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Abstract

This appendix provides statistical tests of publication bias and robustness checks of the

baseline specification for the examination of heterogeneity in the estimated border coeffi-

cients. We also provide additional summary statistics for data used in the paper and a list of

studies included in the meta-analysis. Moreover, we list potential problems with conducting

meta-analysis in economics and discuss how we address them in the paper.

1 Statistical Tests of Publication Bias

Publication selection creates a systematic relationship between estimates and their standard

errors (Stanley, 2008):

HOMEij = HOME0 + β · SE(HOMEij) + uij , (1)

where HOMEij are i-th estimates of the semi-elasticity reported in j-th study, SE(HOMEij) are

the reported standard errors of the semi-elasticity estimates, HOME0 is the mean semi-elasticity

corrected for potential publication bias, β measures the extent of publication bias, and uij is a
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normal disturbance term. For example, if the true mean semi-elasticity was zero (implying no

border effect) but all researchers reported the 5% of estimates that are positive and statistically

significant, the estimated β would be close to two: the researchers would need their t-statistics,

HOME/SE(HOME), to equal at least two.

Equation (1) can be interpreted as a test of funnel asymmetry, because it follows from

rotating the axes of the funnel plot and inverting the values on the new horizontal axis to show

standard errors instead of precision. Note that the test has low power if the true underlying

value of the effect is close to zero and the only source of publication bias is selection for statistical

significance: when HOME0 is zero and insignificant estimates, positive or negative, are omitted,

β is zero, even though publication selection may be substantial (the funnel plot gets hollow,

but not asymmetrical). Nevertheless, such a symmetrical selection does not create a bias in the

mean of the reported estimates, so it is usually not a source of concern (Stanley, 2005).

In examinations of publication bias it is common to assume, as we have done so far in this

section, that the selection criteria leading to the bias are based on the sign and statistical sig-

nificance of the estimate in question. In the literature estimating the border effect, however,

potential publication selection need not be driven by the sign and significance of the result-

ing coefficients, because negative and insignificant estimates are difficult to obtain due to the

relatively large underlying border effect. Instead, researchers are likely to use the well-known

results reported by McCallum (1995) as a benchmark, and in this case publication selection

could assume the following two forms:

First, researchers may discard estimates inconsistent with McCallum (1995). The benchmark

semi-elasticity presented by McCallum (1995) is 3.09 with a standard error of 0.13. Estimates

close to McCallum’s are reported frequently: those lying within one standard error from McCal-

lum’s central estimate account for 12% of all the estimates in the literature, twice the number

we would expect if the estimates were normally distributed (given that the literature reports a

mean estimate of 3.03 with a standard deviation of 1.6). The over-reporting of estimates similar

to McCallum’s might reflect the fact that researchers simply try to replicate his results as a part

of their analysis, or it could point to genuine publication selection. In any case, because such a

selection criterion is symmetrical (both small and large estimates inconsistent with McCallum

are omitted), it does not create a bias. Note that the mean of all the semi-elasticities reported
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in the literature is very close to McCallum’s central estimate, and that the mean would only

change from 3.03 to 3.02 if we discarded all results lying inside the 95% confidence interval of

McCallum’s estimate.

Second, researchers may want to shrink the border effect reported by McCallum (1995) and

preferentially select small estimates for reporting. Such a selection criterion is asymmetrical, and

would result in a downward bias in the literature. Suppose, for example, that researchers would

strive to report estimates significantly smaller than McCallum’s result. They would need the

ratio (3.09 − HOME)/SE, the relevant t-statistic, to be as large as possible, which would again

give rise to a correlation between the nominator and denominator of the ratio and would show

as a negative and statistically significant coefficient β in (1). In other words, the corresponding

funnel plot would become asymmetrical because large estimates would be reported less often

than small estimates with the same precision. Equation (1) measures the degree of asymmetry

of the funnel plot and so it is able to detect any selection process that causes a systematic bias

in the literature.

We present the results of the funnel asymmetry tests in Table 1. Because regression (1) is

heteroskedastic, we report robust standard errors, which are clustered at the level of individual

studies and data sets. The first column of panel A shows estimates of the parameters from (1)

using all 1,271 semi-elasticities in our sample. The coefficient corresponding to the extent of

publication bias is statistically insignificant and close to zero, while the estimated semi-elasticity

beyond publication bias is 2.9, close to the mean and median semi-elasticity reported in the

literature. Therefore, neither visual nor formal tests show any evidence of publication selection,

and the potential selection does not create any bias in the mean reported estimate of the border

effect.

The second column of panel A in Table 1 estimates equation (1) using only the semi-

elasticities reported in published studies. Perhaps editors or referees prefer coefficients that

are significantly smaller than the central estimate of McCallum (1995), which would pull the

mean reported semi-elasticity down. Indeed, in a meta-analysis of vertical productivity spillovers

from foreign direct investment, Havranek & Irsova (2011) find that studies published in refereed

journals show substantially more publication bias than unpublished manuscripts. Our results

concerning the border effect, however, show little difference between published and unpublished
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Table 1: Funnel asymmetry tests show no publication bias

Panel A: unweighted regressions All estimates Published Fixed effects Instrument

SE (publication bias) 0.604 0.599 0.383 -0.797
(0.514) (0.522) (0.534) (2.020)

Constant (effect beyond bias) 2.852
∗∗∗

2.932
∗∗∗

2.918
∗∗∗

3.270
∗∗∗

(0.321) (0.339) (0.159) (0.724)

Studies 61 48 61 61
Observations 1,271 1,144 1,271 1,271

Panel B: weighted regressions Precision Study Impact Citations

SE (publication bias) 0.246 1.489 3.062 5.073
(1.964) (1.170) (2.024) (4.272)

Constant (effect beyond bias) 2.959
∗∗∗

2.204
∗∗∗

1.634
∗∗∗

1.235
∗∗

(0.723) (0.395) (0.424) (0.501)

Studies 61 61 53 49
Observations 1,271 1,271 1,124 1,069

Notes: The table presents the results of regression HOMEij = HOME0 + β · SE(HOMEij) + uij . HOMEij and
SE(HOMEij) are the i-th estimates of the home coefficient (the coefficient estimated in a gravity equation on the
dummy variable that equals one for within-country trade flows) and their standard errors reported in the j-th studies.
The standard errors of the regression parameters are clustered at both the study and data set level and shown in
parentheses (the implementation of two-way clustering follows Cameron et al., 2011). Published = we only include
published studies. Fixed effects = we use study dummies. Instrument = we use the number of observations in the
gravity equation as an instrument for the standard error. The regressions in Panel B are estimated by weighted least
squares. Precision = we take the inverse of the reported estimate’s standard error as the weight. Study = in addition
to “Precision” the inverse of the number of estimates reported per study is taken as the weight. Impact = in addition
to “Study” the RePEc recursive discounted impact factor of the outlet where the study was published is taken as the
weight. Citations = in addition to “Impact” the number of Google Scholar citations received per year is taken as the
weight.

∗∗∗
,

∗∗
, and

∗
denote statistical significance at the 1%, 5%, and 10% level.

studies both in the extent of publication bias and in the mean underlying semi-elasticity beyond

any potential bias. Next, in the third column we include fixed effects for individual studies to

control for method or other quality characteristics specific to individual studies. The fixed-

effects estimation represents another advantage of collecting multiple estimates per study. The

results are very similar to the baseline specification reported in the first column; we get no

evidence of publication bias, and the mean estimated semi-elasticity is still 2.9.

Specification (1) only includes one explanatory variable, the standard error. It is possible

that some method choices affect both the estimated semi-elasticity and the corresponding stan-

dard error, which would cause the error term uij to be correlated with SE(HOMEij). In the

last column of panel A in Table 1 we use the logarithm of the number of observations in the

gravity equation as an instrument for SE(HOMEij): the number of observations is correlated

with the reported standard errors of the semi-elasticities, but little related to the methods of

estimation. The instrumental variable estimation is less precise, but still reports the mean

underlying semi-elasticity close to 3 and no evidence of publication bias.
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In panel B of Table 1 we weight all the estimates by their precision. We have noted that

equation (1) is heteroskedastic, and the explanatory variable directly captures the variance of

the response variable. To achieve efficiency, many applications of meta-analysis divide (1) by

the corresponding standard error; that is, they multiply the equation by the precision of the

estimates. Such an approach has the additional allure of giving more importance to precise

results. The first column of panel B shows that precision weights do not change our results.

The second column of panel B adds weighting by the inverse of the number of estimates

reported in studies to the precision weights. In line with the summary statistics from the

previous section, the mean semi-elasticity decreases when each study gets the same weight.

Next, in column 3 we add weighting by the discounted recursive RePEc impact factor of the

publication outlet. The estimated semi-elasticity decreases to 1.6: better journals seem to

publish smaller estimates. Finally, we also weight the estimates by the number of Google

Scholar citations the study receives each year. The semi-elasticity decreases to 1.2, implying a

border effect of 3.4. Thus, when we give more weight to highly-cited papers published in good

journals, we are able to shrink the mean border effect more than five times. In the next section

we explore how these differences between studies can be explained by variation in data and

methodology.

2 Robustness Checks and Additional Data Description

We present two additional sets of results. First, we use alternative priors for Bayesian model

averaging. Second, we employ unweighted regressions in the BMA exercise. We show that the

results are similar to the baseline in terms of the estimated effects of the different aspects of

study design on the estimated semi-elasticities, and that the resulting “best practice” estimates

of the border effect are close to those reported in the previous section.

In the baseline specification we use the unit information prior for Zellner’s g-prior, which

means that the prior (each regression coefficient equals zero) provides the same amount of

information as one observation in the data set. Because we have 1,271 observations, the prior

does not drive the posterior results. The second important choice is the model prior, which

determines the prior probability of each model. In the baseline specification we employ the

uniform model prior, which gives each model the same prior probability. Eicher et al. (2011)
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show that these intuitive priors yield the best predictive performance. Nevertheless, there are

obviously many other ways of choosing the priors, and the choice could influence our results.

The disadvantage of the uniform model prior is that it gives more weight to models with the

mean number of variables, which is 32/2 = 16 in our case. Such models appear most frequently

among the subsets of all the 232 possible models. Nevertheless, the true model may only contain

a few variables, so the emphasis on large models may be counterproductive. An alternative is

the beta-binomial prior advocated by Ley & Steel (2009), which gives the same prior probability

to each model size, and thus does not prefer large models. An often-used alternative to the unit

information prior is the BRIC g-prior (for example, Fernandez et al., 2001).

Table 2 summarizes the results of Bayesian model averaging with the alternative priors;

we provide more details and diagnostics in Table 6 and Figure 2. The results are very similar

to our baseline specification concerning the estimated posterior inclusion probabilities for the

explanatory variables, the signs of the regression coefficients, and their magnitude. The semi-

elasticity conditional on best practice is 1.67, implying a partial equilibrium border effect of 5.3,

slightly below the estimate presented in the last section. The region-specific semi-elasticities

are also similar: 2.04 for Canada, 0.52 for the US, 1.41 for the EU, 0.40 for the OECD, and

3.06 for emerging countries.

The second robustness check involves unweighted regressions, which means that studies

presenting many estimates wield more influence in the meta-analysis. Table 3 shows that

the posterior inclusion probabilities differ from the baseline specification for some variables.

Concerning data characteristics, the age of the data seems to be important: the reported semi-

elasticity decreases each year by about 0.025. Studies that do not have direct data on within-

country trade flows report larger estimates of the border effect. Adding one to zero trade flows

typically yields lower semi-elasticities (by about 0.7). Moreover, the impact factor of the journal

and the number of citations of the study seem to be important: better journals tend to report

smaller estimates, while broadly cited studies usually report larger estimates. Nevertheless, the

best practice estimates of the border effect for the entire world and for individual regions are

again very close to our baseline results. The overall mean semi-elasticity is 1.82, implying a

partial equilibrium border effect of 6.2.
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Table 2: Robustness check—alternative priors for BMA

Response variable: Bayesian model averaging Frequentist check (OLS)

Estimate of Home Post. mean Post. SD PIP Coef. Std. er. p-value

Data characteristics
Mid-year of data 0.003 0.003 0.466 -0.001 0.012 0.926
Panel data 0.004 0.062 0.102
Disaggregated 0.745 0.143 1.000 0.545 0.306 0.075
Obs. per year 0.000 0.008 0.060
No. of years 0.113 0.082 0.738 0.100 0.098 0.310

Countries examined
Canada 0.724 0.126 1.000 0.823 0.317 0.010
US -1.183 0.133 1.000 -1.131 0.227 0.000
EU -0.518 0.161 0.995 -0.548 0.383 0.152
OECD -0.975 0.176 1.000 -0.902 0.343 0.009
Emerging 0.868 0.268 0.990 0.602 0.322 0.062

Design of the analysis
No internal trade 0.184 0.209 0.508 0.361 0.389 0.354
Inconsistent dist. 0.754 0.145 1.000 0.521 0.304 0.087
Actual distance -0.907 0.155 1.000 -0.716 0.331 0.030
Total trade -0.001 0.062 0.041
Asymmetry 0.518 0.121 0.999 0.492 0.246 0.045
Instruments -0.008 0.054 0.055

Treatment of multilateral resistance
Remoteness -0.016 0.066 0.090
Country fixed eff. 0.362 0.334 0.601 0.214 0.272 0.431
Ratio estimation 0.628 0.491 0.721 0.738 0.506 0.145
Anderson est. 0.389 0.376 0.579 0.162 0.308 0.599
No control for MR 0.961 0.314 1.000 0.641 0.297 0.031

Treatment of zero trade flows
Zero plus one 0.004 0.033 0.050
Tobit -0.640 0.155 0.998 -0.600 0.321 0.062
PPML -0.726 0.155 1.000 -0.860 0.529 0.104
Zeros omitted -0.007 0.035 0.074

Control variables
Adjacency control 0.125 0.156 0.453 0.341 0.245 0.163
Language control -0.001 0.022 0.046
FTA control -0.253 0.167 0.778 -0.466 0.321 0.147

Publication characteristics
Published 0.346 0.103 0.986 0.276 0.272 0.311
Impact 0.021 0.045 0.230
Citations 0.003 0.014 0.077
Publication year 0.074 0.011 1.000 0.055 0.032 0.083

Constant 0.081 NA 1.000 1.267 1.135 0.264
Studies 61 61
Observations 1,271 1,271

Notes: Home = the coefficient estimated in a gravity equation on the dummy variable that equals one for within-country
trade flows. PIP = posterior inclusion probability. SD = standard deviation. In the frequentist check we only include
explanatory variables with PIP > 0.3. The standard errors in the frequentist check are clustered at both the study and
data set level (the implementation of two-way clustering follows Cameron et al., 2011). In this specification we use the
beta-binomial prior advocated by Ley & Steel (2009) (the prior model probabilities are the same for all possible model
sizes) and set Zellner’s g prior following Fernandez et al. (2001). More details on the BMA estimation are available in
Table 6 and Figure 2. A detailed description of all variables is available in Table 4.
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Table 3: Robustness check—unweighted regressions

Response variable: Bayesian model averaging Frequentist check (OLS)

Estimate of Home Post. mean Post. SD PIP Coef. Std. er. p-value

Data characteristics
Mid-year of data -0.025 0.003 1.000 -0.027 0.006 0.000
Panel data 0.215 0.165 0.695 0.283 0.155 0.069
Disaggregated 0.619 0.120 1.000 0.537 0.235 0.022
Obs. per year 0.060 0.054 0.617 0.105 0.127 0.407
No. of years 0.022 0.050 0.195

Countries examined
Canada 0.996 0.137 1.000 0.940 0.293 0.001
US -1.655 0.181 1.000 -1.730 0.285 0.000
EU -1.317 0.114 1.000 -1.313 0.258 0.000
OECD -1.069 0.159 1.000 -1.062 0.263 0.000
Emerging 0.870 0.164 1.000 0.810 0.233 0.001

Design of the analysis
No internal trade 1.239 0.164 1.000 1.128 0.283 0.000
Inconsistent dist 0.016 0.071 0.074
Actual distance -0.655 0.215 0.970 -0.722 0.301 0.016
Total trade 0.005 0.056 0.030
Asymmetry 0.001 0.023 0.028
Instruments -0.007 0.055 0.038

Treatment of multilateral resistance
Remoteness -0.001 0.028 0.026
Country fixed eff. -0.002 0.044 0.040
Ratio estimation 0.035 0.111 0.125
Anderson est. 0.001 0.039 0.026
No control for MR 0.489 0.131 0.990 0.470 0.177 0.008

Treatment of zero trade flows
Zero plus one -0.686 0.181 0.986 -0.571 0.308 0.064
Tobit -0.131 0.221 0.309 -0.436 0.252 0.084
PPML -0.969 0.174 1.000 -1.024 0.388 0.008
Zeros omitted -0.001 0.025 0.028

Control variables
Adjacency control 0.093 0.147 0.336 0.294 0.221 0.184
Language control -0.001 0.021 0.029
FTA control -0.015 0.062 0.083

Publication characteristics
Published -0.001 0.032 0.031
Impact -0.186 0.055 0.979 -0.188 0.125 0.131
Citations 0.182 0.047 0.992 0.173 0.106 0.103
Publication year 0.097 0.015 1.000 0.089 0.039 0.023

Constant 2.750 NA 1.000 2.678 0.974 0.006
Studies 61 61
Observations 1,271 1,271

Notes: Home = the coefficient estimated in a gravity equation on the dummy variable that equals one for within-country
trade flows. PIP = posterior inclusion probability. SD = standard deviation. In the frequentist check we only include
explanatory variables with PIP > 0.3. The standard errors in the frequentist check are clustered at both the study
and data set level (the implementation of two-way clustering follows Cameron et al., 2011). In this specification we
do not weight the regressions by the inverse of the number of estimates reported per study. More details on the BMA
estimation are available in Table 7 and Figure 3. A detailed description of all variables is available in Table 4.
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Table 4: Description and summary statistics of country-level variables

Variable Description Mean SD WM

Relative size The ratio of the GDP of the country for which the border
effect is estimated to the average GDP of the other countries
included in the estimation.

3.15 7.59 3.54

Tariffs The average of effectively applied tariff rates by the country for
which the border effect is estimated weighted by the product
import shares corresponding to each partner country.

10.47 75.59 6.53

Non-tariff barriers Cost to import excluding tariffs. All the costs associated with
completing the procedures to import goods are included.

1.15 0.20 1.15

Financial dev. Domestic credit to private sector relative to GDP. 1.07 0.41 1.01
ER volatility Volatility of the exchange rate relative to USD (annual; in %). 9.97 8.19 8.27
Income dissimilarity The absolute value of the distance between 1 and the ratio of

GPD per capita (2011 constant $) of the country for which
the border effect is estimated to the average GDP per capita
of the other countries included in the estimation.

0.27 0.71 0.28

National pride The percentage of answers “very proud” to the question: How
proud are you of your country?

0.55 1.43 0.54

Internet usage Fixed broadband subscriptions per 100 people. 2.52 4.37 3.18
Rule of law The extent to which agents have confidence in the rules of

society, and in particular the quality of contract enforcement
(relative to those of the other countries included in the esti-
mation).

1.02 0.13 0.99

Notes: SD = standard deviation. WM = mean weighted by the inverse of the number of estimates reported per study.
Data are collected from World Value Survey (National pride) and the World Bank’s Global Governance Indicators (Rule
of law) and World Development Indicators (all other variables). When more countries are pooled in the estimation, we
use an average of country-specific values weighted by each country’s GDP. To each estimated border effect we assign the
value of the country-specific variable that is the closest available to the year for which the border effect was estimated.

3 Criticisms of Meta-Analysis

1. Studies of low quality should be excluded. Our data set includes estimates from studies

published in top journals, but also from studies not published in good outlets. As an al-

ternative to meta-analysis, Slavin (1995) proposes “best evidence synthesis,” which would

only take into account good studies. The obvious problem is where to draw the line be-

tween good and bad ones. We prefer to include as many papers as possible and give weight

to different aspects of study design according to what we believe is the consensus on best

practice methodology. In this way we can explore the influence of different methods on the

estimated border effects. We also control for the impact factor of the publication outlet

and for the number of citations each study gets.

2. The analysis omits some studies. We try to include as many studies as possible, but may

still miss some. To allow other researchers to replicate our analysis, we use the query

described in Section 2 to search for studies estimating the border effect. We believe it is
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not a problem to miss some studies, as long as their results do not differ systematically

from the results of the studies included. With 1,271 estimates taken from 61 studies, our

paper ranks among the largest meta-analyses conducted in economics (according to the

survey by Doucouliagos & Stanley, 2013).

3. Studies reporting many estimates dominate the meta-analysis. When each estimate gets

the same weight, the unbalanced nature of data in meta-analysis means that studies with

many estimates drive the results. One remedy involves the mixed-effects multilevel model,

which gives each study approximately the same weight if the within-study correlation

of the estimates is large (Havranek & Irsova, 2011). The problem is that the method

introduces study-level random effects, which may be correlated with explanatory variables.

With so many explanatory variables defined at the study level, we prefer to simply weight

the regressions by the inverse of the number of estimates reported per study.

4. Authors’ preferred estimates should get more weight. Studies examining the border effect

usually present many estimates, and often prefer a subset of these estimates (many results

are shown as robustness checks). Some authors make it clear what their preference is, but

for many studies it is impossible to select the preferred estimates. We control for data

and methodology instead, which is easier to code and should capture most of the authors’

preferences, for example, the control for multilateral resistance.

5. Individual estimates are not independent, because authors use similar data. Meta-analysis

was originally designed for synthesizing medical research, where individual clinical trials

can be considered approximately independent. In contrast, the regression results reported

in economics are not independent, but neither are the observations in most economics

data sets. To account for the dependence among observations we cluster the standard

errors at the level of individual studies and data sets.

6. Weighting by precision is inappropriate in economics because some methods underestimate

standard errors. Meta-analysts often use precision weights to remove heteroskedasticity in

the regression estimating publication bias. We find no evidence of publication bias, so we

can exclude the standard error from the equation and do not have to weight the estimates
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by precision to yield efficiency. Section 3 also illustrates that weighting by precision has

little effect on the estimated border effect.

7. Standard errors are not exogenous to the estimated coefficients. When the choice of

method systematically affects both the magnitude of the estimated border effect and

its standard error, the explanatory variable in (2) will be correlated with the error term.

Our solution is to use the number of observations as an instrument for the standard

error: studies with more observations yield more precise estimates, but the number of

observations is little correlated with the choice of methodology.

8. The analysis omits some factors that may cause heterogeneity in the reported estimates.

We collect 32 aspects of data, methodology, and studies that may affect the estimated

border effects. More specifics of study design could be included: for example, the exact

method for computing internal distance (we only include a dummy variable which equals

one if the method differs from the computation of external distance); but we have to draw

a line somewhere for the data collection to be feasible. Still, we collect more variables than

most meta-analyses in economics. Nelson & Kennedy (2009) review 140 meta-analyses

and report that a median analysis uses 12 explanatory variables; the largest meta-analysis

has 41 variables.

9. There are too many potential explanatory variables and it is not clear which should be

included. With so many aspects of study design one cannot find a theory that motivates

the inclusion of all of them. For example, we would like to give more weight to large studies

published in good journals, but it is not obvious why they should report systematically

different results. We prefer to collect as many variables as possible and use Bayesian

model averaging to resolve the resulting model uncertainty. The variables picked by BMA

contain the ones that we feel should be included, such as the control for multilateral

resistance and the measurement of internal distance.

10. Meta-analysis compares apples with oranges. Meta-analysis in economics examines het-

erogeneous estimates. Different estimates are produced using different methods, and we

try to control for the differences in the design of primary studies. We also provide sepa-

rate results for the regions examined in the literature. To increase the comparability of
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the estimates in our data set, we choose to only include the results concerning the effect

of international borders on trade and omit the large literature on intranational border

barriers.

11. Meta-analysis may disagree with large primary studies. The major reason for conducting

meta-analyses in medical science is to increase statistical power by combining small but

costly clinical trials. Because individual clinical trials use similar methods, a comparison

of a meta-analysis with a later, large clinical trial provides a viable test of the reliability

of the meta-analysis. In economics the methods differ, and meta-analysis can be thought

of as a weighted average of many different approaches. It would be difficult to construct

a primary study reflecting all recent advances in the methodology of the gravity equation

and all possible aspects of our definition of best practice. Moreover, the advantage of

meta-analysis is the ability to evaluate the systematic effects of various method choices,

and discuss the consequences of changing the definition of the best practice. Unlike

primary studies, meta-analysis does not rely on a particular data set of trade flows. We

can evaluate the mean effects of the choice of different methods (the effects may differ for

different data sets, which is unobservable for the authors of primary studies), and thus

hope to obtain more robust results.

12. Mistakes in data coding are inevitable. The collection of data for meta-analysis involves

months of reading and coding the data. We do not use research assistants for this work,

because it is too tempting to jump directly to regression tables and code the data without

reading much of the primary studies. We cannot exclude errors, but we do our best

to minimize their number by collecting the data independently and then comparing and

correcting the data sets.

13. Publication bias invalidates meta-analysis. When researchers prefer to report estimates

showing a particular sign or statistical significance, the mean reported estimate will get

biased. We test for publication bias in Section 3 and find little evidence of preferential

selection. When we correct for any potential publication bias, we obtain a border effect

close to the simple mean and median estimates. In general the file drawer problem matters

for any type of literature synthesis, but meta-analysis can correct for the bias.
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4 Diagnostics of BMA

Table 5: Summary of BMA estimation, baseline specification

Mean no. regressors Draws Burn-ins Time
18.5374 2 · 106 1 · 106 6.914583 minutes

No. models visited Modelspace Visited Topmodels
311, 863 4.3 · 109 0.0073% 98%

Corr PMP No. Obs. Model Prior g-Prior
0.9994 1, 271 uniform UIP

Shrinkage-Stats
Av= 0.9992

Notes: In this specification we employ the priors suggested by Eicher et al. (2011) based on predictive
performance: the uniform model prior (each model has the same prior probability) and the unit information
prior (the prior provides the same amount of information as one observation of data).

Figure 1: Model size and convergence, baseline specification
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Table 6: Summary of BMA estimation, alternative priors

Mean no. regressors Draws Burn-ins Time
19.6891 2 · 106 1 · 106 7.2395 minutes

No. models visited Modelspace Visited Topmodels
394, 789 4.3 · 109 0.0092% 96%

Corr PMP No. Obs. Model Prior g-Prior
0.9993 1, 271 random BRIC

Shrinkage-Stats
Av= 0.9992

Notes: The “random” model prior refers to the beta-binomial prior advocated by Ley & Steel (2009): the
prior model probabilities are the same for all possible model sizes. In this specification we set Zellner’s g prior
following Fernandez et al. (2001).

Figure 2: Model size and convergence, alternative priors
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Table 7: Summary of BMA estimation, unweighted regressions

Mean no. regressors Draws Burn-ins Time
17.6626 2 · 106 1 · 106 7.121633 minutes

No. models visited Modelspace Visited Topmodels
350, 260 4.3 · 109 0.0082% 98%

Corr PMP No. Obs. Model Prior g-Prior
0.9998 1, 271 uniform UIP

Shrinkage-Stats
Av= 0.9992

Notes: In this specification we employ the priors suggested by Eicher et al. (2011) based on predictive
performance: the uniform model prior (each model has the same prior probability) and the unit information
prior (the prior provides the same amount of information as one observation of data).

Figure 3: Model size and convergence, unweighted regressions
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