discussed in the Results section that follows.  

Multivariate Model Specification. The summary statistics for a meta-analysis can be 

calculated using either a fixed-effects of random-effects model specification.  The defining 

characteristic of a fixed-effects specification is the assumption that there is one true effect size 

for all of the studies in the meta-analytic dataset, and that the observed variation in the effect 

sizes are due only to sampling error in the individual studies (Gurevitch & Hedges, 1999). Such 

an assumption might be applicable if each of the constituent studies were replications of each 

other.  The key assumption underlying a random-effects model specification is that there is real 

variation between studies, and that the realized effect size represents a deviation from the true 

effect size for each study. The primary difference in estimation is that weights used in a fixed-

effects model are a function of only the variance of the individual effect:  

𝑤𝑖 =
1

𝑣𝑖
       (3.2) 

For the random-effects model, the between-study variance 𝜎𝑝𝑜𝑜𝑙𝑒𝑑
2  is estimated and enters the 

denominator of the weight function:  

𝑤𝑖 =
1

𝑣𝑖+ 𝜎𝑝𝑜𝑜𝑙𝑒𝑑
2      (3.3) 
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Weighted generalized least squares is used to estimate the following meta-regression model:  

𝐸𝑖 = 𝛽𝑜 + ∑ 𝛽𝑝𝑋𝑝𝑖
𝑃
𝑝=1 + 𝜖𝑖     (3.4) 

Where Xpi represents the p moderator variables of effect i.  The coefficients, p are estimated as:  

�̂� = (𝑋𝑡𝑊𝑋)−1𝑋𝑡𝑊𝐸    (3.5) 

In equation 3.5,  is a vector of coefficients, X is a design matrix of moderator variables 

for each effect, E is a vector of effect sizes and W is a diagonal matrix with the individual 

weights, wi.  

HLM model specification. Note that the model above does not take into account the 

nested structure (i.e., measures within studies) of meta-analytic data.  Bijmolt and Pieters (2001) 

point out that specifying a Hierarchical Linear Model (HLM) not only accommodates the 

structure of the data, but also allows moderator variables to enter at either the measurement level 

or the study level.  The specification of the HLM model is as follows:  

Level 1 (Measurement Level) Model:  

𝑟𝑚𝑠 = 
0𝑠

+ ∑ 𝛽𝑝,𝑠𝑋𝑝,𝑚𝑠
𝑃
𝑝=1  + 𝑒𝑚𝑠    (3.6) 

Level 2 (Study Level) Model:  

𝛽0𝑠 = 𝛾00 +  𝑢0𝑠     (3.7) 

𝛽𝑝𝑠 = 𝛾𝑝0 + ∑ 𝛾𝑝,𝑞𝑍𝑠
𝑄
𝑞=1 + 𝑢𝑝𝑠    (3.8) 

Where m = 1, …, Ms effect sizes are taken from each of s = 1, …, S studies included in 

the proportional reasoning dataset. The total number of measured effect sizes equals: M = 

∑ 𝑀𝑠
𝑆
𝑠=1 . Each measured effect size, rms represents an estimate of the ‘true’ effect size 0s (the 

intercept) for study s plus some measurement error ems, which is distributed N (0,𝜎𝑒
2). 

Additionally, moderators can enter at Level 1 to explain the variation in effect sizes.  For this 



 

127 

study the vector of Level 1 moderators include X = [PR Beh]. At the measurement level these 

variables capture whether subjects exhibited proportional reasoning in the study and whether the 

dependent variable is categorized as a helping behavior.   

The true effect size for any individual study is modeled at level 2 as the true ‘overall’ 

effect size 00 plus some deviation u0s. The study level error, u0s is assumed N (0,𝜎𝑢
2).  In a 

similar manner as Level 1, moderator variables explaining the variance of true effect sizes at the 

study level enter at Level 2.  The vector of level 2 moderators (i.e., the moderators that vary only 

at the study level and not the measurement level) includes both methodological controls and the 

theoretical variables: Z = [Student US Physical Social Hypothetical Temporal Conc_LP]. 

Substituting the Level 2 equations into the Level 1 equations gives the mixed effects 

specification of the HLM:  

Mixed effects specification: 

𝑟𝑚𝑠 = 𝛾00 +  𝑢0𝑠 + ∑ (𝛾𝑝0 + ∑ 𝛾𝑝,𝑞𝑍𝑠
𝑄
𝑞=1 + 𝑢𝑝𝑠)𝑋𝑝,𝑚𝑠

𝑃
𝑝=1  + 𝑒𝑚𝑠   (3.9) 

The HLM specification leads to a block diagonal error structure as described by Bijmolt 

& Pieters (2001) and depicted by Singer (1998) in which each block on the diagonal is populated 

by 𝜎𝑢
2 and the measurement level error, 𝜎𝑒

2 enters along the diagonal of each block.  

RESULTS 

Main Effects 

The overall sample-size weighted correlation, rw = 0.244 (r = 0.241 uncorrected) is given 

in Table 3.1. This result and the 95% confidence interval (0.233 – 0.255) indicates that 

constituent studies in meta-analytic dataset have found a small to medium size (Rosenthal & 

Rosnow, 2008) responsiveness to donation appeals that vary on concrete/abstractness of 
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information and the psychological distance of the appeal. Table 3.2 shows the difference in the 

overall effect sizes when the dependent variables are split between behaviors and evaluation 

measures. While each is significantly different from zero, there is no significant difference in 

effect sizes for dependent variables measuring behaviors versus those that measure evaluations. 

Figure 3.2 depicts the frequency of observed effect sizes by dependent variable category.  

Rosenthal’s fail-safe sample size (NFS = 18,946), suggests that no publication bias exists. 

The test for heterogeneity across effect sizes in the meta-analytic data set indicates significant 

variance across effect sizes (Q (387) = 328,960, p  .0000), that could potentially be explained 

by an examination of key moderators to the relationship between key outcomes. 

Moderator results 

The impact of moderator variables on effects related to responses to donor appeals are 

presented in Table 3.3—Table 3.6. Table 3.3 presents the univariate analyses of all the effect 

sizes in the meta-analytic dataset for each of the proposed moderator variables. The results of a 

univariate sub-sample examination of the moderator variables across each level of the Conc_LP 

variable is presented in Table 3.4. The Conc_LP variable identifies the effects that result from 

studies that compare the response to concretely detailed appeals on behalf of a larger proportion 

of victims (Conc_LP = 1) to the response to abstractly depicted appeals made on behalf of a 

smaller proportion of victims. In addition to univariate analyses of the proposed moderator 

variables, the joint impact of the variables is assessed using a GLM (see results in Table 3.5). 

Finally, the results of employing a HLM to investigate the joint impact of moderator variables on  
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Table 3.1: Main Effect Results for Proportional Reasoning Effects 

 
      95% CIBS Heterogeneity  

 k N r rw Std.Err Lower Upper Q-value df(Q) p-value NfsR 

            
Random 388 19,228 0.241 0.244 0.003 0.233 0.255 328,960 387 0.0000 18,946 

            
Note: k = the number of effects; N = the number of observations from included studies; r  (the mean correlation) = a simple 

unweighted average among all of the coded effect sizes reported for each relationship; rw = sample-size weighted mean correlation; 

Std.Err = the sample-weighted standard error; 95% CIBS = the 95% bootstrapped confidence interval; Q-value = measure of observed 

dispersion among effect sizes, df(Q) = expected value of Q under null hypothesis that all effects sizes are the same, p-value = test of 

statistical significance of Q which is distributed as X2 (df=Q);  NfsR = fail-safe sample size. 

 

Table 3.2: Overall Effect Sizes by Category of DV 

 
 Sample Size Mean Effect 

DVCode 

   

     Behaviors 243 0.2502* 

     Evaluations 145 0.2380* 
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Figure 3.2. Histogram of Effect Sizes from Proportional Reasoning Meta-Analytic Dataset 
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the effect size are while accounting for the structure of the meta-analytic data set are presented in 

Table 3.6. The results depicted in Table 3.1—Table 3.6 are discussed in the context of each of 

the proposed hypotheses. 

Hypothesis 1 proposes that potential donors will be more responsive to aid appeals when 

a larger proportion of victims will be helped, regardless of the psychological distance between 

victims and potential donors. The categorical variable PR identifies those effects which result 

from subjects responding more favorably to appeals to aid a larger proportion of victims. In 

Table 3.3, the average effect size is significantly greater when the aid rendered helps the larger 

proportion of victims (rPR=larger = 0.3369 vs. rPR=smaller = 0.1518). GLM estimates (see Table 3.5) 

provide support for this result. The coefficient for PR variable is positive and significant across 

each of the models in both multivariate analyses (ß = 0.1988, p < .05; M4, Table 3.5) and ( PR = 

0.2128, p < 0.001; Model 7, Table 3.6). The consistent significance of the PR variable across 

both the univariate and multivariate analyses indicate full support for Hypothesis 1. Based on the 

results from constituent studies, potential donors do in fact exhibit a stronger response to appeals 

for aid to a relatively larger proportion of victims. The number of effects listed in Table 3.3 for 

each level of the PR variable indicate that potential donors do not always respond more 

favorably to appeals aimed at helping a larger proportion of victims (190 vs. 198); however, 

when potential donors do react to such appeals, their response is stronger relative to their 

response to appeals on behalf of a smaller proportion of victims.  

In order to test Hypotheses 2 and 3, we examined the interaction between the 

psychological distance variables (Physical, Social, Hypothetical, and Temporal), the proportional 

reasoning variable (PR) and the variable capturing the concreteness of the appeal (Conc_LP). 
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Table 3.3. Univariate Moderator Results, all data 

 
 Sample 

Size 

Mean 

Effect 

Proportional Reasoning 

   

     Response greater for relatively smaller proportion of victims 198 0.1518* 

     Response greater for relatively larger proportion of victims 190 0.3369* 

   

Physical Distance 

   

     Physical distance of appeal is near 172 0.2154* 

     Physical distance of appeal is far 212 0.2629* 

   

Social Distance 

   

     Social distance of appeal is near 70 0.2869* 

     Social distance of appeal is far 318 0.2341* 

   

Hypothetical Distance 

   

     Hypothetical distance of appeal is near 118 0.2468* 

     Hypothetical distance of appeal is far 270 0.2428* 

   

Temporal Distance 

   

     Temporal distance of appeal is near 129 0.2541* 

     Temporal distance of appeal is far 258 0.2397* 

   

US 

   

     Subjects exposed to appeal are NOT based in U.S. 192 0.2653* 

     Subjects exposed to appeal are based in U.S. 196 0.2230* 

   

Female 

   

     Subjects exposed to appeal are all females 1 0.2202* 

     Subjects exposed to appeal are NOT all females 387 0.2440* 

   

Student 

   

     Subjects exposed to appeal are non-students 54 0.1588* 

     Subjects exposed to appeal are students 334 0.2574* 

   

Conc_LP 

   

     Abstract Information presented about smaller proportion of victims 152 0.2517* 

     Concrete information presented about larger proportion of victims 236 0.2389* 
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Table 3.4. Univariate Sub-Sample Analysis for Interaction Between PR X Conc_LP  

 
 

H2: Si=1, Conc_LP = 1 

H3: PR=0, Conc_LP = 

0 

 Sample 

Size 

Mean 

Effect 

Sample 

Size Mean Effect 

Overall 

     

    Effect Size when PR=1 and Conc_LP=1 109 0.3667*   

    Effect Size when PR=0 and Conc_LP=0   72 0.1883* 

     

Physical Distance 

     

     Physical distance of appeal is near 46 0.2715* 36 0.2077* 

     Physical distance of appeal is far 60 0.4194* 36 0.1687* 

     

Social Distance 

     

     Social distance of appeal is near 28 0.3789* 9 0.2346* 

     Social distance of appeal is far 81 0.3627* 63 0.1816* 

     

Hypothetical Distance 

     

     Hypothetical distance of appeal is near 47 0.3108* 15 0.2144* 

     Hypothetical distance of appeal is far 62 0.4113* 57 0.1813* 

     

Temporal Distance 

     

     Temporal distance of appeal is near 44 0.3508* 13 0.2052* 

     Temporal distance of appeal is far 65 0.3783* 59 0.1725* 

     

 

For each effect in the meta-analytic dataset two categorical variables captured whether concrete 

information was presented about the relatively large proportion of victims and the relatively 

smaller proportion of the victims. As a result, there are four different ways to categorize the level 

of concreteness with which the victim groups were described.  Two of which (both victim groups 

are described in concrete terms and both victim groups are described in abstract terms) do not 

pertain to Hypotheses 2 and 3.  Of the other two conditions Conc_LP = 1, identifies the effects 

for which the larger proportion of victims are described in concrete terms while the smaller 
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proportion is described in abstract terms. The interaction between Conc_LP and PR describes the 

impact of this condition on effect sizes when proportional reasoning is observed. The coefficient  

Table 3.5. Multivariate GLM Results for Proportional Reasoning 

 

 
aThe variable name Conc_LP was shortened to CLP to identify the interaction terms. 

*significant at p < 0.05; ^ = significant at p < 0.10;  

 

for three-way interaction term between Conc_LP, PR, and psychological distance variables in 

the GLM provides a test of Hypotheses 2. Models M5-M8 in Table 3.5 show that none of the 

M1 M2 M3 M4 M5 M6 M7 M8

Intercept 0.2588 * 0.0727 * 0.1333 * 0.2313 * 0.2371 * 0.2433 * 0.2342 * 0.2258 *

US -0.0325 -0.0492 * -0.0675 * -0.0698 * -0.0722 * -0.0688 * -0.0634 *

STUDENT 0.0989 * 0.0860 * 0.0827 * 0.0803 * 0.0805 * 0.0845 * 0.0824 *

HiPhyisical 0.0611 * -0.0272 -0.0228 -0.0345 -0.0257 -0.0242

HiSocial -0.0535 -0.0601 ^ -0.0596 ^ -0.0614 ^ -0.0573 ^ -0.0608 ^

HiHypo 0.0481 0.0333 0.0337 0.0323 0.0314 0.0342

HiTemporal -0.0785 * -0.0934 * -0.0962 * -0.0952 * -0.0964 * -0.0911 *

PD 0.1966 * 0.1932 * 0.1988 * 0.1991 * 0.1983 * 0.1971 * 0.1991 *

Conc_LP -0.0078 -0.0185 -0.1117 * -0.1179 * -0.118 * -0.1167 * -0.1075 *

Beh 0.0569 * 0.0488 * 0.0529 * 0.052 * 0.0495 * 0.0556 * 0.0514 *

CLPxPHYSa 0.1569 * 0.1573 * 0.1707 * 0.1547 * 0.1523 *

CLPxPD -0.0429 ^ -0.0765 * 0.0049 -0.0702 * -0.0222

CLPxPHYxPD 0.064

CLPxSOCxPD -0.0623

CLPxHYPxPD 0.0478

CLPxTMPxPD -0.0346

n 383

Model Test: Ho = all coefficients are zero

Q 103.99 118.9 137.93 140.89 140.21 139.49 138.75

p-value 0.0000 0.0000 0 0.0000 0.0000 0.0000 0.0000

Goodness of Fit: Test that the unexplained variance is zero.

Q 224084 195166 186422 186406 185930 186396 184366

df 377 373 371 370 370 370 370

Proportion of between study(effect) variance explained

Tau2 0.062 0.0476 0.0463 0.0445 0.0442 0.0442 0.0443 0.0444

R
2
 analog 0.23 0.25 0.28 0.29 0.29 0.29 0.28
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three-way interaction terms were significant when entered into the GLM model. Thus, the GLM 

results do not support Hypothesis 2.  When none of the three-way interactions are included in the 

GLM specification (M4), both two-way interactions related to concreteness of the description of 

the victim groups are significant.  Specifically, when the larger proportion of victims is described 

in concrete terms and the smaller proportion of victims are described in abstract terms, 

physically distant potential donors exhibit stronger responses (ßCLPxPHY = 0.1569, p < .05; M4 

Table 3.5).18 However, scope insensitive potential donors under the same conditions exhibited 

smaller responses to the appeals (ßCLPxPR = -0.0429, p < .05; M4 Table 3.5).  

The coefficients for the main effects of the GLM indicate that student respondents, 

behavioral responses, and the occurrence of proportional reasoning all lead to greater response to 

appeals (ßstudent = 0.0827, ßbeh = 0.0569, and ßPR = 0.1988, p < .05; M4 Table 3.5).  However, 

US- based respondents led to lower effect sizes (ßUS = -0.0675).  The ceterus paribus 

interpretation of the psychological distance variables indicate that potential donors who are 

physically, socially and temporally distant exhibit weaker responses to appeals when abstract 

information is presented about a smaller proportion of victims.  This provides partial support for 

Hypothesis 3 as Physical, Social and Temporal are all negative, although only the coefficients 

for Social and Temporal are significant (ßsocial = -0.0601 and ßtemporal = -0.0934). The results of 

the univariate sub-sample analysis also provide mixed support for the hypotheses. Contrary to 

Hypothesis 2, the findings in Table 3.4 indicate larger effect sizes occur when the

                                                 

18  None of the other psychological distance variables led to significant two-way interactions when entered into the 
GLM. Therefore, only the CLPxPHYSICAL interaction was retained in subsequent specifications of the model.  
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Table 3.6. HLM Results for Proportional Reasoning Effects 

 

 
Bold italics = significant at p < 0.05; italics = significant at p < 0.10 

 

Fixed Effects  Coefficient  p-value  Coefficient  p-value  Coefficient  p-value  Coefficient  p-value  Coefficient  p-value  Coefficient  p-value  Coefficient  p-value

For INTRCPT1

    INTRCPT2 (Overall 

mean) 0.2068 <0.001 0.0384 0.642 -0.0031 0.975 0.0254 0.793 0.1628 0.104 0.1873 0.047 0.2170 0.006

Methodological Controls

     STUDENT 0.1150 0.020 0.1281 0.018 0.1172 0.049 0.0982 0.058 0.0821 0.142 0.0797 0.132 0.0790 0.117

     US 0.0109 0.831 0.0278 0.591 0.0302 0.535 0.0055 0.901 -0.0123 0.778 -0.0182 0.658 -0.0189 0.622

Theoretical Moderators

     PHYSICAL 0.0605 0.082 -0.0444 0.31 -0.0478 0.285 -0.0264 0.485

     SOCIAL -0.0297 0.489 -0.0549 0.186 -0.0616 0.125 -0.0569 0.137

     HYPOTHETICAL 0.0505 0.351 0.0327 0.511 0.0353 0.479 0.0540 0.279

     TEMPORAL -0.0689 0.164 -0.0894 0.06 -0.0944 0.061 -0.0975 0.039

     CONC_LP 0.0795 0.052 0.0708 0.058 -0.0601 0.286 -0.0589 0.293 -0.0512 0.392

     CLP_x_ PHYSICAL 0.1929 0.008 0.1951 0.007 0.0703 0.425

Slopes

For SI slope

    INTRCPT2 (SI) 0.2345 <0.001 0.2368 <0.001 0.2326 <0.001 0.2333 <0.001 0.2368 <0.001 0.1386 <0.001

    CLP_x_PD -0.0036 0.949

    CLP_x_PHY_x_PD 0.1937 0.083

For BEH slope

    INTRCPT2 (BEH) 0.0391 0.197 0.0361 0.231 0.0319 0.267 0.0294 0.295

Random Effects

INTRCPT1, u 0 0.0193 <0.001 0.0184 <0.001 0.0169 <0.001 0.0142 <0.001 0.0123 <0.001 0.0121 <0.001 0.0103 <0.001

level-1, e 0.0380 0.0253 0.0254 0.0257 0.0259 0.0261 0.0248

Deviance -63.55 -196.14 -202.16 -209.60 -217.48 -215.86 -241.88

# Estimated Parameters 5 7 8 12 13 12 14

Model 6 Model 7Model 1 Model 2 Model 3 Model 4 Model 5
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issue is distant hypothetically (rhypo_far = 0.4113) and physically (rphysical_far = 0.4194), despite the 

respondents exhibiting proportional reasoning when provided concrete information about a 

relatively larger proportion of victims. While the only significant difference between levels 

occurred for the Temporal variable (rtemporal_far = 0.1725), all of the effect sizes are smaller for the 

distant level of the psychological distance variables under the conditions prescribed in H3 

(abstract information provided about relatively smaller proportion of victims).  

The results from the HLM model are presented in Table 3.6.  Consistent with the 

univariate and the GLM, Hypothesis 1 is confirmed.  The main effect for PR is significant and 

positive, indicating that proportional reasoning of respondents led to larger effect sizes (PR = 

0.1386, p < 0.001, Model 7).  Among the main effects reported for the psychological distance 

variables only Temporal was significant (temporal = -0.0975, p = 0.039, Model 7). However, the 

coefficients for Physical and Social were negative as well. These results suggest some support 

for Hypothesis 3. Psychologically distant respondents are less responsive to abstract appeals on 

behalf of relatively smaller proportions of victims. Due to the sensitivity of HLM models to 

collinearity issues, the two-way and three-way interaction terms were added one at a time.  Of 

the two-way interactions, only the Conc_LP_x_Physical interaction was significant when added 

(CLPxPhys = 0.1951, p = 0.007, Model 6).  The nature of the mixed-model specification for HLM 

easily enables the inclusion of the three-way interaction term at the study level (level 2) 

specification.  However, only the interaction term involving the psychological distance variable 

related to physical distance achieved even marginal significance (CLPxPHYxPR = 0.1937, p = 0.083, 

Model 7). The positive coefficient for the three-way interaction term indicates a stronger 
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response to concrete information presented about a relatively larger proportion of victims who 

are physically distant (as opposed to near). This finding is contrary to Hypothesis 2.   

Only two methodological variables were included in the analysis. Although no 

predictions about the impact of control variables on response to donation appeals were offered, 

results suggest that some of the variance in observed correlations can be attributed to differences 

in the samples used by constituent studies in the meta-analytic dataset.  Student subjects 

significantly more responsive to appeals than non-student subjects.  This finding was consistent 

across the univariate (rstudent = 0.2574, rnonstudent = 0.1588) and the GLM (student = 0.0827, M4) 

analyses. The coefficient for Student was positive although not significant in the HLM Model 7 

in Table 3.6. The univariate analyses indicate significant differences in the level of response to 

appeals stems from Sample geography as well (rinternational = 0.2653; rU.S. = 0.2230). The 

multivariate analyses exhibited a similar pattern, in that non-US subjects responded more 

strongly to appeals than did US subjects according to both the GLM (us = -0.0675, M4) and the 

HLM models (us = -0.0189, Model 7)—although the coefficient is not significant for the latter.  

GENERAL DISCUSSION 

This essay reports 388 effects across 117 studies from 61 separate manuscripts exploring 

proportional reasoning in decisions to victims in need of help. Our meta-analysis represents the 

first attempt to quantitatively summarize effects emanating from different forms of proportional 

reasoning in the charitable giving domain, including the identifiable victim effect, proportion 

dominance, psychophysical numbing, and magnitude insensitivity. Importantly, we document the 

presence of a significant proportional reasoning effect, wherein potential donors are more likely 

to render aid when a larger proportion of victims will benefit from their help. This means that 
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victims of large-scale problems (e.g., famine in Africa) are less likely to receive help, even when 

a relatively greater number of people are suffering. 

Theoretical and Practical Contributions 

We also attempt to theoretically integrate this diverse literature stream, offering and 

testing hypotheses deriving from construal level theory. With the exception of one published 

manuscript (Ein-Gar & Levontin, 2013), ours represents the only research tying proportional 

reasoning to construal level theory. Ein-Gar and Levontin (2013) investigate how the interaction 

between the number of victims specified in a donation appeal and the psychological distance that 

potential donors associate with the issue or problem affecting those victims impacts subsequent 

helping behaviors and evaluations. Building on this seminal work, we code and analyze the 

number of victim(s) and all four dimensions of psychological distance depicted in the donation 

appeals of sixty additional empirical papers exploring proportional reasoning. We further extend 

Ein-Gar and Levontin’s (2013) research by also capturing the impact of the concreteness of 

information provided about the victim(s) in the articles comprising our meta-analytic database. 

In doing so, we are able to offer recommendations about how to craft donation appeals more 

persuasively, by aligning message elements with the psychological distance felt by potential 

donors. 

Specifically, our results suggest that the proportional reasoning of potential donors is 

heightened when an appeal provides concrete details about a larger proportion of victims 

affected by an issue that is physically distant. This suggests that practitioners in the nonprofit 

domain must be cognizant of a tendency among potential donors to be less responsive to larger 

groups of people in need when the issues and problems that affect those victims occur far away. 
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The recent Ebola crisis in West Africa poignantly illustrates the detrimental impact of such 

proportional reasoning. Responses to donation appeals in the U.S. for the Ebola outbreak in West 

Africa—which resulted in 11,295 deaths in 2014 (World Health Organization [WHO], 2016)—

were underwhelming. While the four largest U.S. aid organizations attempting to help with the 

Ebola outbreak collectively raised $19.5 million over the course of seven months in 2014, the 

Red Cross—the third highest contributor to Ebola aid with nearly $3 million—was only able to 

elicit $100,000 from individual donors (Hicken, 2014). To mitigate such proportional 

reasoning—and elicit greater aid for a larger number (but smaller proportion) of victims—

practitioners might benefit from positioning problems that occur elsewhere as potentially 

occurring “close to home.” For the Ebola crisis, emphasizing the eleven U.S. cases in appeals for 

aid to illustrate how “global is local” might have been a more persuasive tactic. 

Our results also indicate that proportional reasoning is less pronounced when an appeal 

provides abstract information about a smaller proportion of victims affected by issues that are 

temporally and socially close. The take-away from this finding is that messages will be more 

persuasive in eliciting help for a larger number (but smaller proportion) of victims when they 

emphasize that the problem has already occurred or is imminent, and the problem is depicted in 

socially relatable terms to potential donors. 

Limitations  

By necessity, the meta-analyst is required to make decisions regarding inclusion criteria 

and even the context under which constituent studies are gathered, connected, and analyzed.  

Despite the fact that the original studies in this investigation examine disparate conceptual 

phenomena such as proportion dominance, magnitude insensitivity, psychophysical numbing and 
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identifiability bias, we have chosen to focus on the one characteristic that binds these phenomena 

together—their comparison of appeals aimed at aiding a smaller number, but relatively larger 

proportion of victims versus those directed at larger numbers, but a relatively smaller proportion 

of victims.  This manuscript identifies the commonality across these domains, and seeks to 

integrate the extant research in a way that allows for a quantitative examination of the uniting 

phenomenon we call proportional reasoning. It is in this light that we rationalize this 

investigation as an “apples to apples” comparison.  

Another debate regarding the method of meta-analysis is the extent to which the method 

should be used to simply summarize existing research findings as opposed to developing new 

theory. In this manuscript, we use the meta-analytic method to examine existing, yet disparate 

research on responses to donation appeals through the lens of construal level theory. Prior to this 

work only Ein-Gar and Levontin (2013) examine the impact that alignment between the message 

and respondent construal level has on donation appeals. We believe that it is useful endeavor to 

retroactively examine similar research through this lens.  

Yet another limitation to our work pertains to the meta-analytic method in general and 

relates to constraints on the meta-analyst’s ability to identify and code moderator variables in the 

constituent studies so as to better explain the variance observed in effect sizes across studies.  

Although steps were taken to follow accepted practice in coding characteristics of the included 

studies, our work here is limited by the categorical and subjective nature of the psychological 

distance variables that are central to this research.  The vast majority of the studies in the meta-

analytic data set are the result of controlled experiments and we are reliant upon the accurate 

reproduction of the contextual description, appeal messaging, and statistical reporting of original 
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research in order to uniformly and accurately apply our coding procedures. Ultimately, we are 

imposing a structure on the original research that is post hoc in nature. However, we believe that 

this work is a useful first step in the development and refinement of subsequent research that 

more comprehensively examines how CLT informs the study of proportional reasoning. 
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