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Abstract

In the last decade, more than 100 researchers have examined productivity spillovers

from foreign affiliates to local firms in upstream or downstream sectors. Yet results vary

broadly across methods and countries. To examine these vertical spillovers in a systematic

way, we collected 3,626 estimates of spillovers and reviewed the literature quantitatively.

Our meta-analysis indicates that model misspecifications reduce the reported estimates and

journals select relatively large estimates for publication. No selection, however, was found for

working papers. Taking these biases into consideration, the average spillover to suppliers is

economically significant, whereas the spillover to buyers is statistically significant but small.

Greater spillovers are received by countries that have underdeveloped financial systems and

are open to international trade. Greater spillovers are generated by investors who come from

distant countries and have only a slight technological edge over local firms.
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1 Introduction

Few topics in international economics have been examined as extensively as productivity spill-

overs from foreign affiliates to domestic firms. The evidence for spillovers had been mixed until

Javorcik (2004a) redirected the attention of researchers from horizontal (within-sector) to ver-

tical (between-sector) spillovers. Since then, there has been a virtual explosion of studies on

∗We thank Bruce Blonigen (the editor), Michal Hlavacek, Roman Horvath, Beata Javorcik, Lubomir Lizal,
Tom Stanley, Pavel Vacek, and two anonymous reviewers for their helpful comments. The paper benefited from
discussions at the Meta-Analysis of Economics Research Colloquium, Conway, 2010, and the Annual Global Devel-
opment Conference, Bogota, 2011. All remaining errors are ours. We acknowledge financial support of the Grant
Agency of Charles University (grant 76810), the Grant Agency of the Czech Republic (grant P402/11/0948), and
research project MSM0021620841. An earlier version of this paper circulated under the title “Which Foreigners
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the authors and not necessarily those of their institutions.
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vertical spillovers, and empirical research in this area is still growing at an exponential rate with

more than a score of studies published in the last two years alone. A consensus has emerged

that spillovers from foreign affiliates to their suppliers in host countries are positive and sig-

nificant, yet the estimated size of these spillovers varies broadly. The point estimates of the

economic effect of backward linkages reported by the two best known studies, Javorcik (2004a)

and Blalock & Gertler (2008), differ by the order of magnitude: Javorcik (2004a) found the

effect 30 times greater. Moreover, following the methodology of Javorcik (2004a) and Blalock

& Gertler (2008), many other studies conducted for different countries have found insignificant

or even negative spillover effects. But despite the striking heterogeneity in the literature, no

systematic survey has been done.

To take a step beyond single-country case studies and establish robust evidence for spillover

effects, we employ the meta-analysis methodology (Stanley, 2001). Meta-analysis, the quan-

titative method of research synthesis, has been commonly used in economics for two decades

(Card & Krueger, 1995; Smith & Huang, 1995; Card et al., 2010). Recent applications of meta-

analysis in international economics include Disdier & Head (2008) on the effect of distance on

trade, Cipollina & Salvatici (2010) on reciprocal trade agreements, and Havranek (2010) on the

trade effect of the euro. Meta-analysis is more than a literature survey: it sheds light on the

determinants of the examined phenomenon that are difficult to investigate in primary studies

because of data limitations. For example, within our meta-analysis framework, we show it is

possible to examine the predictions of the theoretical model by Rodriguez-Clare (1996) which

implies that spillovers to host-country suppliers increase with larger communication costs be-

tween the foreign affiliate and its headquarters, and decrease with greater differences between

the host and source countries in terms of the variety of intermediate goods produced. To test

these hypotheses empirically we take the advantage of 57 vertical spillover studies providing

estimates for many countries and different types of investors.

In comparison with previous meta-analyses on productivity spillovers (Görg & Strobl, 2001;

Meyer & Sinani, 2009), this paper concentrates on vertical instead of horizontal spillovers.

We include many more estimates to investigate the full variability in the literature: 3,626

compared with 25 (Görg & Strobl, 2001) and 121 (Meyer & Sinani, 2009). To our knowledge,

this makes our paper the largest meta-analysis conducted in economics so far. Moreover, the

previous meta-analyses on spillovers used the reported t-statistics to evaluate the statistical

significance of spillovers, whereas we use an economic measure of spillovers and employ new

synthesis methods. Thus, we are able to estimate the net spillover effect beyond publication

bias and misspecifications that are corrected by some studies.

The remainder of the paper is structured as follows: Section 2 briefly describes how spillovers

are estimated and explains how we collected the estimates. Section 3 examines the extent of

publication selection in the literature. Section 4 introduces variables assumed to explain hetero-

geneity in vertical spillovers. Section 5 examines how spillover estimates are affected by these

variables, and quantifies the underlying effect beyond publication bias and misspecifications.

Section 6 concludes.
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2 The Spillover Estimates Data Set

Studies on foreign direct investment (FDI) spillovers usually examine the correlation between

the productivity of domestic firms and their linkages with foreign affiliates.1 With an allusion

to the production chain, the linkages are usually classified into horizontal (within-sector: from

FDI to local competitors) and vertical (between-sector); vertical linkages are further bifurcated

into downstream (backward: from FDI to local suppliers) and upstream (forward: from FDI

to local buyers). Most researchers use data from one country and estimate a variant of the

following model, the so-called FDI spillover regression:

ln Productivityijt = eh0 ·Horizontaljt+e
b
0 ·Backwardjt+e

f
0 ·Forwardjt+α ·Controlsijt+uijt, (1)

where i, j, and t denote firm, sector, and time subscripts; and Controls denote a vector of either

sector- or firm-specific control variables. The variable Horizontal is the ratio of foreign presence

in firm i ’s own sector, Backward is the ratio of firm i’s output sold to foreign affiliates, and

Forward is the ratio of firm i’s inputs purchased from foreign affiliates. Because firm-level data

on linkages with foreign affiliates are usually unavailable the vertical linkages are computed

at the sector level: Backward becomes the ratio of foreign presence in downstream sectors,

Forward becomes the ratio of foreign presence in upstream sectors; the weight of each upstream

or downstream sector is determined by the input-output table of the country.

Since the dependent variable of equation (1) is in logarithm and the linkage variables are

ratios, the estimates of coefficients eh0 , eb0, and ef0 can be interpreted as semi-elasticities and thus

constitute the natural common metric for the economic effect of spillovers. Semi-elasticities

approximate the percentage increase in the productivity of domestic firms following an increase

in the foreign presence of one percentage point:

e0 ≈ (% change in productivity)/(change in foreign presence), foreign presence ∈ [0, 1]. (2)

For instance, the estimate of backward spillovers eb = 0.1 would imply that a 10-percentage-

point increase in foreign presence is associated with a 1% increase in the productivity of domestic

firms in upstream sectors. The estimates are directly comparable across studies that use the

log-level specification. Within this basic framework, however, researchers use different method-

ologies and data sets, which cause substantial differences in results. We address these differences

in Section 4 by introducing variables that capture method heterogeneity.

A vast majority of the recent studies on FDI spillovers concentrate on vertical linkages,

and vertical linkages are also the main focus of this paper. The two previous meta-analyses

on horizontal spillovers, however, could not have used the recently developed meta-analysis

methods and did not attempt to estimate the spillover effect implied by the literature. For this

reason, additionally we present a partial meta-analysis of horizontal spillovers. In the partial

1See Smeets (2008) and Keller (2009) for recent surveys of the broader literature on international technology
diffusion.
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meta-analysis, we include only those semi-elasticities that are estimated in the same regression

with vertical spillovers.

We employed the following strategy for literature search: After reviewing the references of

literature surveys (Görg & Greenaway, 2004; Smeets, 2008; Meyer & Sinani, 2009) and a few

recent empirical studies, we elaborated a baseline search query that was able to capture most

of the relevant studies. The baseline search in EconLit yielded 108 hits. Next, we searched

three other Internet databases (Scopus, RePEc, and Google Scholar) and added studies that

were missing from the baseline search. Finally, we investigated the RePEc citations of the most

influential study, Javorcik (2004a). The three steps provided 183 prospective studies, which

were all examined in detail. The last study was added on 31 March 2010.

Studies that failed to satisfy one or more of the following criteria were excluded from the

meta-analysis. First, the study must report an empirical estimate of the effect of vertical linkages

on the measure of the productivity of domestic firms. Second, the study must define vertical

linkages as a ratio. Third, the study must report information on the precision of estimates

(standard errors or t-statistics), or authors must be willing to provide it. Most of the identified

studies, although related to the FDI spillover literature, did not estimate vertical spillovers.

We also excluded a few studies that estimated vertical spillovers but did not define linkages as

a ratio and thus could not be used to compute the semi-elasticity (for example, Kugler, 2006;

Bitzer et al., 2008). We often had to ask the authors for sample means of linkage variables or

for clarification of their methodology: about 20% of the studies could only be included thanks

to cooperation from the authors.2 No study was excluded on the basis of language, form, or

place of publication; we follow Stanley (2001) and rather err on the side of inclusion in all

aspects of data collection. We therefore also use studies written in Spanish and Portuguese,

Ph.D. dissertations, articles from local journals, working papers, and mimeographs; and control

for study quality in the analysis. A detailed description of the studies included in the analysis,

as well as the complete list of excluded studies (with reasons for exclusion) are available in an

online appendix at meta-analysis.cz/spillovers.

Following the recent trend in meta-analysis (Disdier & Head, 2008; Doucouliagos & Stanley,

2009; Cipollina & Salvatici, 2010), we use all estimates reported in the studies. If we arbitrarily

selected the “best” estimate from each study, we could introduce an additional bias, and if we

used the average reported estimate, we would discard a lot of information. Because the coding of

the literature involved the manual collection of thousands of estimates with dozens of variables

reflecting study design, to eliminate errors both of us collected all data independently. The

simultaneous data collection took three months and the resulting disagreement rate, defined as

the ratio of data points that differed between our data sets, was 6.7% (of more than 200,000

data points). After we had compared the data sets, we reached a consensus for each discordant

data point. The retrieved data set with details on coding for each study is available in the

online appendix.

2We are grateful to Joze Damijan, Ziliang L. Deng, Adam Gersl, Galina Hale, Chidambaran Iyer, Molly
Lesher, Marcella Nicolini, Pavel Vacek, and Katja Zajc-Kejzar for sending additional data, or explaining the
details of their methodology, or both.
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A few difficult issues of coding are worth discussing. To begin with, some studies (3.7% of

the observations; for instance, Girma & Wakelin, 2007) use the so-called regional definition of

vertical spillovers. Researchers using the regional definition approximate vertical linkages by the

ratio of foreign firms in the region, without using input-output tables. Such an approach does

not distinguish between backward and forward linkages. Because the results are interpreted as

vertical productivity spillovers from FDI, we include them in the analysis but create a dummy

variable for this aspect of methodology. Next, many researchers use more variables for the same

type of spillover in one regression. For example, Javorcik (2004a) separately examines the effect

of fully owned foreign affiliates and the effect of investments with joint foreign and domestic

ownership. Since the distinction between those coefficients is economically important, we use

both of them and create dummies for affiliates with full foreign ownership, partial ownership,

and for more estimates of the same type of spillover taken from one regression. Finally, some

studies report coefficients that cannot be directly interpreted as semi-elasticities. This concerns,

most notably, specifications different from the log-level (1.7% of the observations); for these

different specifications we evaluated semi-elasticities at sample means. Other studies use the

interactions of linkage variables with other variables, typically absorption capacity (7.2% of the

observations). Instead of omitting those estimates, we evaluate the marginal effects of foreign

presence at sample means and control for this aspect in the multivariate analysis.

The resulting data set includes 3,626 estimates of semi-elasticities taken from 57 studies.

The median number of estimates taken from one study is 45, and for each estimate we codified

55 variables reflecting study design. To put these numbers into perspective, consider Nelson &

Kennedy (2009), who review 140 meta-analyses conducted in economics. They report that a

median analysis includes 92 estimates (the maximum is 1,592) taken from 33 primary studies

and uses 12 explanatory variables (the maximum is 41).

The oldest study in our sample was published in 2002 and the median study in 2008: in other

words, a half of the studies was published in the last three years, which suggests that vertical

spillovers from FDI are a lively area of research. The whole sample receives approximately 400

citations per year in Google Scholar, which further indicates the popularity of FDI spillover

regressions. The median time span of the data used by the primary studies is 1996–2002,

and all the studies combined use almost six million observations from 47 countries. While we

cannot exploit the full variability of these primary observations, we benefit from the work of

107 researchers who have analyzed these data thoroughly. The richness of the data sets and

methods employed enables us to systematically examine the heterogeneity in results and to

establish robust evidence for the effect of foreign presence on domestic productivity.

Several estimates of semi-elasticities do remarkably differ from the main population and

remain so even after a careful re-checking of the data; a similar observation applies to the

precision of the estimates (the inverse of standard error). Such extreme values, most of which

come from working papers and mimeographs, might lead to volatile results and degrade the

graphical analysis. To account for outliers, some other large meta-analyses use the Grubbs test

(Disdier & Head, 2008; Cipollina & Salvatici, 2010). But because we use precision to filter out
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publication bias, outlying values in precision could also invalidate the results. Thus, to detect

outliers jointly in the semi-elasticity and its precision, we use the multivariate method of Hadi

(1994). By this procedure, run separately for each type of spillover, 4.87% of the observations are

identified as outliers. It is worth noting that some researchers argue for using all observations in

meta-analysis (Doucouliagos & Stanley, 2009). Nevertheless, under the assumption that better-

ranked outlets publish more reliable results, the estimates identified here as outliers are of lower

quality compared to the rest of the sample,3 and although in the remainder of the paper we

report the results for the data set without outliers, the inclusion of outliers does not affect the

inference.

3 The Importance of Publication Bias

An arithmetic average of the results reported in the literature will be a biased estimate of the

true spillover effect if some results are more likely than others to be selected for publication.

Publication selection bias, which has long been recognized as a serious issue in empirical eco-

nomics research (DeLong & Lang, 1992; Card & Krueger, 1995; Ashenfelter & Greenstone, 2004;

Stanley, 2005), arises from the preference of editors, referees, or authors themselves for results

that are statistically significant or consistent with the theory.

If the spillover literature is free of publication bias, the reported estimates of semi-elasticities

(spillover effects) will be randomly distributed around the true effect. If, in contrast, some

estimates fall into the “file drawer” (Rosenthal, 1979) because they are insignificant or have

an unexpected sign, the reported estimates will be correlated with their standard errors. For

instance, if a statistically significant effect is required, an author who has a small data set may

run a specification search until the estimate becomes large enough to offset the high standard

errors. Hence, publication bias manifests as a systematic relation between the reported effects

and the corresponding standard errors (Card & Krueger, 1995; Ashenfelter et al., 1999):

ei = e0 + β0 · Se(ei) + ui, (3)

where ei denotes the reported estimate of a semi-elasticity, e0 denotes the true spillover effect,

β0 measures the strength of publication bias, Se(ei) is the standard error of ei, and ui is a

normal disturbance term. The true spillover (e0) in this specification is already corrected for

publication bias: the bias is “filtered out” since e0 can be thought of as the average spillover

effect conditional on the estimates’ standard errors being close to zero. The correction for

publication bias is analogical to taking the uncorrected estimate (the arithmetic average of

spillover coefficients) and subtracting the estimated publication bias (the estimate of β0 times

the average standard error of spillover coefficients).

3Studies that produce outliers have a significantly lower impact factor compared with the rest of the sample:
the p-value of the t-test is 0.02 when the recursive RePEc impact factor is used. The advantage of the RePEc
ranking is that it also includes working paper series; nevertheless, the results are similar when we use the Journal
Citation Report (Thompson) impact factor, Scientific Journal Ranking (Scopus) impact factor, or eigenfactor
score (www.eigenfactor.org).
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Because specification (3) is heteroscedastic by definition (the explanatory variable is a sample

estimate of the standard deviation of the dependent variable), in practice it is usually estimated

by weighted least squares (Stanley, 2005, 2008):

ei/Se(ei) ≡ ti = β0 + e0 · 1/Se(ei) + ξi. (4)

Note that now the dependent variable changes to the t-statistic of the estimate of a semi-

elasticity, the constant measures publication bias, and the slope coefficient measures the true

semi-elasticity. Specification (4), often called the “meta-regression,” has a convenient interpre-

tation: if the true semi-elasticity (e0) is zero and if only positive and significant estimates of

spillovers are reported, the estimated coefficient for publication bias (β0) will approach two, the

most commonly used critical value of the t-statistic. Therefore, values of β0 close to two would

signal extreme publication bias and would be consistent with the case when all studies reported

positive and significant estimates of spillovers, but the true spillover was zero. Monte Carlo

simulations and many recent meta-analyses suggest that specification (4) is effective in filtering

out publication bias and estimating the true effect (Stanley, 2008).

Since we use more than one estimate of spillovers from each study, it is important to take

into account that estimates within one study are likely to be dependent (Disdier & Head, 2008).

Therefore, (4) is likely to be misspecified. A common remedy is to employ the mixed-effects

multilevel model, which allows for within-study dependence or, in other words, unobserved

between-study heterogeneity (Doucouliagos & Laroche, 2009; Doucouliagos & Stanley, 2009):

tij = β0 + e0 · 1/Se(eij) + ζj + εij , (5)

where i and j denote estimate and study subscripts. The overall error term now consists of

study-level random effects (ζj) and estimate-level disturbances (εij). Regression results are

reported in Table 1 in three panels, one panel for each type of spillover. In Column 1 estimates

collected from all studies, published and unpublished, are included in the regressions. The

constants in these regressions are insignificant, which suggests that all types of spillover are free

of publication bias if both unpublished and published studies are considered together. This is

surprising because publication bias has been found in most areas of economics research even for

results collected from working papers (Doucouliagos & Stanley, 2008). If there was publication

selection in journals and authors were rationally maximizing the probability of publication, they

might polish even preliminary versions of their papers.

When we only consider estimates from studies published in peer-reviewed journals (Column

2 of Table 1), we detect publication bias for backward spillovers, but not for forward and

horizontal spillovers. Although the test for publication bias among the estimates of backward

spillovers is only significant at the 10% level (p-value = 0.055), the evidence for publication bias

is solid considering that this test is known to have low power (Egger et al., 1997; Stanley, 2008);

Egger et al. (1997) explicitly recommends employing the more liberal 10% level of significance

when using this test.
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The magnitude of the coefficient for publication bias in published results on backward spill-

overs is approximately 1.1, which signals strong selection efforts: recall that values close to

two would be associated with extreme publication bias, and the value found here is considered

“substantial” in the survey of economics meta-analyses by Doucouliagos & Stanley (2008). An

important finding is that the selection is more prominent among the results that are deemed to

be more important (backward spillovers) than among the bonus results (forward and horizontal

spillovers). Indeed, since the results concerning backward spillovers determine the main message

of the study, they are more likely to be polished.

The importance of publication bias for inference concerning the magnitude of spillovers is

best demonstrated by comparing the average uncorrected and corrected spillover effect. The

arithmetic average of all published estimates of backward spillovers is 0.88. In contrast, the

corrected spillover effect based on estimates from published studies (resulting from the meta-

regression reported in Column 2 of Panel A in Table 1) is only 0.178. In other words, because

of publication bias the average estimate of spillovers reported in peer-reviewed journals is ex-

aggerated fivefold. This simple example shows how dangerous it is to ignore publication bias;

therefore, we will correct for the bias throughout the analysis.4

The estimated effects corrected for publication bias (the slope coefficients reported in Ta-

ble 1) are consistently positive and significant across all specifications for backward and forward

spillovers, but for horizontal spillovers the effect is not significantly different from zero. To

get a flavor of the likely magnitude of backward and forward spillovers before turning to more

advanced analysis, we prefer to use a more homogeneous subset of data that only consists of

estimates which come from firm-level panel-data studies, which use the standard definition of

spillover variables, and for which no additional computation was needed (Column 3 of Table 1).

These preliminary estimates suggest an effect of 0.307 for backward spillovers and 0.067 for for-

ward spillovers. In other words, a 10-percentage-point increase in foreign presence is on average

associated with a 3.1% increase in the productivity of domestic firms in upstream sectors. For

domestic firms in downstream sectors the increase in productivity is only 0.7%.

In sum, when we account for publication bias and unobserved heterogeneity, the literature

suggests that backward spillovers are economically important, forward spillovers are statistically

significant but small, and horizontal spillovers are insignificant. Nevertheless, these results

are averaged across all countries and methods, and we need multivariate analysis to explain

the vast differences in the reported estimates. The estimates may depend systematically on

misspecifications or other quality aspects of primary studies. In the following sections, focusing

only on backward spillovers as the most important spillover channel, we will estimate the effect

implied by best-practice methodology and describe spillover determinants.

4More discussion of publication bias, including additional evidence and robustness checks, is available in the
working-paper version of this article (Havranek & Irsova, 2010).

8



Table 1: Test of publication bias and corrected spillover effect

Panel A – Backward spillovers Dependent variable: t-statistic of the estimate of spillover

All estimates Published estimates Homogeneous estimates

Publication bias

Constant -0.0255 1.083
∗

-1.481
(0.496) (0.656) (0.942)

Spillover effect corrected for bias

1/(Standard error of the estimate 0.168
∗∗∗

0.178
∗∗∗

0.307
∗∗∗

of spillover) (0.0241) (0.0295) (0.0380)

Observations 1311 370 568
Studies 55 26 39

Panel B – Forward spillovers Dependent variable: t-statistic of the estimate of spillover

All estimates Published estimates Homogeneous estimates

Publication bias
Constant 0.729 -0.437 1.657

(0.776) (1.033) (1.632)
Spillover effect corrected for bias

1/(Standard error of the estimate 0.0872
∗∗∗

0.258
∗∗∗

0.0669
∗∗

of spillover) (0.0287) (0.0454) (0.0288)

Observations 1030 241 591
Studies 44 19 30

Panel C – Horizontal spillovers Dependent variable: t-statistic of the estimate of spillover

All estimates Published estimates Homogeneous estimates

Publication bias
Constant 0.363 0.512 0.818

(0.295) (0.498) (0.500)
Spillover effect corrected for bias
1/(Standard error of the estimate 0.00466 0.0137 0.000549

of spillover) (0.00722) (0.00837) (0.0127)

Observations 1154 305 471
Studies 52 27 37
∗∗∗

p < 0.01,
∗∗

p < 0.05,
∗
p < 0.10. Standard errors in parentheses.

Notes: The table contains the results of regression (5): tij = β0 + e0 · 1/Se(eij) + ζj + εij . Estimated by the mixed-effects
multilevel model using restricted maximum likelihood. “Homogeneous estimates” denote spillover estimates taken from
specifications that use firm-level panel data, log-level regression, and the standard definition of spillover variables.

4 What Explains Differences in Spillover Estimates

To investigate whether there is a systematic pattern of heterogeneity in the spillover literature,

we augment equation (3) with variables that may potentially influence the reported magnitude

of spillovers. Again as in Section 3 we divide the resulting equation by the standard error of the

spillover estimates to correct for heteroscedasticity and add the random-effects component to

account for within-study dependence. The multivariate meta-regression then takes the following

form (Doucouliagos & Stanley, 2009; Cipollina & Salvatici, 2010):

tij = β0 + e0 · 1/Se(eij) + βx′ij/Se(eij) + ζj + εij , (6)
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where xij = (x1ij , . . . , xpij) is the vector of variables potentially influencing spillover estimates,

and e0 represents the true effect, corrected for publication bias, in the reference case (xij = 0):

that is, e0 is conditional on the values of variables x.

As a robustness check of the mixed-effects multilevel model used to estimate (6), OLS

with standard errors clustered at the study level is usually employed (Disdier & Head, 2008;

Doucouliagos & Laroche, 2009). The principal problem with OLS in meta-analysis is that

it gives each estimate the same weight, which causes studies reporting lots of estimates to

become overrepresented. The mixed-effects multilevel model, in contrast, gives each study

approximately the same weight if the between-study heterogeneity is high (Rabe-Hesketh &

Skrondal, 2008, p. 75). We report both models, although the mixed-effects model is preferred.

We explore two potential general sources of heterogeneity. First, since previous meta-

analyses on horizontal spillovers (and economics meta-analyses in general) often find that re-

ported results are systematically affected by study design, we explore how the use of different

methods affects spillover estimates. We label this source of systematic differences in reported

estimates method heterogeneity. Second, we test the implications of the theoretical model by

Rodriguez-Clare (1996) and investigate other potential determinants of spillovers suggested in

the recent literature (Crespo & Fontoura, 2007; Smeets, 2008; Meyer & Sinani, 2009), although

these are often connected to the Rogriguez-Clare mechanism as well. We label such real differ-

ences in the underlying spillover coefficients structural heterogeneity.

Table A1 in the Appendix presents the descriptions and summary statistics for all vari-

ables assumed to explain method and structural heterogeneity. Variables explaining method

heterogeneity are divided into four blocks: data characteristics represent properties of the data

used, specification characteristics represent the basic design of the tested models, estimation

characteristics represent the econometric strategy, and publication characteristics represent the

differences in quality not captured by the data and method variables. Variables explaining

structural heterogeneity are divided into three blocks: host-country characteristics represent

aspects of the country for which the particular spillover coefficient was estimated, foreign-firm

characteristics are dummy variables representing properties of the firms used to compute link-

ages, and local-firm characteristics represent the sector of local firms that were included in the

spillover regression.

4.1 Method Heterogeneity

Data characteristics Following Görg & Strobl (2001) we include dummy variables for cross-

sectional data and aggregation at the sector level, even though more than 90% of the estimates

come from firm-level panel-data studies. Because the size of data sets used by primary studies

varies substantially, we control for the number of years and firms to find out whether smaller

studies report systematically different outcomes. We include the average year of the data period

to control for possible structural changes in the effects of FDI. Finally, because a large part of

studies on European countries use data from the same source (the Amadeus database), we

include a corresponding dummy variable.
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Specification characteristics We construct dummies for the inclusion of forward and hori-

zontal spillover variables in the same regression with backward spillovers, the proxy for foreign

presence (most studies use share in output, others share in employment or equity), the subset of

firms used for the estimation of spillovers (whether all firms or only domestic are included), the

inclusion of important control variables (sector competition and demand in downstream sec-

tors), the control for absorption capacity, and the use of a lagged, instead of a contemporaneous,

linkage variable.

Estimation characteristics Although the majority of studies use total factor productivity

(TFP) as the measure of productivity, some estimate spillovers in one step using output, value

added, or labor productivity as the dependent variable. When computing TFP, most authors

take into account the endogeneity of input demand and use the Levinsohn-Petrin or Olley-Pakes

method, but 10% of all estimates are computed using OLS. In the second step, TFP is regressed

on the linkage variable, and the estimation is usually performed using firm fixed effects. We

create dummies for random effects and pooled OLS as well as for the inclusion of year and

sector fixed effects. Approximately a half of the regressions are estimated in differences. A

general-method-of-moments (GMM) estimator is employed by 9% of the regressions, and the

translog production function instead of the Cobb-Douglas function is employed by 8% of them.

Publication characteristics To control for the different quality of studies, we include a

dummy for publication in peer-reviewed journals, the recursive RePEc impact factor of the

outlet, the number of Google Scholar citations of the study discounted by study age, and the

number of RePEc citations of the co-author who is most frequently cited. We also include a

dummy variable for studies where at least one co-author is “native” to the examined country;

we consider authors to be native if they either were born in the examined country or obtained

an academic degree there. Such researchers are more familiar with the data used; on the other

hand, they may have vested interests in the results. To account for any systematic difference

between the results of researchers affiliated in the USA (for our sample it usually means highly

ranked institutions) and elsewhere, we add a dummy for studies where at least one co-author is

affiliated with a US-based institution. Finally, publication date (year and month) is included to

capture the publication trend: possibly the advances in methodology that are difficult to codify

in any other way.

Although we have additionally codified other variables reflecting methodology (among others

the degree of aggregation of the linkage variable and the number of input-output tables used),

the variation in these variables is too low to bring any useful information.

4.2 Structural Heterogeneity

Host-country characteristics The theoretical model of Rodriguez-Clare (1996) indicates

that positive backward spillovers are more likely to occur when the costs of communication
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between the foreign affiliate and its headquarters are high and when the source and host country

of FDI are not too different in terms of the variety of intermediate goods produced. As suggested

by Rodriguez-Clare (1996), the costs of communication between the foreign affiliate and its

headquarters can be approximated by the distance between the host and source countries of

FDI, and country similarity can be approximated by the difference in the level of development.

Both implications have an intuitive interpretation: On the one hand, investors from distant

countries are likely to use more local inputs since it is expensive for them to import inputs from

home countries; on the other hand, investors from much more developed countries are likely to

use less local inputs since local firms are often unable to produce intermediate goods that would

comply with the quality standards of the investors. A higher share of local inputs indicates

more linkages with local firms and a greater potential for knowledge transfer.

To create a variable that would reflect the distance between the host country and its source

countries of FDI, we need each country’s geographic decomposition of inward FDI stocks—but

such information is not always directly available. Therefore, as a first step, we use decompo-

sitions of outward FDI positions of OECD countries provided by the OECD’s International

Direct Investment Statistics. (For this and all other host-country characteristics, we select val-

ues from 1999, the median year of the data used in primary studies.) In 1999, OECD countries

accounted for more than 85% of the world stock of outward FDI. We additionally obtain data

from the statistical offices of the next three most important source countries of FDI: Hong

Kong, Taiwan, and Singapore, which increases the total coverage to 95%. Having information

on the destination of 95% of all outward FDI stock in the world, we are able to reconstruct

the geographic decompositions of inward FDI stock with high precision for all 47 countries that

have been examined in the spillover literature.

It is necessary to take into account that some authors already separate the linkage effects

of investors of different nationalities; for example, many studies on China separate ethnic Chi-

nese investors (Hong Kong, Macao, Taiwan) from Western investors. Similarly, Javorcik &

Spatareanu (2011) use separate linkage variables for European, American, and Asian investors

to examine backward spillovers to Romanian firms.

The data on distances come from the CEPII database (www.cepii.org) and are computed

following the great circle formula. The distance variable is then calculated using the decompo-

sitions of inward FDI as weights. For example, if 70% of inward FDI stock in Mexico originated

in the USA, 20% in Germany, and 10% in Korea, the average distance of foreign affiliates in

Mexico from their headquarters would be 0.7 · 1,600 + 0.2 · 9,500 + 0.1 · 11,700 = 4,190 kilome-

ters. We employ a similar approach to calculate the average technology gap of host countries

with respect to the stock of inward FDI, measuring the development of the country as GDP per

capita. The source of the data, similar to all remaining host-country characteristics with the

exception of patent rights, is the World Bank’s World Development Indicators.

Another important determinant of spillovers is the international experience of domestic

firms, which we approximate by the trade openness of the country. Firms with international

experience may benefit more from backward linkages since they are used to trading with foreign
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firms and, for example, have employees with the necessary language skills. Such firms have a

higher capacity to absorb spillovers. Firms exposed to international competition are also more

likely to produce intermediate goods required by foreign affiliates, and hence, in line with the

Rodriguez-Clare mechanism, benefit from greater spillovers.

As a major precondition of positive spillovers, many researchers stress the financial develop-

ment of the host country (Javorcik & Spatareanu, 2009; Alfaro et al., 2010): if domestic firms

have difficulty obtaining credit, they react rigidly to the demand of foreign affiliates, and the

sluggish response can result in fewer linkages. On the other hand, if the inflow of FDI eases the

existing credit constraints of domestic firms by bringing in scarce capital (Harrison et al., 2004),

better credit terms reflect in higher productivity, and the benefits of FDI are more important

in countries with tougher credit constraints. We approximate the development of the financial

system by the ratio of private debts to GDP.

Countries with weak protection of intellectual property rights are likely to attract relatively

low-technology investors (Javorcik, 2004b). If a smaller technology gap contributes to more

linkages because of the Rodriguez-Clare mechanism, then the effect of weak intellectual property

protection on spillovers may be positive. To approximate the protection of intellectual property,

we choose the Ginarte-Park index of patent rights; the source of the data is Walter G. Park’s

website and Javorcik (2004b).

Foreign-firm characteristics The next structural variables are dummies capturing the de-

gree of foreign ownership used to define foreign presence. Many researchers argue that fully

owned foreign affiliates create fewer spillovers compared with joint foreign and domestic projects

(Javorcik & Spatareanu, 2008) since joint projects will arguably use technology that is more

accessible to domestic firms.

Local-firm characteristics Some authors estimate spillovers separately for service sectors,

which allows us to test the hypothesis that firms in services, compared with manufacturing firms,

are less likely to benefit from linkages. Firms in services may lack international experience since

they exhibit lower export propensity.

5 Results of the Multivariate Meta-Regression

We begin the multivariate analysis by including all explanatory variables introduced in Section 4

into the regression. This general model with 36 method and 8 structural variables is not

reported, but is available on request. For method variables, in contrast to structural variables,

no theory exists that would determine which of them are important and what sign they should

have. Thus, to obtain a more parsimonious model, we employ the Wald test and exclude the

method variables that are jointly insignificant at the 10% level, but keep all structural variables.

We always include method and structural variables together in the regressions, but for ease of

exposition report the results separately: the results for method variables are reported in Table 2

and the results for structural variables in Table 3.
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In the specification reported in Column 1 of both tables all structural variables are in-

cluded. The specifications in Columns 2 and 3 omit some of them to avoid the relatively high

correlations between some host-country characteristics, but the coefficients do not change a lot.

Two structural variables are insignificant in Columns 1–3. Excluding these variables yields our

preferred model reported in Column 4; that is, the model without redundant variables. This

model is then re-estimated using OLS with standard errors clustered at the study level (Column

5). A few method and structural variables become somehow less significant when OLS is used

(their new p-values range between 0.1 and 0.2), but many of them would become significant at

standard levels when country-level instead of study-level clustering was used for OLS.

5.1 Method Heterogeneity

Table 2 shows that seventeen variables reflecting the characteristics of the data, specification,

estimation, and quality are significant, suggesting that results of spillover regressions depend

on study design in a systematic way. The results are affected by the level of aggregation, age,

and source of the data. The omission of the standard control variables (sector competition,

downstream demand), the definition of the dependent variable, and the method of computing

TFP matter. Furthermore, we find an upward trend in the results: other things equal, the use

of new data increases the reported semi-elasticity by 0.03 each year. Concerning quality charac-

teristics, unpublished studies report estimates that are systematically lower by 0.28 compared

with published studies; frequently cited studies also report higher spillovers.

By the definition of FDI spillover regressions most researchers assume that the semi-elasticity

is constant across different values of foreign presence. In other words, an increase in foreign

presence from 0% to 10% is assumed to have a similar effect on domestic producitivity as

an increase from 90% to 100%; the impact of FDI is linear. To test the soundness of this

assumption we would ideally need data on mean foreign presence for each specification, but in

many studies this information is not provided. Nevertheless, we have information on mean FDI

penetration for each country in our sample (measured by the ratio of inward FDI stock to GDP).

If the estimated semi-elasticity was systematically affected by countries’ FDI penetration, the

assumption would likely be unrealistic. When we add FDI penetration variable to the general

model, however, the variable is insignificant individually (p-value = 0.44) and also jointly with

all other excluded variables. Therefore, we found no evidence of the nonlinearity of spillovers.

The results of the multivariate meta-regression can be used to estimate the underlying true

semi-elasticity conditional on study design. We label this approach spillover estimation based

on “best-practice” methods. Best practice, however, is subjective as different researchers may

prefer different methodologies. We define best practice following Javorcik (2004a), the study

published in the American Economic Review. There are two main reasons for such selection.

First, the paper was published in the most selective journal and has the highest number of

citations, both total and per-year, of all studies in our sample and is thus the natural benchmark

for this literature. Second, the preferred model of Javorcik (2004a) is free of all method choices

that are considered misspecifications by the majority of researchers. She uses firm-level data
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Table 2: Method heterogeneity in backward FDI spillovers

Dependent variable: t-statistic of the estimate of spillover

1-ME 2-ME 3-ME 4-ME 5-OLS

Constant 0.397 0.242 0.339 0.385 0.670
∗∗

(0.375) (0.396) (0.378) (0.371) (0.298)

1/Se 2.785
∗

-2.890
∗∗∗

4.250
∗∗∗

1.293 1.554
(1.643) (0.523) (0.952) (1.190) (1.563)

Data characteristics

Aggregated data 1.206
∗∗∗

1.213
∗∗∗

1.224
∗∗∗

1.193
∗∗∗

1.187
∗∗∗

(0.145) (0.140) (0.145) (0.144) (0.190)

Average year of data 0.0349
∗∗∗

0.0236
∗∗∗

0.0277
∗∗∗

0.0323
∗∗∗

0.0301
∗∗∗

(0.00789) (0.00719) (0.00754) (0.00763) (0.00837)

Amadeus database -0.686
∗∗∗

-0.489
∗∗∗

-0.861
∗∗∗

-0.680
∗∗∗

-0.603
∗∗∗

(0.0950) (0.0855) (0.0874) (0.0946) (0.127)

Specification characteristics

Foreign presence -0.168
∗

-0.149
∗

-0.131 -0.158
∗

-0.323
∗

in employment (0.0929) (0.0825) (0.0930) (0.0921) (0.171)

Control for sector -0.315
∗∗∗

-0.353
∗∗∗

-0.368
∗∗∗

-0.333
∗∗∗

-0.306
∗∗∗

competition (0.0673) (0.0664) (0.0655) (0.0649) (0.106)

Control for downstream 0.567
∗∗∗

0.487
∗∗∗

0.581
∗∗∗

0.596
∗∗∗

0.615
∗∗∗

demand (0.0995) (0.0985) (0.0944) (0.0967) (0.192)

Estimation characteristics

One-step estimation -0.348
∗∗∗

-0.302
∗∗∗

-0.304
∗∗∗

-0.353
∗∗∗

-0.447
∗∗∗

(0.0783) (0.0788) (0.0779) (0.0780) (0.137)

Olley-Pakes -0.318
∗∗∗

-0.305
∗∗∗

-0.324
∗∗∗

-0.346
∗∗∗

-0.464
∗∗∗

(0.0824) (0.0827) (0.0802) (0.0794) (0.154)

OLS -0.388
∗∗∗

-0.349
∗∗∗

-0.354
∗∗∗

-0.400
∗∗∗

-0.587
∗∗∗

(0.102) (0.102) (0.102) (0.101) (0.173)

Pooled OLS 0.155
∗∗∗

0.174
∗∗∗

0.150
∗∗∗

0.155
∗∗∗

0.221
∗∗∗

(0.0430) (0.0430) (0.0433) (0.0430) (0.0429)

Sector fixed effects 0.119
∗∗∗

0.140
∗∗∗

0.135
∗∗∗

0.128
∗∗∗

0.117
∗

(0.0401) (0.0380) (0.0393) (0.0393) (0.0617)

Estimated in differences 0.107
∗

0.0415 0.0211 0.0989
∗

0.0583
(0.0578) (0.0568) (0.0543) (0.0569) (0.0674)

Publication characteristics

Published 0.276
∗∗∗

0.273
∗∗∗

0.274
∗∗∗

0.283
∗∗∗

0.407
∗∗∗

(0.0786) (0.0798) (0.0777) (0.0782) (0.0958)

Study citations 0.0799
∗∗

0.0878
∗∗∗

0.108
∗∗∗

0.0820
∗∗

0.0421
(0.0324) (0.0323) (0.0320) (0.0322) (0.0281)

Native co-author 0.449
∗∗∗

0.466
∗∗∗

0.389
∗∗∗

0.461
∗∗∗

0.449
∗∗∗

(0.0626) (0.0634) (0.0562) (0.0617) (0.0522)

Author citations -0.0682
∗∗∗

-0.0574
∗∗∗

-0.0752
∗∗∗

-0.0739
∗∗∗

-0.0266
(0.0190) (0.0152) (0.0185) (0.0184) (0.0214)

Publication date 0.0669
∗∗

0.0476
∗∗

0.105
∗∗∗

0.0756
∗∗∗

0.0503
(0.0270) (0.0239) (0.0252) (0.0261) (0.0351)

Pseudo R2 0.39 0.36 0.38 0.40 0.46
Observations 1308 1308 1311 1311 1311
Studies 55 55 55 55 55
∗∗∗

p < 0.01,
∗∗

p < 0.05,
∗
p < 0.10. Standard errors in parentheses.

Notes: The table contains the results of regression (6). Structural variables are included in all specifications and reported
in Table 3. Column 1: all structural variables are included. Column 2: Technology gap, Financial development, and
Fully owned subsidiaries are excluded. Column 3: Distance to source countries, Trade openness, and Patent rights are
excluded. Columns 4 and 5: Patent rights and Partially owned subsidiaries are excluded. All explanatory variables are
described in detail in Table A1. ME = mixed-effects multilevel model. OLS = ordinary least squares with standard errors
clustered at the study level.
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(as opposed to data aggregated at the sector level), computes TFP by a method that accounts

for the endogeneity of input demand (as opposed to simple OLS), estimates the regression in

differences, and controls for sector fixed effects, sector competition, and demand in downstream

sectors.

We further extend the definition of best practice to synthesize an “ideal” study. We prefer

results from peer-reviewed studies and plug in sample maxima for study citations, author cita-

tions, and average year of the data. Other variables, including all structural variables, are set

to their sample means. In other words the best-practice estimate is conditional on some char-

acteristics of methods and quality, but it is an average over all countries and sectors—roughly

speaking, as if we took all six million observations used by the studies in our sample and em-

ployed the methods of Javorcik (2004a) to estimate the magnitude of backward spillover. Such

defined best-practice estimate of the underlying semi-elasticity, e0, reaches 0.94 and is signifi-

cant at the 1% level with the 95% confidence interval (0.66, 1.21). For comparison, this is about

three times less than the average spillover effect reported by Javorcik (2004a), but ten times

more than what was found by Blalock & Gertler (2008). The whole procedure yields similar

results when outliers are included (1.00) or when OLS is used (0.94).5

Therefore, beyond publication bias and observable misspecifications, our preferred estimate

implies that a 10-percentage-point increase in foreign presence is associated with an increase

in the productivity of local suppliers of about 9%: a large, economically important effect.

The estimate further increases to 1.14 if we plug in the sample maximum of publication date.

On the other hand, the use of output instead of TFP as the dependent variable in the FDI

spillover regression (e.g., Blalock & Gertler, 2008) lowers the estimate from 0.94 to a still highly

significant 0.58. When all variables reflecting quality characteristics are set to their sample

means, the best-practice estimate declines from 0.94 to 0.73. When additionally average data

characteristics are considered, the estimate further diminishes to 0.62. Finally, when average

specification and estimation characteristics are also plugged in, the estimate shrinks to 0.02

and loses significance at conventional levels. A mirror image of the best-practice estimation,

“worst practice” (the only exception is that firm-level data are still considered) even gives a

significantly negative estimate, −0.42. Our analysis thus suggests that negative estimates are

largely due to misspecifications.

In Section 3 we found that estimates published in peer-reviewed journals are exaggerated

because of publication selection. Now we have found that, in general, papers using better

methods produce larger positive estimates of spillovers. The reader might wonder how the

publishing filter works—are some results more likely to be selected for publication because they

are positive and significant, or is it the selection of better methods that indirectly pushes the

average reported estimate upwards? In the remainder of this subsection we will argue that the

publishing filter is dominated by selection for statistical significance and positive signs.

For the explanation of our argument it is useful to introduce a graphical tool commonly

5A similar multivariate analysis, available on request, shows that no country-specific variable matters for the
degree of forward spillovers, and that the best-practice estimate of forward spillovers is insignificant. These
findings corroborate the view that backward linkages are more important than forward linkages.
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employed to detect publication bias: a funnel plot (Egger et al., 1997; Stanley & Doucouliagos,

2010). The funnel plot depicts the size of the estimates of spillovers on the horizontal axis

against their precision (the inverse of standard error) on the vertical axis. While the most

precise estimates are close to the true effect, the less precise ones are more dispersed; hence the

cloud of estimates should resemble an inverted funnel. In the absence of publication bias the

funnel is symmetrical since all imprecise estimates have the same chance of being reported. If

the publishing filter was characterized by the selection of better studies that yield higher results,

the funnel would move to the right for published estimates compared with the funnel for all

estimates. Nevertheless, this is no reason for the funnel to become asymmetrical. Estimates

should be still randomly distributed around the true effect, and in the size-precision plane they

should form a symmetrical inverted funnel.

Figure 1: Funnel plots show publication bias in published studies
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Notes: “Good practice” denotes semi-elasticities estimated using firm-level data, controlling for sector competition, using

firm-level fixed effects, and taking into account the endogeneity of input demand.

The funnel plot for estimates published in peer-reviewed journals is depicted in the top-left

panel of Figure 1. It is clearly asymmetrical: the negative estimates of backward spillovers

are almost completely missing from journals. On the contrary, the funnel plot for all estimates

(the bottom-left panel) is symmetrical. The test of the significance of β0 in specification (3),

estimated earlier in Table 1 of Section 3, can be interpreted as a test of the asymmetry of the
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funnel plot; it follows from rotating the axes of the plot and inverting the values on the new

horizontal axis. Thus both formal and visual tests suggest that only published results exhibit

selection bias.

But cannot the asymmetry arise if only some journals select papers for their better methods?

Other journals (or authors submitting to that journals) might rely on intuition and discard

estimates of backward spillovers that would turn out to be negative. Such mixed publishing

filter could produce a funnel similar to the top-left panel of Figure 1. To support our argument

that intuition is the driving force of publication selection, we will only depict estimates that

comply with the most important aspects of best practice: using firm-level data, controlling

for sector competition, using firm fixed effects, and taking into account the endogeneity of

input demand (we label theses aspects of methodology “good practice”).6 If journals select

these estimates for their good practice and not for positive signs, the funnel plot would be

symmetrical. But the new funnel for published estimates (the top-right panel of Figure 1) is no

less asymmetrical than in the case when coefficients estimated by any method were considered

(the top-left panel).

Finally, Stanley et al. (2008) suggest how to test formally whether some aspects of method-

ology are associated with publication selection. If the aspects of methodology that define best

practice cause publication selection, their interactions with the explanatory variable in equation

(3), the standard error, will be significant. When we add these interactions to our full model (6),

at the 5% level merely one out of nine of these interactions is significant; they are insignificant

when considered jointly. Similarly, adding the interaction of a publication dummy with a mea-

sure of publication bias to equation (3) shows that the upward bias among the good-practice

set of estimates is four times larger for published studies than for unpublished studies.

All in all, our results suggest that publication selection in peer-reviewed journals is dom-

inated by discarding the negative estimates of backward spillovers. We showed that negative

results are indeed likely to be wrong and that the net backward spillover is positive and large;

thus, somewhat paradoxically, publication selection based on intuition is getting the average

published estimate of backward spillover closer to the true effect. Nevertheless, if authors’ (or

editors’ or referees’) prior was incorrect, publication selection would lead to an exaggeration of

spillovers. This is likely to be the case of the earlier literature on horizontal spillovers where

publication bias was found by Görg & Strobl (2001).

5.2 Structural Heterogeneity

The meta-regression results for structural variables are reported in Table 3. Our most important

finding concerns the effects of the nationality of foreign investors on the magnitude of backward

spillovers. The distance between the host and source country of FDI has a robustly positive

and significant effect, which suggests that investors from far-off countries create ceteris paribus

more beneficial linkages. We thus corroborate the findings of Javorcik & Spatareanu (2011),

6It is not feasible to use the full definition of best practice because only a small fraction of estimates comply
with the full definition.
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who report that American and Asian investors in Romania generate greater spillovers than

European investors. Furthermore, our results indicate that a high technology gap between

foreign affiliates and domestic firms impedes knowledge transfer. Since, however, a very low

or even negative technology gap may leave little room for knowledge transfer, we also test

for a possible quadratic relationship between spillovers and the technology gap (the test is

available on request). Contrary to the recent meta-analysis on horizontal spillovers by Meyer &

Sinani (2009), who use host-country-level data for GDP as a proxy of the technology gap and

do not account for the difference between the host and source country, the quadratic term is

insignificant and the linear specification fits the data better.

Table 3: Structural heterogeneity in backward FDI spillovers

Dependent variable: t-statistic of the estimate of spillover

1-ME 2-ME 3-ME 4-ME 5-OLS

Host-country characteristics

Distance to source countries 0.247
∗∗∗

0.258
∗∗∗

0.249
∗∗∗

0.217
∗∗∗

(0.0538) (0.0520) (0.0536) (0.0671)

Technology gap -0.513
∗∗∗

-0.462
∗∗∗

-0.386
∗∗∗

-0.370
∗∗∗

(0.141) (0.0880) (0.103) (0.131)

Trade openness 0.441
∗∗∗

0.646
∗∗∗

0.409
∗∗∗

0.266
(0.125) (0.0997) (0.122) (0.192)

Financial development -0.344
∗∗∗

-0.591
∗∗∗

-0.339
∗∗∗

-0.219
(0.122) (0.0956) (0.121) (0.167)

Patent rights -0.0673 0.0250
(0.0514) (0.0334)

Foreign-firm characteristics

Fully owned subsidiaries -0.203
∗∗∗

-0.209
∗∗∗

-0.216
∗∗∗

-0.281
∗∗∗

(0.0602) (0.0603) (0.0566) (0.0946)
Partially owned subsidiaries 0.0203 0.0804 0.0227

(0.0561) (0.0535) (0.0564)

Local-firm characteristics

Service sectors -0.220
∗∗∗

-0.234
∗∗∗

-0.220
∗∗∗

-0.222
∗∗∗

-0.387
(0.0766) (0.0771) (0.0772) (0.0765) (0.350)

Pseudo R2 0.39 0.36 0.38 0.40 0.46
Observations 1308 1308 1311 1311 1311
Studies 55 55 55 55 55
∗∗∗

p < 0.01,
∗∗

p < 0.05,
∗
p < 0.10. Standard errors in parentheses.

Notes: The table contains the results of regression (6). Method variables are included in all specifications and reported
in Table 2. All explanatory variables are described in detail in Table A1. ME = mixed-effects multilevel model. OLS =
ordinary least squares with standard errors clustered at the study level.

We find that firms in countries open to international trade benefit more from FDI, which

corresponds to Meyer & Sinani (2009). Thus both horizontal and vertical spillovers seem to be

especially important for firms with international experience. On the other hand, the financial

development of the host country has a negative effect on spillovers, which supports the view

that foreign affiliates help domestic firms ease credit constraints. Indeed, according to the

survey evidence reported by Javorcik & Spatareanu (2009) for the Czech Republic, a quarter

of suppliers of foreign affiliates claimed that the supplier status helped them to gain more

financing.
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The results suggest that the protection of intellectual property rights is insignificant for

the magnitude of spillovers. On the other hand, the degree of foreign ownership of investment

projects is important. The dummy variable for investments with full foreign ownership is con-

sistently negative and significant, suggesting that projects with full foreign ownership generate

lower spillovers than projects with partial ownership (the semi-elasticity is lower by about 0.22).

The coefficient for the variable capturing partial ownership is positive but insignificant; the in-

significance is, however, largely due to the connection with the variable capturing full foreign

ownership. When we drop the variable for full ownership from the regression (Column 2 of Ta-

ble 3) the p-value corresponding to the variable for partial ownership decreases to 0.13. These

findings are consistent with the negative effect of the technology gap on spillovers: fully owned

foreign affiliates are likely to use more advanced technology, which increases the technology gap.

Likewise, the smaller effect on domestic firms in service sectors is consistent with the importance

of international experience for the adoption of spillovers.

Our results are in line with the theoretical predictions of Rodriguez-Clare (1996). To illus-

trate the economic significance of the effects of distance and the technology gap on spillovers,

we quantify the implied spillover to Mexican firms generated by FDI from three different source

countries: the United States, Germany, and South Korea. We use the results of (6) reported

in Table 2 and Table 3, plug in the values of trade openness and financial development for

Mexico and the bilateral values of distance and technology gap, and set all other variables in

the regression to their sample means.

The model suggests that the greatest spillovers are generated by Korean FDI (1.07) followed

by German FDI (0.51); investments from the nearby USA generate the least spillovers (−0.13).

All these estimates are significant at the 5% level. Since Mexico has a similar technology gap

with respect to the USA and Germany, the difference between the estimated spillover effects,

0.64, is largely due to different distances. Likewise, the distance from Mexico to Germany

is similar to the distance from Mexico to Korea, and the difference in spillovers, 0.56, is due

to different technology gaps. It follows that, under realistic conditions, the origin of FDI is

economically important for the effect on domestic firms.

6 Conclusion

In a meta-analysis of data from 47 countries we find robust evidence consistent with knowledge

transfer from foreign investors to domestic firms in supplier sectors (backward spillovers), but

only a small effect on firms in customer sectors (forward spillovers) and no effect on firms in the

same sector (horizontal spillovers). Similar to Görg & Strobl (2001), we detect publication bias

in the literature: positive or significant estimates are more likely to be selected for publication.

This upward bias is present only among the estimates of backward spillovers from journal arti-

cles; unpublished studies and estimates of forward and horizontal spillovers exhibit no selection.

On the other hand, misspecifications tend to bias the results downwards. Our results suggest

that intuition is the driving force of publication selection: negative estimates are less likely to

be reported in journals, even if the researcher avoids all well-known misspecifications.
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Taking into consideration publication and misspecification bias, our preferred estimate sug-

gests that a 10-percentage-point increase in foreign presence is associated with an increase in

the productivity of domestic firms in supplier sectors of about 9%. Greater spillovers seem to

be generated by FDI from distant countries with slight technological advantages over domestic

firms. The results are in line with the theoretical model of Rodriguez-Clare (1996) and, in the

case of distance, corroborate the findings of Javorcik & Spatareanu (2011) for Romania. Greater

spillovers seem to be received by countries that are open to international trade and that have

underdeveloped financial systems. In addition, fewer spillovers are generated by fully owned

foreign affiliates compared with joint ventures, and fewer spillovers are received by domestic

firms in services compared with manufacturing.
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A Data Description

Table A1: Summary statistics of regression variables, backward spillovers

Variable Description Mean Std. dev.

t-statistic The t-statistic of the estimate of the spillover semi-elasticity. 0.803 4.997
1/Se The precision of the estimate of the spillover semi-elasticity. 5.465 6.640

Method heterogeneity
Data characteristics
Cross-sectional data =1 if cross-sectional data are used. 0.079 0.269
Aggregated data =1 if sector-level data for productivity are used. 0.033 0.178
Time span The number of years of the data used. 7.090 3.788
No. of firms The logarithm of [(the number of observations used)/(time

span)].
7.598 2.040

Average year of data The average year of the data used (2000 as a base). -1.053 3.798
Amadeus database =1 if the Amadeus database by Bureau van Dijk Electronic Pub-

lishing is used.
0.223 0.416

Specification characteristics
Forward spill. included =1 if forward spillovers are included in the regression. 0.655 0.475
Horizontal spill. included =1 if horizontal spillovers are included in the regression. 0.866 0.341
Foreign presence in employ-
ment

=1 if employment is the proxy for foreign presence. 0.142 0.349

Foreign presence in equity =1 if equity is the proxy for foreign presence. 0.060 0.238
Foreign firms included =1 if both domestic and foreign firms are included in the regres-

sion.
0.252 0.435

Control for absorption ca-
pacity

=1 if the specification controls for absorption capacity using tech-
nology gap or R&D spending.

0.070 0.256

Control for sector competi-
tion

=1 if the specification controls for sector competition. 0.272 0.445

Control for downstream de-
mand

=1 if the specification controls for demand in downstream sec-
tors.

0.075 0.263

Regional definition =1 if vertical spillovers are measured using the ratio of foreign
firms in the region as a proxy for foreign presence.

0.037 0.188

Lagged spillover =1 if the coefficient represents lagged foreign presence. 0.127 0.334
More estimates =1 if the coefficient is not the only estimate of backward spillo-

vers in the regression.
0.459 0.499

Combination of estimates =1 if the coefficient is a marginal effect computed using a com-
bination of reported estimates.

0.072 0.259

Estimation characteristics
One-step estimation =1 if spillovers are estimated in one step using output, value

added, or labor productivity as the dependent variable.
0.429 0.495

Continued on next page
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Table A1: Summary statistics of regression variables, backward spillovers (continued)

Variable Description Mean Std. dev.

Olley-Pakes =1 if the Olley-Pakes method is used for the estimation of TFP. 0.187 0.390
OLS =1 if OLS is used for the estimation of TFP. 0.107 0.309
GMM =1 if the system GMM estimator is used for the estimation of

spillovers.
0.089 0.285

Random effects =1 if the random-effects estimator is used for the estimation of
spillovers.

0.031 0.174

Pooled OLS =1 if pooled OLS is used for the estimation of spillovers. 0.157 0.364
Year fixed effects =1 if year fixed effects are included. 0.854 0.353
Sector fixed effects =1 if sector fixed effects are included. 0.494 0.500
Estimated in differences =1 if the regression is estimated in differences. 0.456 0.498
Translog =1 if the translog production function is used. 0.076 0.266
Log-log =1 if the coefficient is taken from a specification different from

log-level.
0.017 0.128

Publication characteristics
Published =1 if the study was published in a peer-reviewed journal. 0.288 0.453
Impact factor The recursive RePEc impact factor of the outlet. Collected in

April 2010.
0.238 0.453

Study citations The logarithm of [(Google Scholar citations of the study)/(age
of the study) + 1]. Collected in April 2010.

1.160 1.110

Native co-author =1 if at least one co-author is native to the investigated country. 0.712 0.453
Author citations The logarithm of (the number of RePEc citations of the most-

cited co-author + 1). Collected in April 2010.
3.114 2.480

US-based co-author =1 if at least one co-author is affiliated with a US-based institu-
tion.

0.397 0.489

Publication date The year and month of publication (January 2000 as a base). 7.865 1.637

Structural heterogeneity
Host-country characteristics
Distance to source countries The logarithm of the country’s FDI-stock-weighted distance from

its source countries of FDI (kilometers).
7.769 0.621

Technology gap The logarithm of the country’s FDI-stock-weighted gap in GDP
per capita with respect to its source countries of FDI (USD,
constant prices of 2000).

9.816 0.419

Trade openness The trade openness of the country: (exports + imports)/GDP. 0.704 0.330
Financial development The development of the financial system of the country: (domes-

tic credit to private sector)/GDP.
0.614 0.428

Patent rights The Ginarte-Park index of patent rights of the country. 2.993 0.800

Foreign-firm characteristics
Fully owned subsidiaries =1 if only fully owned foreign investments are considered for

linkages.
0.069 0.253

Partially owned subsidiaries =1 if only investments with joint domestic and foreign ownership
are considered for linkages.

0.070 0.256

Local-firm characteristics
Service sectors =1 if only firms from service sectors are included in the regres-

sion.
0.046 0.209

Notes: For host-country characteristics we select values from 1999, the median year of the data used in primary studies.

The data for host-country characteristics are taken from World Development Indicators, Javorcik (2004b), and Walter G.

Park’s website (http://www1.american.edu/cas/econ/faculty/park.htm).

24

http://www1.american.edu/cas/econ/faculty/park.htm

	1 Introduction
	2 The Spillover Estimates Data Set
	3 The Importance of Publication Bias
	4 What Explains Differences in Spillover Estimates
	4.1 Method Heterogeneity
	4.2 Structural Heterogeneity

	5 Results of the Multivariate Meta-Regression
	5.1 Method Heterogeneity
	5.2 Structural Heterogeneity

	6 Conclusion
	References
	A Data Description

