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1. Introduction 
 
The relationship between social capital and economic growth is a subject with a long history 

in the social sciences. Academic research dates back to the seminal work by Banfield (1958), 

who was the first to argue that trust was an important contributor to economic development. 

Continuing on that line, researchers such as Arrow (1972), Putnam (1993), and Fukuyama 

(1995) expanded the concept to include a number of other factors that collectively, and 

somewhat loosely, are tied together as “social capital”, where social capital is generally defined 

as a set of norms and networks that facilitate cooperation and coordinated actions.  

Social capital is hypothesized to positively affect economic growth via numerous 

channels. It can facilitate the sharing of information, fostering innovation (Uzzi, 1996; Gulati, 

1998). It can increase cooperative behaviour, lowering transactions costs, supporting the 

enforcement of contracts, and improving access to credit (Akçomak & Weel, 2009). Social 

capital can discourage opportunistic behaviour and increase the effectiveness of economic 

policies (Easterly & Levine,1997). On the other hand, social capital can sometimes work 

against economic growth. For example, while association membership has been argued to 

encourage beneficial collective action, some associations serve as special interest groups 

lobbying for preferential policies that impede economic growth (Olson,1982; Knack & Keefer, 

1997).  

A large body of empirical research has attempted to quantify the contribution of social 

capital to economic growth. The purpose of this study is to synthesize that literature. We 

analyze 993 estimates from 81 studies to address four questions: (i) Is there evidence that social 

capital contributes to economic growth? If so, how large is the effect? (ii) Is there evidence that 

publication bias has distorted the estimated effects that appear in the literature? (iii) Are some 

types of social capital more productive for economic growth than others? (iv) What factors 

may explain the wide range of estimates found in the literature? By addressing these questions, 
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we hope to gain a better understanding of the relationship between social capital and economic 

growth, and the factors that influence this relationship. 

Our analysis finds strong evidence that publication bias distorts the empirical literature, 

causing estimates of social capital's effects to be overstated. Initial, unadjusted estimates are 

positive, generally moderately sized, and consistently statistically significant. Correcting for 

publication bias reduces these estimates by half or more. Our preferred estimates indicate that 

the effects of social capital on economic growth, though statistically significant, are very small. 

Analysis of the different types of social capital (cognitive, structural, other) finds little evidence 

of differences in growth effects. Further investigation of moderating factors finds that most 

have estimated effects that are generally small to negligible, though social capital appears to 

have a substantially smaller effect on economic growth in the US compared to other parts of 

the world.   

We proceed as follows. Section 2 provides a brief summary of prior research and 

discusses the challenge of categorizing social capital. Section 3 reports on the literature search 

we employed and the process we followed to construct our sample. Section 4 describes the data 

we collected from studies and why we collected the variables that we did. We also discuss the 

problem that arises from combining estimates that employ different measures of social capital 

and economic growth. Section 5 provides a statistical overview of the estimated effect sizes in 

our sample and discusses five estimators for estimating the effect of social capital on economic 

growth. Section 6 presents estimates of the overall mean effect and addresses whether 

publication bias causes the estimates in our sample to misrepresent the true effect of social 

capital on economic growth. Section 7 estimates and tests for different effects for different 

types of social capital. Section 8 explores for systematic determinants that can explain the 

observed heterogeneity in estimated effects across studies. Section 9 summarizes and 

concludes. 
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2. Overview of the Literature and the Challenge of Categorizing Social Capital 

A search on Google Scholar for “social capital and economic growth” produces over 4,700,000 

hits.1 This is indicative of the scientific interest in this subject. Thus, it is surprising that this 

topic has not previously been the subject of a meta-analysis. The closest is a systematic review 

by Westlund & Adam (WA; 2010). WA survey 65 studies of social capital and economic 

performance that range in level from firms and households, to states and regions, to countries. 

Most of the social capital measures in their study consist of variables related to (i) interpersonal 

trust and (ii) the prevalence or participation in associations. They conclude that social capital 

has its strongest impact at the firm level, with diminishing impact as the spatial level of analysis 

rises.  

 While WA provides useful insights, it has several shortcomings. First, it is qualitative. 

Numerical analysis consists of “vote counting” with results from studies categorized as 

“positive”, “negative”, or “mixed, ambivalent”.  As a result, they are unable to aggregate 

estimates to calculate an overall estimate of the quantitative impact of social capital on growth. 

Second, their review is dated. The most recent study included in WA was published in 2008. 

Much research has appeared since then. These shortcomings highlight the need for an up-to-

date, quantitative synthesis of the literature.   

 A number of prominent studies identify trust as one of the main determinants of 

economic growth. Knack & Keefer (1997) employ a cross-sectional regression on 29 countries 

and conclude that trust is a significant causal component of growth. Zak & Knack (2001) 

broaden the sample to 41 countries. Their cross-sectional results indicate that a 15-percentage 

point increase in trust yields a 1 percentage point increase in economic growth. Beugelsdijk et 

al. (2004) confirm the robustness of Zak & Knack’s results using the sample of 41 countries. 

Dearmon & Grier (2009) highlight the importance of trust in economic development by 

                                                      
1 Search conducted on August 16, 2023. 
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investigating several previously unexplored channels. These channels include (1) fostering 

input accumulation, (2) increasing efficiency of other inputs, and (3) directly increasing 

economic growth. Algan & Cahuc (2010) argue that inherited trust had a sizeable impact on 

worldwide, economic growth in the twentieth century. Forte et al. (2015) focus on 85 European 

regions during the 1995–2008 and find that trust is positively associated with economic growth. 

 Categorizing different types of social capital can be difficult. TABLE 1 reports an 

extensive, but not exhaustive, list of types of social capital. There is overlap between some of 

the categories; and different researchers can categorize given measures of social capital 

differently. Amongst the different categories, bonding, bridging, and linking are often grouped 

together, as are cognitive and structural. Trust is generally categorized as either a bonding or 

cognitive type of social capital. 

 Given the difficulty of categorizing social capital, we sought to employ a generally 

accepted classification system that most easily allowed us to partition our observed measures 

into particular types. We settled on the categories cognitive, structural, and other. These three 

categories seemed to most easily fit all the social capital variables used by the studies in our 

sample. We provide examples for each of these three categories below. 

3. Literature Search and Data Construction 

We conducted our literature search in accordance with the reporting guidelines for meta-

analysis in economics (Havránek et al., 2020). Our literature search was begun in January 2020 

using the following sources and search engines: Wiley, Elsevier, JSTOR, RePEc, SSRN, Web 

of Science, Google Scholar, EconLit, and EBSCO. Our search scope included published papers, 

working manuscripts, reports, books, doctoral dissertations, and master’s theses. The object of 

our search was all studies that estimated a version of a linear model that regressed economic 

growth (G) on a measure of social capital (SC), along with a set of control variables (Zk):  

(1) 𝐺𝐺 = 𝛽𝛽0 + 𝛽𝛽1𝑆𝑆𝑆𝑆 + ∑ 𝛽𝛽𝑘𝑘𝑍𝑍𝑘𝑘 + 𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝐾𝐾
𝑘𝑘=2 . 



5 
 

The goal was to collect estimates of the effect of social capital on economic growth, represented 

by 𝛽𝛽1 in Equation (1).  

To identify relevant research, we used paired combinations of the following keywords: 

“social capital”, “social trust”, “social networks”, “social relationships”, “social cohesion”, 

“social integration”, “social support”, “economic growth”, “economic development”, and 

“economic performance”. In the initial search, we screened titles and abstracts. We also did 

backwards reference searching to identify relevant articles that did not appear in our database 

searches. The search process was completed at the end of February 2020. It produced an initial 

pool of 1952 records. 

 To be included in our meta-dataset, a study had to meet the following criteria: (1) It 

needed to report the size of the sample used in the analysis and sufficient statistical information 

for us to construct a t-statistic. This eliminated theoretical studies, reviews, and non-

quantitative comments. (2) The level of empirical analysis had to be a city, region, or country. 

This excluded micro-level firm studies. (3) The outcome variable needed to be a measure of 

economic growth. This excluded related outcomes such as measures of financial development 

and labor market performance. (4) We excluded non-linear measures of effect such as 

interactions and quadratic specifications because of the difficulty of calculating reliable 

standard errors for the marginal effects. We also excluded path analyses and Structural 

Equation Models for the same reason. Our final sample consisted of 993 estimates from 81 

studies.2 A PRISMA flow diagram summarizing our literature search is given in FIGURE 1. 

Once the studies were selected, we documented various data, study, and estimation 

characteristics associated with each estimate. Two teams of postgraduate students each worked 

independently to record the respective information, then met to compare their notes and resolve 

difficulties. When they could not come to an agreement, the case was reviewed by the first 

                                                      
2 See the Appendix for the list of studies. 
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author of this study who made the final decision. Information was recorded about the measures 

used for economic growth and social capital, as well as various features of the data, the 

estimation procedure that was used, and when and where the study appeared. This information 

was collected to see if these factors could explain why estimates differed across studies. 

4. The Data 

Measures of economic growth and social capital. We introduce our data by presenting summary 

statistics of associated study, estimation, and data characteristics. These are presented in 

TABLE 2. We classified the different measures for economic growth into two categories. 

Approximately 62 percent of the estimates used a dependent variable consisting of some variant 

of the growth rate of GDP (DV_GrowthRate). By far the most common measure in this 

category was the annual growth rate of GDP per capita. Other estimates used a cumulative 

growth rate over a given period or something similar. Approximately 38 percent of the 

estimates used a measure of the level of income (DV_GDPLevel), with GDP per capita being 

the most frequent. This became our reference category in the later meta-regression analysis, 

indicated by the accompanying asterisk in TABLE 2. Other income level measures included 

median household income and measures of “value added”.  

 With respect to social capital, the measures were approximately equally distributed 

across cognitive (SC_Cognitive), structural (SC_Structural), and other (SC_Other), with the 

last category constituting the reference group for the later meta-regression analysis. All the 

variables used to quantify cognitive social capital were based on various flavors of trust: 

“inherited trust”, “interpersonal trust”, “generalized trust”, etc. Variables used to quantify 

structural social capital included membership in associations and professional organizations, 

voter participation, and volunteer activities. The most common type of “Other” social capital 

(SC_Other) were measures that mixed together both structural and cognitive social capital. 

Other measures included ethnic fractionalization, social cohesion, and corruption; as well as 
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measures of bridging and linking social capital, which come from another classification system 

for categorizing social capital. 

 Partial Correlation Coefficient. The discussion above illustrates the disparate measures 

used to quantify economic growth and social capital. It is this heterogeneity that makes it 

difficult to compare estimates across studies. Clearly, a simple averaging of the estimates in 

our sample would be meaningless. This is a problem when synthesizing literatures that use 

different variables to measure the same or similar effects.  

A common solution to this problem is to transform the variables into a partial 

correlation coefficient (PCC), where  

(2.a) 𝑃𝑃𝑆𝑆𝑆𝑆𝑖𝑖 =  
𝑡𝑡𝑖𝑖

�𝑡𝑡𝑖𝑖
2+𝑑𝑑𝑑𝑑𝑖𝑖

 , 

and 𝑡𝑡𝑖𝑖  and 𝑑𝑑𝑑𝑑𝑖𝑖  are the t-statistic and degrees of freedom associated with the respective 

estimated effect. The corresponding standard error is given by: 

(2.b) 𝑠𝑠𝑒𝑒(𝑃𝑃𝑆𝑆𝑆𝑆𝑖𝑖) =  
1−𝑃𝑃𝑃𝑃𝑃𝑃𝑖𝑖

2

�𝑑𝑑𝑑𝑑𝑖𝑖
.3 

PCC is widely used in the meta-analysis literature because it provides a common metric for 

comparing otherwise disparate estimates, such as is the case for the estimates in our study.  

 One disadvantage of PCC is that it can be difficult to interpret the corresponding units. 

Doucouliagos (2011) is helpful in this regard. He collected 22,000 estimated effects from the 

economics literature and converted them to PCCs. He then rank-ordered them from smallest to 

                                                      
3 There is some debate about the appropriate standard error expression to use in meta-analysis. Equation (2.b) is 
different from a formula that is commonly found in the economics, meta-analysis literature; namely, 𝑠𝑠𝑒𝑒(𝑃𝑃𝑆𝑆𝑆𝑆𝑖𝑖) =  

�1−𝑃𝑃𝑃𝑃𝑃𝑃𝑖𝑖
2

𝑑𝑑𝑑𝑑𝑖𝑖
  (see, for example, Stanley & Doucouliagos, 2012; Zigraiova & Havaranek, 2015; and Gunby, Jin, & 

Reed, 2017). van Aert & Goos (2023) point out that this formula is wrong. An example where the correct formula 
for 𝑠𝑠𝑒𝑒(𝑃𝑃𝑆𝑆𝑆𝑆𝑖𝑖) is used is Nakagawa et al. (2021, page 6), which comes from the ecology and evolutionary biology 
discipline. In response, Stanley & Doucouliagos (2023) note that both expressions for 𝑠𝑠𝑒𝑒(𝑃𝑃𝑆𝑆𝑆𝑆𝑖𝑖) produce biased 

meta-analytic estimates, with 𝑠𝑠𝑒𝑒(𝑃𝑃𝑆𝑆𝑆𝑆𝑖𝑖) =  �1−𝑃𝑃𝑃𝑃𝑃𝑃𝑖𝑖
2

𝑑𝑑𝑑𝑑𝑖𝑖
 being less biased and preferred. We discuss this issue further 

below.  
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largest. Reference points for “small”, “medium” and “large” were set at the 25th, 50th, and 75th 

percentile values. For the full dataset, the corresponding values were 0.07, 0.17, and 0.33. For 

the subsample of 9,934 economic growth estimates, the corresponding values were 0.10, 0.23, 

and 0.39.4 We use the latter values to guide the interpretation of our subsequent estimates, 

though we are mindful that these are but rough guidelines. 

 However, there is another, more serious problem with using PCC in meta-analyses. 

Meta-analyses employ a weighting scheme whereby more precise estimates, that is, estimates 

with smaller estimated standard errors, receive greater weight when calculating an average of 

estimated effects. As can be clearly seen from Equation (2.b), as PCC gets larger in absolute 

value, 𝑠𝑠𝑒𝑒(𝑃𝑃𝑆𝑆𝑆𝑆𝑖𝑖) gets smaller. This means that larger absolute values of PCC receive greater 

weight. If estimates tend to be positive, as is the case for the literature on social capital and 

economic growth, weighting by precision will produce a weighted average that overestimates 

the population mean.  

 Fisher’s z. Accordingly, van Aert (2023) recommends converting PCC into “Fisher’s 

z” as follows:  

(3.a) 𝑧𝑧𝑖𝑖 = 0.5 × log �1+𝑃𝑃𝑃𝑃𝑃𝑃𝑖𝑖
1−𝑃𝑃𝑃𝑃𝑃𝑃𝑖𝑖

�, and 

(3.b) 𝑠𝑠𝑒𝑒(𝑧𝑧𝑖𝑖) =  
1

�𝑑𝑑𝑑𝑑𝑖𝑖−3
.  

Van Aert (2023) identifies several advantages of Fisher’s z over PCC. Three are worth 

highlighting. First, unlike with PCC, the standard error is independent of the effect size. This 

eliminates the problem of dependency of weights on effect sizes noted above. A second 

advantage is related.  

 As we discuss below, a common approach to correct for publication bias is to include 

the standard error variable as an explanatory variable when estimating the overall mean effect. 

                                                      
4 See Figure 3, page 13 in Doucouliagos (2011). 
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However, the mathematical relationship between 𝑠𝑠𝑒𝑒(𝑃𝑃𝑆𝑆𝑆𝑆𝑖𝑖)  and PCC will generate a 

relationship between these two variables even in the absence of publication bias, biasing 

estimation and tests for publication bias. Once again, the independence of Fisher’s z and its 

standard error eliminates this problem.  

 A third advantage is that Fisher’s z more closely follows a normal distribution than the 

PCC, especially if the true PCC is different from zero. Hence, meta-analyzing Fisher’s z is 

more in line with the assumptions of the common meta-analysis models that assume that the 

sampling distribution of each study’s effect size is normal. Accordingly, our subsequent 

analysis employs Fisher’s z as its measure of the effect of social capital on economic growth.5 

 With respect to interpreting the size of Fisher’s z, one can transform estimated values 

of Fisher’s z back to PCC using the formula 𝑃𝑃𝑆𝑆𝑆𝑆(𝐹𝐹𝑧𝑧) = (𝑒𝑒2𝐹𝐹𝐹𝐹 − 1) (𝑒𝑒2𝐹𝐹𝐹𝐹 + 1)⁄ , where Fz is 

the meta-analytic estimate based on the Fisher's z transformed PCCs. From a practical 

perspective, Fisher’s z values are approximately equal to PCC for everything but the largest 

values. For example, the “small”, “medium”, and “large” PCC values of 0.10, 0.23, and 0.39 

convert to Fisher’s z values of 0.10, 0.23, and 0.41.  

 Other data characteristics. Turning now to the other data characteristics, we record the 

year that the respective study was published (PubYear). Years of publication ranged from 1995 

to 2019, with a median publication year of 2010. This variable is useful in investigating whether 

there has been a trend in the size of the estimated social capital effects over time. A common 

finding across many disciplines is that estimated effect sizes decline over time, perhaps because 

                                                      
5 An earlier version of this paper used PCC as its measure of effect before we learned of the problems with this 
measure (Stanley & Doucouliagos, 2023; Hong & Reed, 2023). Some of the results changed (see Xue, Reed, & 
van Aert, 2022). Using Fisher’s z rather than PCC resulted in smaller estimates and stronger evidence for 
publication bias when using Egger’s regression test. This is precisely what one would expect given the 
mathematical relationship between PCC and 𝑠𝑠𝑒𝑒(𝑃𝑃𝑆𝑆𝑆𝑆 ) (see Equations 1a and 1b). The negative relationship 
between these two variables means that larger PCC will be associated with smaller estimated standard errors. This 
will give large PCC values disproportionately greater weight, inflating the estimate of the overall mean; and 
generate a negative bias for the estimated coefficient for 𝑠𝑠𝑒𝑒(𝑃𝑃𝑆𝑆𝑆𝑆). The latter bias will counteract any evidence of 
real publication bias.   
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larger and more significant estimates get published sooner, something known as “time-lag bias” 

(Ioannidis, 1998; Koricheva et al., 2013; Pietschnig et al., 2019).  

Approximately 42 percent of the estimates in our sample come from published journal 

articles (Published), with the remainder mostly coming from unpublished working papers and 

PhD and master’s dissertations/theses. Some researchers argue that it is important to include 

unpublished studies (“grey literature”) in meta-analyses, since publication bias (described 

below), can filter out insignificant or wrong-signed estimates from the literature (Ringquist, 

2013). They suggest that a comparison between published and unpublished studies may 

identify this behaviour. However, if researchers ultimately want their work to be published, 

they may choose to only report “preferred” estimates from the beginning, in which case no 

systematic differences will be observed between published and unpublished work. 

 A number of specification issues can also affect estimated effect sizes. If a lagged 

dependent variable (LaggedDV) is included as a right-hand-side regressor, coefficients on the 

social capital variable will only measure immediate, short-run effects. Accordingly, one would 

generally expect to see smaller effect sizes when the lagged dependent variable is included in 

the regression. Social capital variables may also take time to exert an influence on economic 

growth, so that effects may only show up after a time lag (LaggedSC). Approximately 6 and 9 

percent of the specifications used to produce the estimates in our study had a lagged dependent 

or lagged social capital variable, respectively. Finally, regression specifications commonly 

have more than one social capital variable in the regression (NumberSCVars). When that 

happens, one would expect multicollinearity to increase coefficient standard errors, decreasing 

t-statistics, and thus lowering effect sizes as measured by PCC/z. This implies a negative 

relationship between z and the number of social capital variables included in the regression.  

 Endogeneity can be expected to influence estimates of social capital effects in several 

ways. Simultaneity, whereby greater economic growth facilitates the development of social 
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capital, can serve to inflate estimates of causal effects of social capital on growth. Instrumental 

variable estimation (Endog_IV) is sometimes employed to correct this bias, though good 

instruments are hard to find. In this case, IV estimation would be expected to reduce the 

estimated social capital effect. However, researchers sometimes use IV estimation to address 

endogeneity due to omitted variables, in which case one cannot sign the direction of the bias. 

Approximately 21 percent of the estimates in our sample employed IV corrections for 

endogeneity. Fixed effects (Endog_FE) is another way to address omitted variable bias when 

using panel data. Approximately 10 percent of the estimates used this empirical procedure. The 

remaining 69 percent of estimates did not address endogeneity. This latter category serves as 

the reference group in the subsequent meta-regression analysis. Relatedly, we also note 

whether the data are panel (PanelData) or cross-sectional. Most of the estimates in our sample 

are based on panel data. 

 We also collect data on spatial characteristics. One spatial dimension is the level of the 

data, whether it be city, regional, or country, with the reference category being “other”. The 

most common type of data is country level (49 percent), with regional level data second (36 

percent). We do not have any prior expectations about how the level of the data might affect 

social capital effects on growth, but we are interested in determining whether this data feature 

contributes to the heterogeneity of estimates observed in the literature. We note that Westlund 

& Adam (2010) found that the effects of social capital on growth diminished as one increased 

the spatial level of the data. 

Finally, we record what part of the world the data come from (OECD/Europe, US, 

Africa, Asia). The reference category is “other” for countries that fall outside these regions. 

Again, while we do not have prior expectations about how country origin might affect social 

capital effects, it seems reasonable that social capital might be more salient in some 
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cultures/economies than others. One of the advantages of meta-analysis is that we are able to 

combine studies from different parts of the world to explore this. 

5. Overview of PCC and five estimators for estimating overall mean effect 

TABLE 3 summarizes the z values that are the focus of our analysis. The mean and median z 

values are 0.163 and 0.131. Using Doucouliagos’ size categories (“small” = 0.10, “medium” = 

0.23, and “large” = 0.41), these values place the unadjusted mean/median size of the effect of 

social capital on economic growth between “small” and “medium”, though closer to “small”. 

As can be seen from the table, z values and PCC values are closely matched across a broad 

range of values. The z values vary widely, from a minimum of -0.967 to a maximum of 1.943. 

The wide range of effect sizes, with both large negative and large positive values, indicates the 

difficulty of synthesizing this literature. 

This is further illustrated in FIGURE 2, which reports the distribution of t-statistics (top 

panel) and z values (bottom panel). Given that the mean/median z values are on the smallish 

side, one would expect the corresponding t-statistics also to be relatively small. That is indeed 

the case. Almost half of the t-statistics are smaller than 2 in absolute value, indicating that a 

large share of the estimated social capital effects is statistically insignificant. However, when 

significant, the overwhelming percentage of t-statistics tend to be positive. Turning to the 

bottom panel of z values, the two, vertical dashed lines are set at ±0.10 to indicate “small” 

effects. While much of the distribution lies within the dashed lines, a substantial portion lies 

outside this range, especially on the positive side.   

There are two complications in calculating an overall mean effect of social capital on 

economic growth. First, as indicated above, not all estimated effects should receive the same 

weight. In general, we want to give greater weight to those estimates that are more precise. As 

we discuss below, we also want our estimation procedure to best accommodate the nature of 

the data. The second complication is publication bias. Publication bias is a generic term to 
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indicate that observed estimates may represent a selected sample from the population of true 

effects. Whether due to journal preferences for significant estimates, or researchers not 

submitting studies with statistically insignificant results, publication bias can distort the 

estimates available to the meta-analyst. We take up each of these complications in turn. 

 Five models to estimate the (unadjusted) overall mean effect. Three of the most 

common meta-analytic estimators are (i) the Fixed Effect (FE) model (a.k.a. as the common- 

or equal-effect model), (ii) the Random Effects (RE) model, and (iii) the Multi-Level or 3-

Level model (3L). Note that “Fixed Effect” and “Random Effects” in the context of meta- 

analysis models are completely different from the identically named panel data estimators. 

 The RE model assumes there is one estimate per study and is given by: 

(4) 𝑧𝑧𝑖𝑖 = 𝛽𝛽0 + 𝜃𝜃𝑖𝑖 + 𝜀𝜀𝑖𝑖, 𝜃𝜃𝑖𝑖~𝑁𝑁(0, 𝜏𝜏2), 𝜀𝜀𝑖𝑖~𝑁𝑁(0, 𝑠𝑠𝑒𝑒(𝑧𝑧𝑖𝑖)2), i = 1,…,S,  

where i refers to the ith study and S is the total number of studies, 𝛽𝛽0 is the overall mean true 

effect size, 𝜃𝜃𝑖𝑖 is a normally distributed random study effect, 𝜏𝜏2 is the between-study variance 

in true effect sizes, and we assume 𝑐𝑐𝑒𝑒𝑐𝑐(𝜃𝜃𝑖𝑖 , 𝜀𝜀𝑖𝑖) = 0. In words, Equation (4) states that the true 

effect underlying the ith estimated z value consists of a common value, 𝛽𝛽0, plus a unique draw 

from a shared, normal distribution, 𝜃𝜃𝑖𝑖. This models each z estimate as having a unique, true 

effect. This true effect is then estimated with sampling error, 𝜀𝜀𝑖𝑖.   

Fundamental to the RE model is the assumption that there is no single, true effect 

underlying all studies. Rather, underlying each estimated z value is a “true value” drawn from 

the normal distribution, 𝑁𝑁(𝛽𝛽0, 𝜏𝜏2), that is estimated with sampling error given by 𝜀𝜀𝑖𝑖. It follows 

that 𝐸𝐸(𝑧𝑧𝑖𝑖) = 𝛽𝛽0 , so that �̂�𝛽0  is the estimate of the overall mean effect of social capital on 

economic growth.  The RE model does not acknowledge the clustered nature of the z estimates, 

as it assumes there is only one estimate per study. However, it is commonly applied to meta-

analysis datasets with multiple estimates per study. As a result, researchers often adjust the 
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standard errors by using a robust estimator that clusters on study, typically using one of two 

cluster robust standard errors, CR1 and CR2 (Pustejovsky, 2016). 

 The FE model is a straightforward simplification of the RE model. It assumes 𝜏𝜏2 = 0, 

In words, all social capital effects are assumed to have a single population value, with sampling 

error being the only reason why estimates differ across studies. As in the case of the RE model, 

it is common to adjust the standard errors post-estimation using a cluster robust estimator.  

The use of the FE model is somewhat idiosyncratic to the economics literature. RE is 

the meta-analytic estimator of choice in most other disciplines (Borenstein, Hedges, & 

Rothstein, 2007; Dettori, Norvell, & Chapman, 2022). Almost all researchers acknowledge that 

the RE model is more realistic, and, indeed, the FE model is almost always statistically rejected 

in favor of the RE model when tested. However, there is some simulation evidence to indicate 

that the FE estimator produces “better” estimates in the presence of publication bias (Stanley 

& Doucouliagos, 2014).  

The two estimators differ in the weights they assign to individual estimates. Whereas 

the FE model weights by the inverse of 𝑠𝑠𝑒𝑒(𝑧𝑧𝑖𝑖)2, the RE model weights by the inverse of 

(𝑠𝑠𝑒𝑒(𝑧𝑧𝑖𝑖)2 + 𝜏𝜏2). Both models give greater weight to individual estimates that are estimated 

more precisely, but the FE model concentrates more weight on the most precise estimates. 

Hence, it can be insightful to use the FE model next to the RE model as a sensitivity analysis.  

Caution should be exercised when the FE model places a large weight on a small 

number of estimates. If true effects are widely dispersed (i.e., large heterogeneity), and only a 

few studies receive a large proportion of the weight, that can cause the FE estimate to 

misrepresent the overall mean effect. That is the case illustrated by a hypothetical example in 

FIGURE 3, where the three most precise estimates (indicated by the grey vertical lines) lie to 

the right of the overall mean, 𝛽𝛽0 . On the other hand, if 𝜏𝜏2  is large relative to 𝑠𝑠𝑒𝑒(𝑧𝑧𝑖𝑖)2 , 
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differences in sampling error will be swamped by effect heterogeneity, and the estimate of the 

overall mean will give similar weights to precise and imprecise estimates.  

TABLE 4 reports the distribution of weights allocated by the FE and RE estimators. 

For the FE model, the top 3 studies -- approximately 4% of the total number of studies -- receive 

66% of the weight in calculating the overall mean.6 The top 10 studies – approximately 12% 

of the total number of studies – receive 90% of the total weight.7 This heavy concentration on 

a small number of studies is concerning if these studies have heterogeneous effects as 

illustrated in FIGURE 3.  

However, RE is also problematic. Our sample of z values is characterized by a large 

degree of effect heterogeneity. We can quantify this heterogeneity by using the I2 statistic, 

which measures the share of the effect heterogeneity (i.e., between-study variance in true 

effects) as a percent of total variance. It is important to emphasize that I2, like the FE and RE 

estimators, assumes that all estimated effects are independent. The I2 is 97.6% in our meta-

analysis. This is relatively, but not extraordinarily, large for meta-analyses in economics. 

Accordingly, for the RE model, the top 3 and top 10 studies receive only 5% and 18% of the 

weight in calculating the overall mean. The difference between the minimum and maximum 

weights is slight: 0.3% versus 1.9%. As a result, the most precise estimates receive virtually 

the same weight as the least precise estimates. 

 As noted above, both the FE and RE models ignore the fact that meta-analysis datasets 

often have multiple estimates per study. FIGURE 4 illustrates the extent to which the studies 

in our sample have multiple estimates. The median number of estimates per study is 8. The 

mean number is 12.3, with one study reporting 74 individual estimates. One would expect that 

                                                      
6 The studies with the 3 largest weights are (in order of weights) id = 8, 57, and 67. They count for 8.9% of the 
total number of estimates. 
7 The studies with the 10 largest weights (in order of weights) are id = 8, 57, 67, 41, 42, 69, 37, 15, 3, and 39 (in 
order of weights). They count for 35.3% of the total number of estimates.  
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estimates from the same study would be correlated, and that is indeed the case for our sample. 

The intraclass correlation for the z variable is 0.321, indicating a high degree of clustering. 

In contrast to FE and RE, the three-level multilevel meta-analysis model (3L) explicitly 

incorporates within-study clustering of estimates. It is given below: 

(5) 𝑧𝑧𝑖𝑖𝑖𝑖 = 𝛽𝛽0 + 𝜃𝜃𝑖𝑖 + 𝜑𝜑𝑖𝑖𝑖𝑖 + 𝜀𝜀𝑖𝑖𝑖𝑖, 𝜃𝜃𝑖𝑖~𝑁𝑁(0, 𝜏𝜏𝜃𝜃2), 𝜑𝜑𝑖𝑖𝑖𝑖~𝑁𝑁(0, 𝜏𝜏𝜑𝜑2 ),  𝜀𝜀𝑖𝑖𝑖𝑖~𝑁𝑁(0, 𝑠𝑠𝑒𝑒�𝑧𝑧𝑖𝑖𝑖𝑖�
2

), 
            i = 1,…,S; j = 1,…, Ni, 
 
where j is referring to the jth estimate and Ni is the total number of estimates in the ith study, 

𝜑𝜑𝑖𝑖𝑖𝑖 is a normally distributed random effect with mean zero and variance 𝜏𝜏𝜑𝜑2 , and we assume 

𝑐𝑐𝑒𝑒𝑐𝑐�𝜃𝜃𝑖𝑖 , 𝜀𝜀𝑖𝑖𝑖𝑖� = 𝑐𝑐𝑒𝑒𝑐𝑐�𝜑𝜑𝑖𝑖𝑖𝑖, 𝜀𝜀𝑖𝑖𝑖𝑖� = 0.  Equation (5) states that the true effect underlying the 

estimated z value consists of the same two components as the RE model, plus a third 

component, 𝜑𝜑𝑖𝑖𝑖𝑖, that indicates that the true effects of estimates within a study differ from each 

other.   

We also include another three-level multilevel meta-analysis model (3L-VCV) where 

we not only take into account that the true effects from the same study may be correlated, but 

also that the sampling errors may be correlated. 8 We do this by assuming a within-study 

variance-covariance matrix for the sampling errors. Sampling errors from the same study would 

be expected to be correlated if, for example, the different estimates were based on the same 

sample. Unfortunately, correlation between sampling errors is not something that can be 

separately estimated. As a result, we assume a correlation of 0.5. However, we also run our 

analyses with correlations of 0.3 and 0.7 as a sensitivity analysis. The 3L and 3L-VCV models 

are alternatively known as hierarchical effects meta-analysis and correlated and hierarchical 

effects meta-analysis, respectively.  

                                                      
8 3L-VCV is the same model as a multivariate meta-analysis model (e.g., Gleser & Olkin, 2009; Hedges & Olkin, 
1985) where the between-study covariance matrix has a compound symmetry structure and there is only one 
outcome in the meta-analysis. 
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Finally, as a point of comparison, we also report OLS estimates where there is no 

differential weighting for more precise estimates and all estimates receive identical weights. 

Having discussed the five estimators used in this study, we are now in a position to provide the 

first estimates of the overall mean effect of social capital on economic growth. Our main results 

are obtained using the programming language R (R Core Team, 2022). Most estimates come 

from the R package metafor (Viechtbauer, 2010). All the code used to produce the estimates in 

this study are available at:9 

https://osf.io/suyxz/?view_only=7979e543d9254adbbee8aa626b1bd920.I  

6. RESULTS: Estimates of the overall mean effect of social capital on economic growth 

TABLE 5 reports estimates of the overall mean effect of social capital on economic growth for 

the OLS, FE, RE, 3L, and 3L-VCV models, where the overall mean effect is given by 𝛽𝛽0 in 

Equations (4) and (5).10 Note that the OLS and RE estimates will be quite similar since I2 is 

close to 100% in our sample. The estimates range from a low of 0.061 (FE) to a high of 0.187 

(3L), with all five estimates being statistically significant at the 5-percent level. In terms of 

Doucouliagos’ size classifications, these range approximately from “small” to “medium” in 

effect size. While these estimates provide a synthesis of the estimates in the literature, they do 

not make any adjustment for publication bias. If, for example, researchers and journals tend to 

prefer estimates that confirm the importance of social capital, these estimates will over-estimate 

the true effect of social capital on economic growth. For that reason, we attempt to estimate the 

effect of publication bias and, if necessary, adjust these estimates accordingly. 

Publication bias. A common method for detecting, and correcting, publication bias is 

to add the standard error of the estimated effect (𝑠𝑠𝑒𝑒(z)) to the specifications of Equations (4) 

and (5). In economics, this is known as FAT-PET, for Funnel Asymmetry Test – Precision 

                                                      
9 Data will be added when the paper is published. 
10 The sensitivity analyses for 3L-VCV are reported in the supplemental materials. The results of the sensitivity 
analyses are comparable to the results reported in the paper. 

https://osf.io/suyxz/?view_only=7979e543d9254adbbee8aa626b1bd920.I
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Effect Test (Stanley & Doucouliagos, 2012; Nakagawa et al., 2022). The univariate regression 

specification with the standard error as an explanatory variable is known as an Egger regression 

(Egger, et al., 1997). The coefficient on the standard error variable is interpreted as estimating 

the impact of publication bias on the estimated effect. Statistical significance of this coefficient 

is taken as evidence of the existence of publication bias.11,12 The idea is that as the standard 

error increases, there is wider scope for researchers to select estimates that are more interesting 

or attractive to reviewers and readers. This is the “FAT” part of FAT-PET.  

Under this interpretation, by setting the value of 𝑠𝑠𝑒𝑒(𝑧𝑧) equal to 0, one can estimate what 

the overall mean value of z would be in the absence of publication bias. In a univariate 

regression with 𝑠𝑠𝑒𝑒(𝑧𝑧) as the only explanatory variable, this is represented by the constant term. 

A hypothesis test of the constant term constitutes a test whether the overall mean value of z is 

different from zero. This is the “PET” part of FAT-PET. Because it represents the estimate of 

the overall mean effect after adjusting for publication bias, it is sometimes referred to as “effect 

beyond bias”. 

Columns (1) to (5) of TABLE 6 report estimates of both the coefficient on 𝑠𝑠𝑒𝑒(𝑧𝑧) 

(“Bias”) and the constant term (“Effect beyond bias”). Evidence of the existence of publication 

bias is strong and consistent. Across all five estimation procedures, we obtain positive and 

statistically significant estimates for the coefficient of 𝑠𝑠𝑒𝑒(𝑧𝑧). The positive sign indicates that 

effects that are estimated less precisely tend to be larger in size.  

The constant term in Columns (1) to (5) represents the predicted value of the overall 

mean effect in the absence of publication bias, so that 𝑠𝑠𝑒𝑒(𝑧𝑧) = 0. The corresponding estimates 

of “Effect beyond bias” are 0.032, 0.038, 0.025, 0.025, and 0.020 -- well below Doucouliagos’ 

                                                      
11 Outside of economics, this is commonly known as Egger’s test, or Egger’s regression test (Egger et al., 1997). 
12 Although this test is commonly used to test for publication bias, it is actually testing for so-called “small-study 
effects”. Small-study effects refer to the tendency of studies with a small sample size to go along with large effect 
sizes. Publication bias is only one of the possible causes of small-study effects. See Egger et al. (1997) for a list 
of other causes of small-study effects.  
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(2011) “small” threshold of 0.10. These compare with the unadjusted estimates in TABLE 5 

of 0.163, 0.061, 0.138, 0.187, and 0.166. The substantial difference between the two sets of 

estimates shows how publication bias can cause the literature to distort the true effects of 

economic factors. 

While the FAT-PET framework is ubiquitous in the meta-analytic literature, it is an odd 

specification. The use of a univariate regression to infer publication bias is unnecessarily 

restrictive. If 𝑠𝑠𝑒𝑒(𝑧𝑧) is correlated with other data, study, and estimation characteristics, and 

these characteristics are themselves related to the estimated effect, z, then what is being 

interpreted as publication bias may be nothing more than omitted variable bias. Just as no study 

would estimate the returns to education from a univariate regression of wages on education, 

likewise caution is called for in reading too much into a univariate regression of z on 𝑠𝑠𝑒𝑒(𝑧𝑧).  

Indeed, there are grounds for being concerned about omitted variables. An OLS 

regression of 𝑠𝑠𝑒𝑒(𝑧𝑧) on the data, study, and estimation characteristic variables in our sample has 

an R-squared of 53.8%. Accordingly, we next attempt to strip out from 𝑠𝑠𝑒𝑒(𝑧𝑧) the influence of 

these other variables. 

Columns (6) through (10) of TABLE 6 report the results of this analysis. The estimates 

for “Bias” and “Effect beyond bias” come from two separate estimation procedures. The 

estimated coefficient for 𝑠𝑠𝑒𝑒(𝑧𝑧) comes from a meta-regression in which all the data, study, and 

estimation characteristics in TABLE 2 are added to the regression along with 𝑠𝑠𝑒𝑒(𝑧𝑧). TABLE 

6 only reports the estimated coefficient for 𝑠𝑠𝑒𝑒(𝑧𝑧), though we will report the estimates for the 

other variables later.  

The inclusion of the additional variables does not affect our conclusion concerning the 

existence of publication bias. The coefficients for the bias terms continue to be positive and 

strongly significant in each of the models in Columns (6) to (10). However, they are somewhat 
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smaller. This is important because it has follow-on effects for the estimates of “Effect beyond 

bias”. 

To estimate “Effect beyond bias”, we take advantage of the fact that in an OLS 

regression, the estimated coefficients times the sample means of their respective variables 

equals the sample mean of the dependent variable. Thus, setting the value of 𝑠𝑠𝑒𝑒(𝑧𝑧) equal to 0 

and multiplying all the other estimated coefficients by the sample means of their respective 

variables provides a prediction of the overall mean effect when the effect of publication bias 

has been eliminated.  

This is how we calculate “Effect beyond bias” for the OLS estimate in Column (6). For 

the sake of consistency, we follow the same procedure for the other estimators in Columns (7) 

through (10) even though the relationship between coefficient estimates and sample means that 

we exploited for OLS does not strictly hold for weighted regressions. Following this procedure 

produces “Effect beyond bias” estimates that are approximately twice the size of the estimates 

Columns (1) to (5), ranging from 0.052 to 0.077. Even so, these all fall short of Doucouliagos’ 

“small” threshold. While economically very small in size, the estimates are consistently 

statistically significant.13   

We prefer the estimates of Columns (6) to (10) because they correct for omitted variable 

bias in the estimation of 𝑠𝑠𝑒𝑒(𝑧𝑧). Among these, we prefer the 3L and 3L-VCV estimates because 

they incorporate the effect of clustering in the estimation of coefficients. Even so, there is not 

much difference across the respective models. They all lead to the same conclusion: that the 

effect of social capital on economic growth is statistically significant but very “small”. 

 

                                                      
13 Unfortunately, the available statistical packages do not allow one to calculate CR2 standard errors for the 
“Effect beyond bias” predictions in Columns (6) through (10). Accordingly, we use the CR1 estimator for 
clustered standard errors (Pustejovsky, 2016). These are smaller than the CR2 standard errors in Columns (1) 
through (5). However, this does not appear to explain their statistical significance, because the estimates in (1) 
through (5) remain statistically insignificant even when the CR1 estimator is used. 
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7. RESULTS: Estimating the effects of different kinds of social capital 

Are some types of social capital more effective at contributing to economic growth than others? 

Up to now we have pooled estimates of social capital on economic growth without attempting 

to differentiate the effects of different kinds of social capital. In this section, we identify 

estimates by type of social capital: cognitive, structural, or other. As discussed above, cognitive 

social capital can be thought of as referring to what people think and feel (e.g., perceptions of 

trust), while structural social capital references what people do (e.g., membership in 

associations and participation in activities or organizations).  

TABLE 7 distinguishes the estimated effects of cognitive and structural social capital, 

with “other” social capital serving as the reference category. The first five columns report the 

results of a multiple regression analysis consisting of two dummy variables to indicate whether 

the respective estimated effect is associated with cognitive or structural social capital. The next 

five columns report the results of a full regression with all data, study, and estimation variables 

included.14  

We are interested in two questions. First, is there any evidence that different kinds of 

social capital have different effects on economic growth? To get at this question, we test 

𝐻𝐻0:𝛽𝛽𝑃𝑃𝐶𝐶𝐶𝐶𝐶𝐶𝑖𝑖𝑡𝑡𝑖𝑖𝐶𝐶𝐶𝐶 = 𝛽𝛽𝑆𝑆𝑡𝑡𝑆𝑆𝑆𝑆𝑆𝑆𝑡𝑡𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 = 0 . Rejection of this hypothesis is evidence that there are 

differing social capital effects. Second, do cognitive and social capital have different effects on 

economic growth? Note that this differs from the first question in that cognitive and structural 

social capital could have the same effect on economic growth, but still differ from other types 

of social capital. We investigate this latter question by testing 𝐻𝐻0:𝛽𝛽𝑃𝑃𝐶𝐶𝐶𝐶𝐶𝐶𝑖𝑖𝑡𝑡𝑖𝑖𝐶𝐶𝐶𝐶 = 𝛽𝛽𝑆𝑆𝑡𝑡𝑆𝑆𝑆𝑆𝑆𝑆𝑡𝑡𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆. The 

results of testing the two hypotheses are reported in separate rows at the bottom of TABLE 7. 

                                                      
14 An earlier version of this paper also reported LASSO estimates in TABLE 7 (StataCorp. 2021). We omit 
LASSO from this version because the model selection algorithm only selected 3 control variables, and none were 
found to be correlated with the dependent variable, so we deemed the model unreliable. 



22 
 

The results are easily summarized. Across the board, for all 10 models, we fail to reject 

the two null hypotheses at the 5 percent level. Despite much literature that teases out various 

facets of the different types of social capital, at least when it comes to economic growth, we 

find no evidence to indicate that different types of social capital have different effects, nor that 

there is a difference in the growth effects of cognitive versus structural social capital. Across 

the empirical literature on economic growth, “trust”, which is effectively equivalent to 

cognitive social capital in our study, is widely seen as an important determinant of economic 

growth (Banfield, 1958; Knack and Keefer, 1997; Zak and Knack, 2001; Beugelsdijk et al., 

2004; Dearmon and Grier, 2009). Our analysis does not find anything unique about trust 

relative to other types of social capital when it comes to economic growth. 

8. RESULTS: Investigating systematic determinants of effect heterogeneity 

Section 3 discussed the variables that we collected and presented possible reasons why these 

might be systematically related to the sizes of effects reported in the literature. In this section 

we explore whether one or more of these data, study, and estimation characteristics can help 

explain the heterogeneity of estimates that we see in the literature. The problem is that we have 

a large number of variables. There is a total of 220 different models one can specify given the 

20 data, study, and estimation variables in our study. We do not know which ones to select to 

get the “best” estimate of the moderating effects of these variables, yet we know from the 

economic growth literature that different model specifications can produce different findings 

(Sala-i-Martin, ,1997; Brock & Durlauf, 2001; Fernandez, Ley, & Steel, 2001; Hoover & Perez, 

2004). Our approach is to use Bayesian Model Averaging, BMA (Hoeting et al., 1999; Zeugner 

& Feldkircher, 2015). 

 It is impossible to estimate 220 different models, so BMA uses a sampling procedure 

(Markov Chain Monte Carlo sampling, or MCMC) to efficiently select the variable 

combinations that provide the greatest explanatory power. The “B” in BMA refers to the fact 
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that the researcher needs to identify prior beliefs over two distributions. The first prior that the 

researcher needs to specify is to assign a distribution of probabilities over the model space. One 

possibility is to give each model an equal initial probability of 1
220

. However, this has the effect 

of giving mid-sized models more weight than models with a few or many variables. An 

alternative approach is to specify probabilities over the number of variables the researcher 

believes to be in the “true model”. This is the approach that Zeugner and Feldkircher (2015) 

recommend and the approach that we adopt in our analysis.15  

The second prior the researcher needs to specify is a distribution of probabilities over 

the coefficient space. This is commonly done by positing a normal distribution with given mean 

and variance. The mean is generally set equal to zero. The variance is set proportional to the 

variance from the corresponding model’s estimated OLS variance-covariance matrix, where 

the factor of proportionality is given by Zellner’s g (Zeugner & Feldkircher, 2015). That is the 

approach that we adopt.16,17  

 Columns (1) through (3) in TABLE 8 present the results. Recall that BMA assumes a 

prior distribution of coefficient values that are normally distributed. The post-BMA distribution 

of coefficient values is also normal. Their posterior means and standard deviations are given in 

Columns (1) and (2). Column (3) reports the “Posterior Inclusion Probability” (PIP). This is 

the estimated probability that the respective variable belongs in the “true model”. Each 

specification receives a posterior probability of being the “true model” such that the sum of the 

posterior probabilities equals 1. PIP is the sum of the model probabilities for those models that 

include the respective variable. 

                                                      
15 Personal correspondence with Zeugner on October 15, 2015. 
16 We note that this approach implicitly assumes that the estimates are independently distributed. Unfortunately, 
this assumption is violated in any meta-analysis dataset that has multiple estimates per study where clustering is 
likely to exist. Unfortunately, limitations in the available statistical packages do not allow us to assume a more 
general prior distribution for the coefficients.  
17 Our BMA analysis sets the model prior = “random”, which assumes a “Binomial-beta” distribution over model 
size. This is the approach taken by Ley & Steel (2009). For Zellner’s g, we select the option “g = "hyper = UIP", 
also recommended by Zeugner. 
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 We also report the results from an OLS regression with all variables included in 

Columns (4) and (5). We had already reported the OLS estimates for the two social capital 

variables in Column (6) of TABLE 7. We now report all the estimates from that regression. 

We include the OLS estimates in TABLE 8 for several reasons. First, they provide a useful 

comparison to see how much multicollinearity in the fully specified, single model causes 

estimates to differ from the more sophisticated BMA approach. But they also are a reminder 

that BMA, for all its sophistication, is based on OLS regression. A comparison of Columns (1) 

and (3) confirms the association between BMA and OLS. 

 In interpreting the estimates in TABLE 8, it is useful to note that other than PubYear, 

NumberSCVars, and sez, all variables are dummy variables. Thus, the coefficients can be 

interpreted as the change in the overall mean effect of social capital on economic growth when 

the respective dummy variable changes value from 0 to 1. Applying Doucouliagos’ size 

classifications, we see most of the moderating effects fail to  achieve Doucouliagos’ threshold 

value of “small” (= 0.10). The exceptions are Endog_FE and Reg_US.  

The BMA mean value of -0.132 for Endog_FE indicates that panel studies that included 

group fixed effects had smaller estimated social capital effects than other studies. However, 

one must be careful not to misinterpret this finding. Fisher’s z is based on PCC and PCC is 

based on t-statistics. We expect within-variation for social capital variables to be relatively 

small compared to between-variation because social norms change slowly over time. A 

consequence of larger standard errors and smaller t-values will thus be smaller social capital 

effects.  

  With respect to Reg_US, the BMA estimate for studies estimating the effect of social 

capital on US economic growth indicates that US social capital effects are lower than those 

estimated for other parts of the world. We conjecture that this may reflect that there exist 
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institutions in the US that can serve as substitutes for social capital, at least to some extent. 

This may be a fruitful topic for future research to explore. 

9. Summary and Conclusion 

In this paper, we conduct the first meta-analysis of the literature examining the effect of social 

capital on economic growth. We collect and analyse 993 estimates from 81 studies in order to 

synthesize the empirical research on social capital and economic growth. Because different 

studies use different measures of both economic growth and social capital, we transform 

estimates into partial correlation coefficients (PCCs), and then convert them further into Fisher 

z values, assessing the resulting values using Doucouliagos’ (2011) effect size classifications. 

Using a variety of estimation procedures, we reach the following conclusions. 

 We find consistent evidence of publication bias in the empirical literature. The sign of 

the respective estimates indicate that publicly available estimates overstate the true impact of 

social capital on economic growth. While these estimates are not large to begin with, they 

become substantially smaller after correcting for publication bias. The associated estimates fail 

to achieve Doucouliagos’ (2011) threshold value of “small”, though they are statistically 

significant. Our results highlight the value of meta-analysis. Based purely on the available 

empirical literature, one might come to the conclusion that social capital is a substantial 

contributor to economic development. Our publication bias-adjusted estimates indicate that this 

is not the case. 

We also do not find any evidence to indicate that trust plays a more important role in 

economic development than other kinds of social capital. This is a noteworthy finding given 

the importance role many researchers have attributed to this factor (Banfield, 1958; Knack & 

Keefer, 1997; Zak & Knack, 2001; Beugelsdijk et al., 2004; Dearmon & Grier, 2009). Finally, 

while most of the moderating factors we investigate are found to have little effect, we do find 

that studies based on US data find substantially lower social capital effects on growth than 
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those using data from other parts of the world. This is a potential topic for future research to 

explore.  
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TABLE 1 
Types of Social Capital 

 

Type of Social Capital Description Reference 

Bonding 
Refers to strong ties and relationships between individuals within a similar social group or 
community, such as family, friends, or members of a religious or cultural group. Bonding 
social capital is important for building trust and social cohesion within communities.  

Putnam (2000) 

Bridging 

Refers to connections and relationships between individuals or groups from different 
social backgrounds or communities. Bridging social capital is important for promoting 
diversity and creating opportunities for collaboration and exchange between different 
groups. 

Portes (1998) 

Cognitive 
Refers to shared values, beliefs, and norms that shape social interactions and relationships. 
Cognitive social capital is important for building trust and social cohesion, and for 
facilitating cooperation and collective action. 

Coleman (1990) 

Experiential 
Refers to the knowledge and skills that individuals gain through social interactions and 
relationships. Experiential social capital can enhance individuals' social and economic 
opportunities. 

Lin (2001) 

Linking 

Refers to connections between individuals or groups of different social status or power, 
such as between individuals and institutions or between local and national organizations. 
Linking social capital is important for creating pathways to resources, knowledge, and 
opportunities that may be otherwise inaccessible. 

Woolcock (1998) 
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Type of Social Capital Description Reference 

Normative Refers to the social norms and values that influence social interactions and relationships. 
Normative social capital can promote social cohesion and trust within a community. Fukuyama (1995) 

Relational 
Refers to the quality and strength of individual relationships within a social network. 
Relational social capital can facilitate information sharing, resource exchange, and 
collective action. 

Adler & Kwon (2002) 

Structural 

Refers to the formal and informal networks and institutions that facilitate social 
interactions and relationships, such as schools, clubs, and community organizations. 
Structural social capital is important for creating opportunities for social engagement and 
building community resilience. 

Lin (2001) 
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TABLE 2 
Description of Variables 

Variable Description Mean Min Max 

ECONOMIC GROWTH VARIABLE 
1) DV_GrowthRate =1, if dep. variable is GDP growth rate 0.623 0 1 
-- DV_GDPLevel* =1, if dep. variable is level of income (GDP) 0.377 0 1 

SOCIAL CAPITAL VARIABLES 
3) SC_Cognitive =1, if social capital is cognitive 0.343 0 1 
4) SC_Structural =1, if social capital is structural 0.314 0 1 
--SC_Other* =1, if social capital is other type 0.342 0 1 

STUDY CHARACTERISTICS 
5) PubYear Year study was published 2009.8 1995 2019 
6) Published =1, if study is a published journal article  0.424 0 1 

SPECIFICATION 
7) LaggedDV =1, if lagged DV included in equation 0.063 0 1 
8) LaggedSC =1, if lagged SC variable(s) included in equation 0.095 0 1 
9) NumberSCVars Number of SC variables included in equation 2.33 1 12 

ENDOGENEITY 
10) Endog_IV =1, if instrumental variable estimator used 0.208 0 1 
11) Endog_FE =1, if fixed effects included in equation 0.105 0 1 
-- NoEndogeneity* =1, if estimation did not address endogeneity 0.687 0 1 

12) PanelData =1, if data are panel data 0.728 0 1 

DATA CHARACTERISTICS 
13) CityLevel =1, if data are city level 0.035 0 1 
14) RegionLevel =1, if data are regional level 0.360 0 1 
15) CountryLevel =1, if data are country level 0.492 0 1 
-- OtherLevel* =1, if data are other level 0.113 0 1 

COUNTRIES 
16) Reg_OECDEurope =1, if countries are in OECD or Europe 0.374 0 1 
17) Reg_US =1, if countries are in US 0.097 0 1 
18) Reg_Africa =1, if countries are in Africa 0.024 0 1 
19) Reg_Asia =1, if countries are in OECD or Europe 0.070 0 1 
-- Reg_Other* =1, if countries outside the above regions 0.435 0 1 

 

NOTE: When the grouped variables include all possible categories, the categories omitted in 
the subsequent analysis (the benchmark categories) are indicated by an asterisk.  
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TABLE 3 
Descriptive Statistics for Effect Size Variables 

 
 t-Statistics df PCC Values z Values 

Mean 1.95 922 0.151 0.163 

Median 1.86 112 0.130 0.131 

Minimum -13.51 6 -0.747 -0.967 

Maximum 57.41 10,795 0.960 1.943 

Std. Dev. 3.87 2319 0.229 0.266 

1% -3.66 11 -0.454 -0.490 

5% -2.34 21 -0.227 -0.231 

10% -1.38 28 -0.087 -0.087 

90% 4.00 1,658 0.460 0.497 

95% 5.91 9,727 0.526 0.584 

99% 17.70 10,143 0.712 0.890 

Obs 993 993 993 993 
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TABLE 4 
Study Weights 

 

 Fixed Effects Random Effects 

Mean 1.2% 1.2% 
Median 0.1% 1.3% 

5% 0.0% 0.4% 
10% 0.0% 0.5% 
90% 1.6% 1.7% 
95% 4.9% 1.8% 

Minimum 0.0% 0.3% 
Maximum 38.0% 1.9% 

Top 3a 65.9% 5.5% 

Top 10b 90.1% 17.9% 

I-squared ---- 97.6% 
Studies 81 81 

 
 

a The studies with the 3 largest weights are id = 8, 57, and 67. See the 
Appendix to match id’s with studies. 
 
b The studies with the 10 largest weights are id = 8, 57, 67, 41, 42, 69, 37, 
15, 3, and 39 (in descending order of weights). See the Appendix to 
match id’s with studies. 
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TABLE 5 
Estimate of (Unadjusted) Overall Mean Effect 

 

Variable OLS 
(1) 

FE 
(2) 

RE 
(3) 

3L 
(4) 

3L-VCV 
(5) 

Constant 0.163*** 
(0.024) 

0.061** 
(0.017) 

0.138*** 
(0.023) 

0.187*** 
(0.019) 

0.166*** 
(0.020) 

Observations 993 993 993 993 993 
Studies 81 81 81 81 81 

 
NOTE: The dependent variable is Fisher’s z. Standard errors are estimated using the “CR2” 
cluster robust standard error estimator (Pustejovsky, 2016) and are reported in parentheses. All 
of the estimation procedures calculate cluster robust standard errors. *, **, and *** indicate 
statistical significance at the 10-, 5-, and 1-percent level, respectively. 
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TABLE 6 

Estimate of the Adjusted Overall Mean Effect 
 

Variable OLS 
(1) 

FE 
(2) 

RE 
(3) 

3L 
(4) 

3L-VCV 
(5) 

OLSa 

(6) 
FEa 

(7) 
REa 

(8) 
3La 

(9) 
3L-VCVa 

(10) 

Constant 
(Effect beyond bias) 

0.032 
(0.026) 

0.038 
(0.030) 

0.025 
(0.028) 

0.025 
(0.028) 

0.020 
(0.026) 

0.055** 
(0.024)b 

0.071*** 
(0.012)b 

0.052** 
(0.025)b 

0.068** 
(0.031)b 

0.077** 
(0.034)b 

𝒔𝒔𝒔𝒔(𝒛𝒛)  
(Bias) 

1.215*** 
(0.248) 

1.076** 
(0.471) 

1.286*** 
(0.288) 

1.425** 
(0.238) 

1.483*** 
(0.250) 

1.005*** 
(0.221) 

0.856** 
(0.303) 

1.022*** 
(0.270) 

1.046*** 
(0.266) 

1.002***  
(0.338) 

Observations 993 993 993 993 993 993 993 993 993 993 
Studies 81 81 81 81 81 81 81 81 81 81 

 
NOTE: The dependent variable is Fisher’s z. Unless otherwise indicated, standard errors are estimated using the “CR2” cluster robust standard 
error estimator (Pustejovsky, 2016) and are reported in parentheses. *, **, and *** indicate statistical significance at the 10-, 5-, and 1-percent 
level, respectively. 
 
a An OLS regression of 𝑠𝑠𝑒𝑒(𝑧𝑧) on the full set of data, study, and estimation characteristics has an R-squared of 53.8%. 
 
b These standard errors are estimated using the “CR1” cluster robust standard error estimator (Pustejovsky, 2016). Note that CR1 standard error 
estimates tend to be smaller than CR2 estimates, which may inflate significance. 
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TABLE 7 
Meta-Regression Analysis - Social Capital Variables 

 

 No control variables Full set of control variables 

Variable OLS 
(1) 

FE 
(2) 

RE 
(3) 

3L 
(4) 

3L-VCV 
(5) 

OLS 
(6) 

FE 
(7) 

RE 
(8) 

3L 
(9) 

3L-VCV 
(10) 

SC_Cognitive 0.106* 
(0.056) 

0.030 
(0.055) 

0.094* 
(0.054) 

-0.006 
(0.069) 

0.012 
(0.069) 

0.029 
(0.046) 

-0.003 
(0.027) 

0.010 
(0.044) 

-0.038 
(0.068) 

-0.024 
(0.074) 

SC_Structural -0.013 
(0.044) 

0.035 
(0.023) 

-0.008 
(0.041) 

-0.007 
(0.061) 

0.000 
(0.059) 

-0.012 
(0.045) 

-0.007 
(0.023) 

-0.002 
(0.043) 

0.016 
(0.046) 

0.022 
(0.048) 

Constant 0.131*** 
(0.033) 

0.040* 
(0.016) 

0.112*** 
(0.030) 

0.192*** 
(0.041) 

0.161*** 
(0.040) ---- ---- ---- ---- ---- 

𝐻𝐻0:𝛽𝛽𝑃𝑃𝐶𝐶𝐶𝐶𝐶𝐶𝑖𝑖𝑡𝑡𝑖𝑖𝐶𝐶𝐶𝐶
= 𝛽𝛽𝑆𝑆𝑡𝑡𝑆𝑆𝑆𝑆𝑆𝑆𝑡𝑡𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 = 0 

F = 2.11 
(p=0.143) 

F = 1.13 
(p=0.409) 

F = 1.61 
(p=0.222) 

F = 0.01 
(p=0.992) 

F = 0.01 
(p=0.986) 

F = 0.31 
(p=0.734) 

F = 0.04 
(p=0.957) 

F = 0.03 
(p=0.970) 

F = 0.23 
(p=0.795) 

F = 0.19 
(p=0.828) 

𝐻𝐻0:𝛽𝛽𝑃𝑃𝐶𝐶𝐶𝐶𝐶𝐶𝑖𝑖𝑡𝑡𝑖𝑖𝐶𝐶𝐶𝐶
= 𝛽𝛽𝑆𝑆𝑡𝑡𝑆𝑆𝑆𝑆𝑆𝑆𝑡𝑡𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 

F = 3.92 
(p=0.060) 

F = 0.01 
(p=0.943) 

F = 2.83 
(p=0.107) 

F = 0.00 
(p=0.990) 

F = 0.02 
(p=0.885) 

F = 0.61 
(p=0.441) 

F = 0.02 
(p=0.902) 

F = 0.05 
(p=0.817) 

F = 0.51 
(p=0.491) 

F = 0.35 
(p=0.564) 

Observations 993 993 993 993 993 993 993 993 993 993 

Studies 81 81 81 81 81 81 81 81 81 81 

 
NOTE: The dependent variable is Fisher’s z. Standard errors are estimated using the “CR2” cluster robust standard error estimator (Pustejovsky, 
2016) and are reported in parentheses. The *, **, and *** indicate statistical significance at the 10-, 5-, and 1-percent level, respectively. 
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TABLE 8 
Meta-Regression Analysis – All Variables 

 
 BMA OLS 

 Post Mean 
(1) 

Post SD 
(2) 

PIP 
(3) 

Coeff 
(4) 

SE 
(5) 

DV_GrowthRate -0.045 0.021 0.926 -0.054 0.045 

SC_Cognitive 0.030 0.025 0.762 0.029 0.046 
SC_Structural -0.006 0.015 0.416 -0.012 0.045 

PubYear 0.000 0.001 0.392 0.001 0.003 
Published 0.023 0.022 0.709 0.030 0.042 
LaggedDV -0.057 0.042 0.788 -0.074 0.054 

LaggedSC -0.107 0.032 0.996 -0.103 0.060 
NumberSCVars -0.010 0.004 0.932 -0.011 0.005 

Endog_IV -0.041 0.027 0.834 -0.053 0.041 
Endog_FE -0.132 0.028 1.000 -0.140* 0.073 

PanelData -0.017 0.021 0.566 -0.031 0.073 
CityLevel 0.025 0.050 0.457 0.071 0.121 
RegionLevel 0.009 0.027 0.416 0.036 0.065 

CountryLevel -0.003 0.033 0.424 -0.016 0.086 
Reg_OECDEurope -0.027 0.035 0.577 -0.072 0.066 

Reg_US -0.148 0.046 0.997 -0.188* 0.096 
Reg_Africa -0.014 0.041 0.400 -0.058 0.078 

Reg_Asia -0.030 0.045 0.519 -0.082 0.071 
se(z) 0.954 0.128 1.000 1.005*** 0.221 

 
NOTE:  The dependent variable is Fisher’s z. The column headings Post Mean, Post SD and 
PIP stand for Posterior Mean, Posterior Standard Deviation, and Posterior Inclusion 
Probability, Posterior Mean. These are described in Section 6 in the text. The Bayesian Model 
Averaging (BMA) analysis was done using the R package BMS, described in Zeugner & 
Feldkircher (2015). The OLS standard errors in Column (5) are estimated using the “CR2” 
cluster robust standard error estimator (Pustejovsky, 2016). 
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FIGURE 1 
PRISMA Flow Diagram 
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FIGURE 2 
Distribution of t-and PCC Values 

 
A.  t-Statistics 

 
 

Distribution of t-statistics Percent 

t < -2.00 7.2 

-2.00 ≤ t ≤ 2.00 48.3 
t > 2.00 44.5 

 

 
B.  z Values 

 
NOTE: Vertical dashed lines are set at ±0.10 to indicate “small” effects.
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FIGURE 3 
Distribution of True Effects 

 

 
 

NOTE: This figure illustrates a hypothetical situation where true effects are normally 
distributed but large weights are given to three studies that do not represent the underlying 
population of effect sizes. 
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FIGURE 4 
Number of Estimates per Study 

 
A. Histogram 

 

 
 
 

B. Distribution 
 

Minimum Median Mean Maximum 

1 8 12.3 74 
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