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Who really wins from foreign direct investment (FDI) and by how much? Should winners

care about corruption? Building on evidence of heterogeneity in the FDI-growth relationship,

we propose a semiparametric model that allows corruption to influence the relationship

between the conditioning variables and GDP growth, parameter heterogeneity, and the use

of instrumental variables. We find evidence that corruption has a sizeable nonlinear role in

the FDI-growth relation, weakening the effectiveness of FDI at improving growth rates in

many developing countries. Developing countries with insignificant or low returns to FDI

may benefit substantially from reducing corruption.
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1 Introduction

Foreign direct investment (FDI) is generally thought to be an important factor of economic

growth and development in developing countries. It is through the investments of large multi-

national corporations that host developing countries have access to productivity elements -

advanced technologies, management practices, and research and development - that are crucial

for growth, but are otherwise unavailable in the developing world (see, e.g., Borensztein et al.

1998 and Carkovic and Levine 2005). However, the presence of these productivity elements

within developing host countries may be insufficient for FDI to have growth-promoting effects,

in that, certain human and non-human factors that are facilitating inputs in the FDI-growth

relation may be absent or present in suboptimal amounts (see, e.g., Blomstrom 1986, Balasub-

ramanyam et al. 1996, Borensztein et al. 1998, Alfaro et al. 2004, Durham 2004, and McCloud

and Kumbhakar 2012).

Institutional quality, including corruption, has been considered to be one such facilitating

input (see, e.g., Durham 2004, McCloud and Kumbhakar 2012). Indeed, many developing host

countries possess a high level of corruption. Corruption, and other aspects of low institutional

quality, has been argued to be associated with economic distortions that hinder the free flow of

human and non-human resources that facilitate optimal output combinations (see, e.g., North

1981, Shleifer and Vishny 1993, Mauro 1995, Hall and Jones 1999, La Porta et al. 1999 and

Acemoglu et al. 2001, 2002, 2003, 2005) - the sanding-the-wheels hypothesis. Moreover, Mauro

(1998), Gupta et al. (2002) and Tanzi and Davoodi (2002) all document a negative relationship

between corruption and human capital. Countries that are more corrupt tend to invest less in

human capital, which ultimately decreases the ability of the country to absorb new technologies

from developed nations (Borensztein et al. 1998). Bribery, for example, which is associated

with higher levels of corruption and serves as an alternative but illegitimate source of income,

may lead to an imbalance in the relative payoffs between productive and unproductive sectors in

the economy (Baumol 1990 and Murphy et al. 1991). In highly corrupt countries, workers are

less likely to move to domestic from foreign firms (i.e., the multinational corporations) where

their payoffs are relatively higher; the result is less diffusion of technology from the foreign

firms to domestic firms, and a weakening of the effect of FDI on growth.1 Corruption has also

been argued to circumvent existing inefficient bureaucratic regulations that would otherwise

impede the efficient allocation of these resources (see, e.g., Leff 1964 and Huntington 1968) - the

greasing-the-wheels hypothesis. Foreign direct investors are likely to encounter such bureaucratic

regulations that exist in many corrupt developing countries, which may affect the social returns

to their investments. Another perspective is that the social returns to some forms of FDI may,

for example, be less dependent on some productivity elements and may therefore be insensitive

to corruption.

1Also, foreign direct investors frequently interact with different government officials in the host country to,
for example, obtain the requisite permits, ensure protection of property rights, and enforcement of investment
contracts. In highly corrupt host countries, government officials have the latitude to indiscretionately solicit huge
payments for the provision of public goods. Thus, foreign investors may incur high irreversible costs in undertaking
business in some host countries. Such costs, which are equivalent to a tax on profits of investment (Shleifer and
Vishny 1993), may discourage investors from expanding their firms, investing in research and development and
training for local employees, and funding social development programs, which may reduce the social returns to
FDI within a host country.
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In essence, corruption may negatively, positively or neutrally influence the effect of FDI

on economic growth in developing countries. In particular, the corruption effects are likely to

be both heterogeneous and complex across developing countries. Table 1 provides a summary

of some recent research aimed at investigating the relationship between FDI and economic

growth using macro level data. A few observations can be gleaned from the table: one, the

relationship is heterogeneous and complex; two, regardless of the facilitating input, some studies

presume a particular parametric form of heterogeneity, and that heterogeneity exists only in the

FDI-growth relation and not with respect to other variables in the model; three, some studies

assume that the regressors, specifically FDI, offer exogenous sources of variation in economic

growth rates. Although the literature has made important strides in our understanding of the

FDI-growth relation, the assumptions of the models and estimation methods used do not control

for alternative explanations of parameter heterogeneity. Thus, the limitations of the existing

FDI-growth literature coupled with the lack of consensus in the theoretical literature on the role

of corruption in the FDI-growth nexus suggests that an all-inclusive and flexible approach may

be more appropriate and credible for estimating the effect of corruption on the returns to FDI

in different developing countries.

Building on previous studies that have identified heterogeneity within the relationship be-

tween FDI and economic growth (see, e.g., Blomstrom 1986, Balasubramanyam et al. 1996,

Borensztein et al. 1998, and Alfaro et al. 2004), as well as studies that have shown an impor-

tant interaction between institutional factors (e.g., corruption) and the effectiveness of FDI at

improving growth rates (see, e.g., Durham 2004 and McCloud and Kumbhakar 2012), we present

a generalized empirical growth model with which to undertake a comprehensive reanalysis of the

relationship between corruption, FDI, and economic growth. Our generalized model extends a

standard growth regression, which assumes homogeneous parameters, to allow for a heteroge-

neous relationship between GDP growth and all conditioning variables. We model parameter

heterogeneity by making all coefficients functions of an index of corruption, and country- and

time-specific indicators. Thus, unlike existing FDI-growth studies, we do not impose a pri-

ori that parameter heterogeneity exists only in relation to FDI. Our generalized growth model

may therefore mitigate biased FDI-related inferences that can arise from neglected parameter

heterogeneities in the other correlates of economic growth. Durlauf (2001), for example, advo-

cates modeling all the parameters in growth regressions as functions of developmental variables.

Moreover, our flexible specification allows us to obtain parameter estimates that are specific to

each country in each year, and estimates that depend on the level of corruption in each coun-

try and in each year. Using these heterogeneous parameter estimates, we can analyze separate

groups of countries that have substantially different coefficients and isolate characteristics com-

mon within such groups. This type of analysis is useful for designing group- and country-specific

international investment policies, rather than the more frequently advocated homogeneous FDI

policies; our analysis can therefore mitigate against the miss-allocation of scarce human and

non-human resources within developing countries.

To accommodate complexity in our model, we further assume that the coefficient functions

are unknown smooth functions of corruption and indicators for country and time. This assump-

tion ensures that our coefficient estimates are not biased by the imposition of a prespecified
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parametric functional form of parameter heterogeneity, which is a conventional approach in ex-

isting FDI-growth studies. Economic theory does not provide any insights on the functional

form, which can be linear or nonlinear, of parameter heterogeneity in the FDI-growth nexus.

Estimation of the coefficient functions therefore warrants the use of nonparametric techniques

that permit the estimated functional forms to be governed by the characteristics of the data.

Nonparametric methods therefore give a more accurate picture of the nature and degree of

parameter heterogeneity.

To estimate our generalized regression model, we use a recently developed nonparametric

version of a standard method of moments estimator (Cai and Li 2008) that assumes the primary

conditioning variables (e.g., FDI) enter linearly into the regression model, but allows the inter-

cept and slope coefficients to vary nonparametrically (i.e., either linearly or nonlinearly) with

respect to certain environmental factors (e.g., corruption).2 Although our generalized model dif-

fers from standard homogeneous models by incorporating parameter heterogeneity of unknown

form in the coefficients, the generalized model maintains the traditional functional form as-

sumptions (e.g., additive separability and linearity of the primary regressors) embedded in the

standard models. An advantage of maintaining such assumptions is that the standard model

exists as a special case of the generalized model. We can formally test whether the data support

the assumption of parameter homogeneity that characterizes the standard model.

One advantage of this nonparametric generalized methods of moments estimator over other

smooth coefficient models, e.g., Durlauf et al. (2001) and Li et al. (2002), is that it allows

all of the conditioning variables to be endogenous. This, in part, addresses one concern raised

by Durlauf (2001), who argues that in a growth specification, all conditioning variables can

be taken to be endogenous; that is, all variables typically included in a growth specification

are determined, in part, by omitted factors that also determine growth rates. In particular,

Borensztein et al. (1998) provide a discussion of the potential endogeneity of FDI in a growth

regression. Hence, it is important to consider an instrumental-variables approach to estimating

the relationship between FDI (or any other conditioning variables of interest) and growth to

obtain consistent estimates and useful policy prescriptions.3

We fit our generalized semiparametric model that addresses endogeneity of the primary

conditioning regressors to a dataset containing 60 non-OECD countries and spanning the period

1985 to 2002. Our results confirm that there exists substantial heterogeneity in the relationship

between FDI and growth in non-OECD countries, and support previous studies that suggest that

corruption sands the wheels by reducing the social returns to FDI in these countries. However,

we obtain several results that are markedly different from those of related studies. We find

strong evidence that FDI has a positive and significant influence on growth rates for about 57

percent of these countries; for this subset of non-OECD countries, a 1 percent increase in net

FDI inflows to GDP is associated with an increase in the range of 0.11 percent to 4.32 percent

2Hence, this model is a version of the varying coefficient models of Hastie and Tibshirani (1993), or more
recently Li et al. (2002).

3In the empirical growth literature, Liu and Stengos (1999) and Durlauf et al. (2001) also use semiparametric
models to examine parameter heterogeneity. Their works differ from the present paper in many ways including the
use of cross-sectional and not panel data, exclusion of FDI from the set of independent variables, sample selection
(inclusion of OECD and non-OECD countries), assumed sources(s) of parameter heterogeneity, and analysis of
endogeneity.
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of the economic growth rate.

We also find strong empirical evidence that corruption has a nontrivial nonlinear role in the

heterogeneity in the FDI-growth relationship, which supports our view of complex corruption

effects across developing countries. Further, we do not find any evidence that the heterogeneous

effect of corruption on the FDI-growth relation is as simple as a threshold, in which countries

with levels of corruption below the threshold have a significant relationship between FDI and

growth and countries above the threshold do not. This nonlinear heterogeneity suggests that

assuming a linear role for corruption in the returns for FDI may lead to erroneous inferences.

Moreover, our estimates show that corruption significantly reduces the effectiveness of FDI on

growth for about 70 percent of non-OECD countries; for this subset of non-OECD countries, a 1

point increase in the level of corruption induces a reduction that ranges from 0.07 percent to 5.91

percent in the returns to FDI. Corruption has no effect on the returns to FDI for the remaining

30 percent of non-OECD countries. That is, our empirical evidence does not support the view

that corruption greases the wheels by increasing the social returns to FDI within non-OECD

countries. The returns to FDI appears to be a main channel through which corruption sands

the wheels.

The quantile groupings of estimated FDI returns that is implied by our generalized semipara-

metric growth model suggest the heterogeneity within the FDI-growth relation is unrelated to

regional or geographical factors. This result suggests that a common FDI-growth policy within

a region may yield suboptimal growth benefits for non-OECD countries. The quantile groupings

also reveal that many countries with the highest returns to FDI also have the lowest returns to a

reduction in corruption. Conversely, countries with an insignificant or relatively low correlation

between FDI and growth have the highest estimated returns to a reduction in corruption. These

latter results suggest that some non-OECD countries with relatively low correlations between

FDI and growth may benefit substantially from a reduction in corruption. Our results are similar

in spirit to Burnside and Dollar (2000), in that the implication of our analysis is that the effects

of FDI on growth are, in part, dependent on the quality of institutions within the developing

host country.

Our results also highlight substantial heterogeneities of differing magnitudes between growth

and all the other correlates in the conditioning set. Hence, the policy prescriptions implied by

previous empirical growth studies that do not allow for these additional heterogeneities may be

erroneous. Our empirical findings are robust to using different instruments for FDI, allowing

for all conditioning variables to be endogenous, using different measures of corruption, and

controlling for other measures of institutional quality that may be correlated with the dependent

and independent variables. Moreover, a specification test suggests our semiparametric model

that allows concurrently for endogeneity and parameter heterogeneity is more consistent with

the data than the standard homogeneous model.

The structure of the rest of the paper is as follows. Section 2 presents and discusses our

generalized empirical growth model and its nonparametric method of moments estimator. Sec-

tion 3 discusses the data. Section 4 provides the main empirical results and discusses their

implied policy prescriptions. Section 5 investigates the robustness of our main results. Section

6 concludes.
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2 Empirical Methodology

2.1 The Generalized Semiparametric Growth Model

We propose a generalized growth model with the growth rate of real GDP per capita as the

dependent variable. Letting git denote the real GDP per capita growth rate in country i at time

t, we write the generalized model as:

git = β0(Zit) + Yitβ1(Zit) +X ′
itβ2(Zit) + ǫit, i = 1, . . . , n t = 1, . . . , T (1)

in which Yit is our measure of FDI, Xit is a vector of control variables, Zit is a low-dimension

vector containing an index of corruption and other environmental factors that are assumed to

be the sources of parameter heterogeneity, βj(·), j = 0, 1, 2, are unknown smooth coefficient

functions that vary with respect to Zit, and ǫit is a zero-mean random error.4

2.2 Estimation and Identification

For ease of exposition, we rewrite (1) more compactly as:

git = X̃ ′
itβ(Zit) + ǫit, i = 1, . . . , n t = 1, . . . , T, (2)

in which X̃it is a vector of dimension k with the first column containing a one and the remaining

columns containing the (k−1) regressors (including FDI); β(·) is a vector of the smooth coefficient

functions of unknown form. We presume that Z is exogenous. If we assume also that all

regressors in X̃ are exogenous then (2) is a standard semiparametric smooth coefficient model

that can be consistently estimated using the nonparametric kernel estimator proposed by Li et

al. (2002). This exogeneity assumption seems strong in the present growth application, hence

we allow the variables in X̃ to be endogenous. This key endogeneity assumption distinguishes

the model in (2) from other semiparametric smooth coefficient models.

If any element in X̃ is endogenous, then E[git|X̃it, Zit] 6= X̃ ′
itβ(Zit) and estimation using

typical semiparametric estimators (e.g., Li et al. 2002) will provide inconsistent estimates of the

unknown coefficient functions. Several nonparametric estimators have been proposed to deal

with the problem of endogeneity in smooth coefficient models, for example, Das (2005), Cai et

al. (2006), and Cai and Li (2008). Both the estimators in Das (2005) and Cai et al. (2006)

are two-step estimators that require nonparametric estimation of the endogenous variables on

the instruments and exogenous variables in the first step, followed by semiparametric regression

of the dependent variable on the first stage estimates of the endogenous variables. Cai and Li

(2008), however, propose a one-step estimator of (2) when X̃ is allowed to be endogenous. We

apply this one-step Cai and Li (2008) estimator to reap the gains in finite sample performance

that this one-step estimator likely has over its two-step counterparts. We note that the Cai

and Li (2008) framework allows for all X̃ variables to be endogenous - an assumption that we

4An advantage of assuming such functional form is that we can avoid dimensionality issues that often arise in
fully-specified nonparametric models. In the present context, dimensionality issues can only arise when estimating
the coefficient functions; because the number of continuous environmental factors is relatively small, or at least
smaller than the entire conditioning set in a fully nonparametric regression, the curse of dimensionality can be
avoided.
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capitalize on in our empirical growth model.

To circumvent the endogeneity problem and obtain consistent estimates of the coefficient

functions, Cai and Li (2008) propose the following conditional moment restriction:

E[Q(Ωit)ǫit|Ωit] = E[Q(Ωit){git − X̃ ′
itβ(Zit)}|Ωit] = 0, (3)

in which Ωit = (W ′
it, Z

′
it)

′, Wit is a vector of instrumental variables such that E[ǫit|Wit] = 0, and

Q(Ωit) is some vector function such that the conditional moment restriction in equation (3) is

satisfied. Cai and Li (2008) suggest estimating the coefficients, β(Zit), with nonparametric kernel

methods which, combined with the conditional moment restriction in (3), yields a nonparametric

equivalent of a GMM estimator (or NPGMM). Following Cai and Li (2008), we assume the

vector β(Zit) is twice continuously differentiable so that we can apply local-linear least-squares

to estimate the unknown functions. A first order Taylor expansion around a given point z yields

an approximation to the function βj(Zit) given by βj(z) + δ′j(Zit − z), in which δj is a gradient

vector of the partial effects ∂βj(z)/∂z. Thus the local-linear procedure simultaneously provides

a vector of estimated coefficient functions, β̂j(Zit), along with their first-order gradient vectors,

∂β̂j(z)/∂z. These estimated gradient vectors represent the direct effect of corruption on growth

(i.e., the effect on the intercept), ∂β̂0(z)/∂z, and the direct effects of corruption on the individual

relationships between the conditioning variables and growth (i.e., the effect on the coefficients),

∂β̂j 6=0(z)/∂z. Additionally, the partial derivatives can be used to recover the indirect effects of

corruption on growth: X̃j × [∂β̂j(z)/∂z]j 6=0. The total effect of corruption on economic growth

is the sum of the direct and indirect effects of corruption on growth. Hence, taking a partial

derivative of the estimated growth rate in (1) with respect to corruption at a particular point

yields the estimated total effect of corruption on growth:

∂ĝit(z)

∂z
=

∂β̂0(z)

∂z
+ Yit

∂β̂1(z)

∂z
+X ′

it

∂β̂2(z)

∂z
. (4)

The advantage of our generalized model is that we can decompose the overall effect into

the direct and indirect effects. The indirect effect can be further decomposed into effects via

FDI (Yit) and the other control variables (Xit). These direct and indirect effects can be viewed

as channels through which corruption effects growth. Since corruption is a complex process,

it is very likely that it will work through various channels, some of which might have positive

effects on growth, while other effects are negative or zero. Note that if βj 6=0 = βj (i.e., the

slope coefficients are constants), then (1) reduces to the semiparametric model due to Robinson

(1988), the appropriateness of which can be econometrically tested. In this case, the variables

in Z only have a direct effect on growth, viz., ∂β0(·)/∂z. This also means that the Z variables

shift the growth relationship in a neutral fashion, i.e., heterogeneity affects growth neutrally.

To obtain these growth estimates a specific function for Q(Ωit) must be chosen. While

in principle any vector for Q(Ωit) that satisfies the conditional moment restriction in (3) can

be used, Cai and Li (2008) suggest using Q(Ωit) =
(

Wit

Wit⊗(Zit−z)/h

)
, where h is a smoothing

parameter, and ⊗ is the Kronecker product operator, to make use of the instrumental variables

in Wit. Letting Uit =
( X̃it

X̃it⊗(Zit−z)

)
and α = (βj(z), δ

′
j) be the vector of coefficients and their

first order partial derivatives, the conditional moment restriction in equation (3) gives rise to
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the following locally weighted orthogonality condition:

n∑

i=1

T∑

t=1

Q(Ωit)(git − U ′
itα)Kh(Zit − z) = 0 (5)

in which Kh(Zit − z) is a generalized product kernel of dimension p that admits a mix of

continuous and discrete environmental factors contained in Z (see Racine and Li 2004), and h

denotes a vector of smoothing parameters. Cai and Li (2008) show that a consistent estimate

of α can be obtained from:

α̂ = (S′
nSn)

−1(S′
nTn), (6)

in which

Sn =
1

n

n∑

i=1

T∑

t=1

Q(Ωit)U
′
itKh(Zit − z) (7)

and

Tn =
1

n

n∑

i=1

T∑

t=1

Q(Ωit)Kh(Zit − z)git. (8)

To avoid any possible pitfalls associated with an ad hoc choice of smoothing parameters,

we use least-squares cross-validation to select the parameters in h. The least-squares cross-

validation criterion function is given by

min
h

n∑

i=1

T∑

t=1

[
git − X̃ ′

−itβ̂(Z−it)
]2

(9)

in which X̃ ′
−itβ̂(Z−it) is the leave-one-out estimate of the conditional mean, X̃ ′β̂(Z). All stan-

dard errors are estimated using a wild-bootstrap, which provides consistent estimation of the

standard errors even in the presence of heteroskedasticity (Cameron and Trivedi 2005).

Our semiparametric specification nests a plethora of parametric models including the stan-

dard homogeneous growth model

git = β0 + Yitβ1 +X ′
itβ2 + ǫit, i = 1, . . . , n t = 1, . . . , T. (10)

A comparison of the mean parameter estimates from (2) with the estimates from (10) can provide

valuable insights into, among other things, the costs of neglected heterogeneity in the returns

to FDI and other correlates of economic growth.5

For model comparison, we use three separate measures of goodness of fit. The first is an

in-sample R2, measured as the square of the correlation between the observed growth rate and

the predicted growth rate, corr(git, X̃
′
itβ̂(Zit))

2. The second is an out-of-sample R2, and the

third is the out-of-sample average squared predicted error (ASPE). The ASPE is calculated

5Constant parameter growth models may suffer from misspecification since they ignore crucial heterogeneities
induced by the environmental variables that are fundamental to the growth process. Moreover, constant parameter
models will most likely be sensitive to different specifications of functional forms, or samples of observations, and
provide a description of the average relation, at best. In the presence of substantial heterogeneity in the growth
process, constant parameter models are unlikely to accurately estimate the relationship between FDI (and other
conditioning variables) and growth.
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as the mean over all observations of the squared difference between the observed growth rate

and the predicted growth rate, n−1
1

∑
i

∑
t[git− X̃ ′

itβ̂(Zit)]
2.6 The advantage of considering out-

of-sample measures of goodness of fit in addition to in-sample measures is that out-of-sample

measures are potentially more robust since they are less sensitive to over-fitting of the model.

All out-of-sample predictive exercises are based on 1000 re-samples of the data: we sample 80

percent of the data and estimate the model parameters (coefficient functions), then predict on

the remaining 20 percent of the data. We report the mean R2 and ASPE for the out-of-sample

exercises.7 We also use the residual-based specification test of Cai et al. (2000) to compare the

fit of the homogeneous and semiparametric models to the data.

3 Data

3.1 Overview

The data set comes from McCloud and Kumbhakar (2012). It consists of a balanced panel

of 60 non-OECD countries spanning the period 1985-2002 giving a total of 1080 observations.

Our primary interest is in estimation of the effect of FDI on economic growth and how this

effect varies with respect to the level of corruption in each country in each year. Our secondary

interest is in identifying the overall effect of corruption on economic growth, both the direct

channel through its influence on the intercept term and the indirect channels through its role

in the effects of other control variables on growth. Our measure of economic growth is the per

capita real GDP growth rate that comes from the Penn World Table (version 6.2).

3.2 FDI

Our measure of FDI is the percentage of net FDI inflows relative to GDP in constant 2002

dollars, which comes from the United Nations Conference on Trade and Development online

statistical database. It is generally believed that FDI may be correlated with factors that influ-

ence growth rates but are omitted from the regression model. The empirical FDI literature has

been unable to identify an ideal instrumental variable to completely control for any endogeneity

bias. Indeed, Borensztein et al. (1998) state that “the fundamental problem is that there are

no ideal instruments available” (p. 133). Temple (1999) provides a similar discussion in the

context of growth regressions more generally, and how a common approach to handling the lack

of ideal instrumental variables is to use panel data with lagged values as instruments.

Several studies have proposed several different instrumental variables that have been shown

to mitigate, at least part of, the endogeneity of FDI. In addition to summarizing recent research,

Table 1 lists the instrumental variables approach undertaken by each study to address the

potential endogeneity of FDI. Note, in particular, that because of the lack of ideal instrumental

variable for FDI, most studies have either (a) ignored the potential endogeneity of FDI or (b)

used lagged values of FDI as instruments. Borensztein et al. (1998) and Carkovic and Levine

(2005) have perhaps made the most comprehensive attempts to mitigate the endogeneity of FDI.

6
n1 is the size of the hold-out sample in the out-of-sample prediction exercises.

7See Racine and Parmeter (2009) for a detailed discussion on out-of-sample prediction accuracy and model
comparison and selection when there are competing empirical models.
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Borensztein et al. (1998) suggest using lagged values of FDI, the log of area, or measures of

institutional quality, whereas Carkovic and Levine (2005) suggest using lagged FDI as well as

lagged differences of FDI as instrumental variables. Of the studies using both lagged values of

FDI and alternative instrumental variables, none have reported that lagged FDI values were a

poor choice of instrument. Indeed, Durham (2004) notes how alternative instruments to lagged

values performed poorly. In other words, while it is clear that an ideal instrumental variable

for FDI has not yet been identified, lagged values of FDI have been the most commonly used

instrumental variables, and have been shown to reliably mitigate or diminish the endogeneity of

FDI.

We find that in our data set, lagged values of FDI work reasonably well and appear to

mitigate, at least part of, the endogeneity of FDI (see Section 4.1). Measures of institutional

quality - ethnolinguistic fractionalization and latitude from La Porta et al. (1999), the log of the

life expectancy and log of the fertility rate from the 2005 World Development Indicators, lagged

differences of FDI, total FDI flows to the world, and total FDI flows to the developing world -

appear irrelevant based on their low explanatory power in the first-stage benchmark parametric

regressions. Moreover, semiparametric regressions using these latter instrumental variables did

not yield meaningful estimates or appear to mitigate any endogeneity bias. Hence, we consider

many of the potential instruments laid out in previous research, and ultimately find evidence

that lagged FDI performs the best.

3.3 Control Variables

The literature suggests that corruption may affect economic growth through channels other than

FDI. For example, Mauro (1995) finds empirical evidence that corruption lowers economic growth

by reducing domestic investment. Furthermore, corruption may reduce the speed at which poorer

developing countries converge to their richer counterparts by providing a conducive environment

for the misappropriation of scare resources that could have been used to provide optimal public

goods necessary for stimulating and sustaining economic growth and development. Corruption

may also affect the work effort and thus productivity of public servants.

We therefore use the following list of covariates to control primarily for any omitted variable

bias between GDP growth and FDI, but also to serve as possible channels through which corrup-

tion may effect growth. The variables include initial GDP per capita defined as real GDP per

capita in the previous year; openness, defined as the ratio of exports plus imports as a percentage

of GDP; government consumption, defined as the ratio of general government consumption as

a percentage of GDP; domestic investment as a percentage of GDP; and the inflation rate. All

variables come from the Penn World Table (version 6.2).

3.4 Environmental Variables

We use the corruption index from the International Country Risk Guide (ICRG; Knack and

Keefer 1998 and Political Risk Services), which is widely used by the empirical literature, as our

main environmental variable. Unlike other indices of corruption that suffer from data paucity,

such as the Transparency International index, the ICRG is available for the beginning of our

time span. This ICRG index ranges from 0 to 6, and lower scores indicate higher levels of

10



corruption in that “high government officials are likely to demand special payment” and “illegal

payments are generally expected throughout lower levels of government” in the form of “bribes

connected with import and export licenses, exchange controls, tax assessment, police protection,

or loans.” The ICRG corruption index therefore seems appropriate in assessing the overall effect

of corruption on economic growth. For ease of interpretation, we redefine the ICRG corruption

index so that 0 represents lower levels of corruption and 6 represents higher levels of corruption.8

In addition to corruption, the vector of environmental variables, Z, contains an unordered

categorical country indicator and an ordered categorical indicator for year to control for country

and year fixed effects, respectively. Alternative model specifications include the fertility rate

(total births per woman) and an index of democracy as additional environmental variables.

Our index of democracy comes from the Polity IV database and ranges from -10 to +10 with

+10 representing complete democracy and -10 complete autocracy. With the exception of the

variables already measured in percentage terms or growth rates, all continuous variables are

measured in logs.

4 Results

4.1 Homogeneous Models

We first estimate the standard homogeneous model in (10) using ordinary least squares. Since

the coefficients do not vary in this model, we include corruption and country and time dummy

variables as standard conditioning (i.e., X̃) variables. The purpose of estimating the homoge-

neous model is to provide estimates that are directly comparable to other studies that do not

use semiparametric estimators, and to anchor our semiparametric results to the standard case.

Table 2 contains the results from the different model specifications.

The first three columns in Table 2 show estimates from three standard models: the first

column reports the results from a parsimonious model in which the only regressors are FDI and

fixed effect dummy variables; the second column adds corruption; and the third column adds

the rest of the conditioning set. We find that FDI has a positive and significant association

with growth rates (in column 1), and including corruption in the regression does not erode the

relationship between FDI and growth (in column 2). In particular, an increase of 10 percent

in the net FDI inflows to GDP is associated with an increase of 3 percent in the economic

growth rate. The coefficient on corruption is positive and significant implying that, holding

everything else constant, an increase in the level of corruption in a country is associated with

an increase its rate of economic growth. This is evidence in favor of the greasing-the-wheels

hypothesis. However, none of goodness of fit measures (i.e., in-sample R2, out-of-sample R2,

and out-of-sample ASPE) improve substantially after including corruption into the regression,

which suggests that corruption may not contain much predictive power. Including the rest of the

conditioning set (column 3) does not change the relationship between corruption and growth;

however, the coefficient on FDI becomes insignificant due to a reduction in its magnitude of

approximately 68 percent. This large reduction in the estimated FDI coefficient suggests that

8Apart from reversing the sign on all partial effects of corruption, redefining the corruption index does not
influence any of our empirical results or conclusions.
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the FDI-growth effects in the columns 1 and 2 may be driven by omitted variable bias. Indeed,

there may be other factors that are subsumed in the errors and are correlated with both FDI

and economic growth. To explore this possibility, we use instrumental variable methods.

Columns 4 through 6 report estimates from two-stage least squares regressions that use

the one-period lagged value of FDI to control for possible endogeneity of FDI in the standard

models. Specifically, we include all control variables and corruption in the first stage regression,

as well as country and time dummy variables to control for country and time fixed effects.

We find that for each first-stage specification, the FDI instrument is positive and statistically

significant, and the F-statistic for the null hypothesis of no regression exceeds 10, suggesting

strength of the instrumental variable (Staiger and Stock 1997). We find that in the second-stage

regressions, including the fully specified model in column 6, the instrumented FDI variable has a

positive and significant effect on growth rates. In addition, the magnitude of the FDI coefficient

is substantially larger than in the simple ordinary least squares models. This suggests that

there is a downward bias in the ordinary least squares estimates of FDI, which is most likely

caused by endogeneity; the lagged FDI instrument is able to correct for (at least part of) the

downward bias on the FDI coefficient. Corruption remains positive and significant, and all

other conditioning variables maintain their sign and significance observed in their ordinary least

squares counterparts. The explanatory power of the two-stage least squares models is comparable

to that of the ordinary least squares models.

The ordinary least squares and two-stage least squares homogeneous estimates yield three

important observations: One, on average, FDI has a positive and significant effect on GDP

growth rates in non-OECD countries, but the effect is subject to a downward endogeneity bias

that potentially masks the significance of FDI. Two, the use of lagged FDI as an instrument

for FDI is able to mitigate (at least part of) this downward bias and provides more precise

estimates of the mean effect of FDI on growth. Three, on average, corruption appears to have a

positive and significant effect on growth rates. These homogeneous corruption and FDI returns,

however, that are implied by the homogeneous models should not be taken to imply that in all

countries FDI and corruption both have positive and significant effects on growth rates. The

inherent restrictions of these constant-parameter models do not lend themselves to useful policy

implications in the presence of substantial parameter heterogeneities. In addition, a maintained

hypothesis in this paper is that corruption itself is an environmental variable and thus it should

be included as such in the regression, and not included as a typical conditioning (i.e., X̃) re-

gressor. In the latter case, it is difficult to ascertain how corruption affects economic growth. In

light of these observations, we move on to the results from our generalized semiparametric spec-

ifications that concurrently allow for (a) corruption to enter into the model indirectly through

its influence on the relationship between the conditioning variables and GDP growth rates and

directly through the intercept, (b) parameter heterogeneity, and (c) endogenous regressors.

4.2 Semiparametric Smooth Coefficient Models

Columns 7 through 10 in Table 2 report the mean coefficients and standard errors for four

semiparametric smooth coefficient specifications. The first two specifications (columns 7 and 8)

do not control for endogeneity of FDI; hence, these models are standard semiparametric smooth
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coefficient models (SPSCM). Columns 9 and 10 control for endogeneity of FDI using lagged

FDI and the Cai and Li (2008) NPGMM estimator. Columns 7 and 9 include only FDI as a

conditioning variable, whereas columns 8 and 10 include all other conditioning variables. The

four models include corruption and indicators for country and year as environmental variables.

4.2.1 Mean Parameter Estimates

We find that the mean coefficient on FDI is positive, highly statistically significant and econom-

ically meaningful in all semiparametric specifications. At the mean, an increase of 10 percent

in the net FDI inflows to GDP is associated with a minimum of 2.5 percent and a maximum of

5.0 percent increase in economic growth in non-OECD countries. In the SPSCM specifications

(columns 7 and 8), we observe FDI coefficients that are larger in magnitude, particularly for

the fully specified model, than their ordinary least squares estimates in columns 2 and 3. The

two-standard-error band of the mean FDI estimate in the semiparametric model in column 8,

0.1572 to 0.3464, comfortably excludes its counterpart in the homogeneous model in column 3.

These results suggest that neglected parameter heterogeneities in a growth regression can lead

to a large downward bias in the mean FDI estimate. This evidence provides support for our flex-

ible specifications. After controlling for endogeneity, we observe that the mean FDI coefficients

in the NPGMM specifications (columns 9 and 10) are close in magnitude to their counterparts

from the two-stage least squares models. Thus, we again find evidence that supports the validity

of using lagged FDI values to correct for potential endogeneity bias associated with FDI. The

mean FDI estimates in the NPGMM specifications are between 26 percent and 46 percent larger

than those in the SPSCM specifications. In particular, the two-standard-error band of the mean

FDI estimate in the fully-specified NPGMM model in column 10, 0.3019 to 0.6227, comfortably

excludes its counterpart in the SPSCM specification in column 8. These results provide further

empirical support that the endogeneity of FDI induces a downward bias in its estimated mean

coefficient. In essence, our empirical results suggest that simultaneously modeling parameter

heterogeneity and endogeneity of FDI in a highly flexible framework may provide more useful

estimates for policy analysis.

In the fully-specified SPSCM and NPGMM models (columns 8 and 10), we find that regard-

less of whether we instrument for FDI using lagged FDI, the mean estimates of initial income,

openness and the inflation rate are negative and highly statistically significant and those as-

sociated with domestic investment are positive and highly statistically significant, whereas the

mean estimate of government consumption is insignificant. Therefore, the association between

past FDI inflows and growth may only be through current FDI inflows - a result that suggests

lagged FDI is a valid instrument for current FDI.

Turning to the total effect of corruption on growth, ∂g/∂z, we find that in three of the four

semiparametric models, corruption has a significant positive effect on economic growth rates.

This result is consistent with the results from the ordinary least squares and two-stage least

squares estimates, and supports the greasing-the-wheels hypothesis. However, these aggregated

mean estimates in Table 2 are not sufficient to empirically identify the manner in which corrup-

tion is associated with economic growth in any particular non-OECD country. Table 3 shows

the means and standard errors of the partial effect of corruption on the coefficients in the semi-
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parametric models. At the mean, we find that corruption has a negative and significant effect

on the coefficient on FDI (columns 2 to 4). Thus, this result, coupled with the positive and

significant FDI coefficients in Table 2 (columns 8 to 10), implies that an increase in corruption

decreases the effectiveness of FDI on growth, and through this channel, holding everything else

constant, decrease economic growth.

Table 3 also shows that corruption has a negative and significant effect on the coefficient

on initial income (models 2 and 4). Thus, at the mean, an increase in corruption increases the

speed at which poorer non-OECD countries converge to richer non-OECD countries. We observe

a positive and significant effect on the coefficient on domestic investment only in the SPSCM

specification in column 2. This latter result suggests that any existing evidence of corruption

greasing the wheels by increasing the marginal returns to domestic investment may be a con-

sequence of endogeneity of FDI. Furthermore, and contrary to Mauro (1995) and others, this

result does not support the view that corruption reduces the returns to domestic investment.

In essence, although we find that at the mean domestic investment contributes positively to

economic growth in non-OECD countries (see estimates in Table 1), we do not find evidence

that the positive contribution of domestic investment decreases with an increase in corruption

in these countries. Indeed, local investors may be better able to adapt to corruption by align-

ing themselves with corrupt government officials and attaining knowledge of the bureaucratic

loopholes that exist within their country. In such a case, therefore, local investors may be less

sensitive to corruption and their businesses can even yield positive social returns. Moreover,

local investors may be better at capitalizing on the scarcity of local human and non-human

resources, which is associated with corruption, since, for various reasons, they may not have

as many investment options as their foreign counterparts. The partial effect of corruption on

the intercept (which can be viewed as the direct effect of corruption on growth) is positive and

statistically significant in all columns in Table 3.

In total, the results in Table 3 imply that corruption indirectly reduces economic growth

through FDI, but indirectly and directly increases economic growth through initial income and

the intercept. The insignificant mean estimates that are associated with openness to trade,

government consumption and inflation rate suggest that within many non-OECD countries

corruption alone may not influence the effect of these variables on economic growth.

Overall, we find that in each of the four semiparametric models, the in-sample R2 is sub-

stantially higher and the out-of-sample R2 (ASPE) is in general higher (lower) than in the

corresponding homogeneous regressions. Furthermore, the parameters are more precisely esti-

mated after modeling heterogeneity, in that the standard errors in the semiparametric models

are for the most part smaller than their homogeneous counterparts. These goodness of fit mea-

sures and reductions in standard errors suggest that there is sizeable parameter heterogeneity

across countries and modeling this parameter heterogeneity improves the fit of the model to the

data.

To formally test whether the semiparametric models yielding heterogeneous parameter esti-

mates are indeed preferred to the homogeneous parameter models, we use the model specification

test of Cai et al. (2000). The Cai et al. (2000) test allows us to determine whether the data

support the null hypothesis of the simple two-stage least-squares model. We test the null hy-
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pothesis against two alternative hypotheses: the two primary semiparametric smooth coefficient

models that include the entire conditioning set of regressors (one using instrumental variables

and the other without). We are able to reject the null hypothesis of correct specification for the

constant parameter model in both tests with a p-value of 0.0000. Hence, the data support our

generalized semiparametric specification that admits parameter heterogeneity as a function of

corruption, country, and time, over the homogeneous parameter specification.

A natural concern is whether a parametric model that allows for linear interactions between

corruption and the X̃ regressor-vector is sufficient to capture the parameter heterogeneities that

are highlighted by our semiparametric models. We can easily address this concern by examining

the magnitude of the bandwidth on corruption. We find in each of our four semiparametric

models that the bandwidth on corruption is below two standard deviations of the data. In

the local-linear least-squares context, a variable with a bandwidth below twice the standard

deviation of the variable enters nonlinearly into the parameters, βj(·) (Li and Racine 2004).

Hence, a parametric model that allows for linear interactions between corruption and the X̃

regressor-vector would have ignored nontrivial and nonlinear parameter heterogeneities that are

associated with corruption. This adds further empirical support for our use of nonparametric

methods and treatment of the coefficient functions as unknown functions.

4.2.2 Heterogeneous Parameter Estimates

To present the distribution of coefficients in a concise manner, we use 45-degree gradient plots to

simultaneously show the magnitude, sign, standard errors, statistical significance, and density

of the coefficients (Zhang et al. 2012 and Henderson et al. 2012). To construct these plots,

we first plot the observation-specific coefficients on the 45-degree line. The location of any par-

ticular coefficient on the horizontal axis determines the sign and magnitude of the coefficient,

whereas the density can be seen by the proximity of surrounding observations to any partic-

ular observation. Areas with a high concentration of coefficients are areas of higher density.

We then calculate observation-specific confidence bounds by adding (and subtracting) twice the

observation-specific standard error from each coefficient. We then overlay the confidence bounds

above (and below) the scatterplot of coefficients. This allows us to assess whether each observa-

tion is statistically significant: if the horizontal line at zero runs between the coefficient and its

upper or lower confidence bound, the observation has a statistically insignificant coefficient. If

the horizontal line at zero does not intersect the confidence bound for a particular observation,

that observation is statistically significant.

Figure 1 displays the 45-degree gradient plots for the distribution of observation-specific FDI

coefficients and standard errors for each of the four semiparametric models that are described

in Table 2. In each model, many of the observations are positive. Specifically, if we assume

FDI is exogenous, 60 percent and 55 percent of the FDI coefficients are positive and significant,

respectively SPSCM1 and SPSCM2. If we assume FDI is endogenous, the FDI coefficients are

positive and significant for 49 percent and 57 percent of the observations, respectively NPGMM1

and NPGMM2. Although there is only a 2 percentage point increase in the number of positive

and significant FDI coefficients when we control for endogeneity of FDI in the fully-specified

model, Figure 1 shows a difference between the density of the coefficients from the SPSCM2
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and NPGMM2 specifications. Hence, the bias induced by endogeneity of FDI seem to have

a heterogeneous effect on the observation-specific FDI coefficients. While the plots show a

substantial amount of heterogeneity in the parameter estimates, it is clear that, on average, FDI

has a positive and significant effect on GDP growth rates in the sample of non-OECD countries

we consider.

The additional conditioning variables that have statistically significant mean estimates in the

fully-specified models also provide insights into the extent of the parameter heterogeneities in

our data.9 In the SPSCM2 specification, we find that 57 percent, 54 percent, and 85 percent of

the initial income, openness and inflation coefficients, respectively, are negative and significant,

whereas 91 percent of the coefficients on domestic investment are positive and significant. In

the NPGMM2 specification, we find that 61 percent, 65 percent, and 87 percent of the initial

income, openness, and inflation coefficients, respectively, are negative and significant, whereas

90 percent of the coefficients on domestic investment are positive and significant. These results

also suggest that endogeneity of FDI induces biases in some of the estimates associated with the

other regression coefficients, and the size and direction of these biases appear to differ across

countries and regressors.

Figure 2 contains 45-degree plots for the partial effects of the FDI coefficients with respect

to corruption. If we assume FDI is exogenous, 43 percent and 71 percent of the FDI coeffi-

cients show a significantly negative partial effect with respect to corruption in the SPSCM1

and SPSCM2, respectively. If we assume FDI is endogenous, 42 percent and 70 percent of the

FDI coefficients show a negative and significant partial effect with respect to corruption in the

NPGMM1 and NPGMM2, respectively. Furthermore, in the SPSCM2 and NPGMM2 specifica-

tions none on these partial effects are positive and significant. These empirical results, especially

in the fully specified models, suggest that corruption decreases the effect of FDI on GDP growth

in many non-OECD countries, and does not influence the returns to FDI in a few non-OECD

countries. That is, our data are not consistent with a view that corruption increases the returns

to FDI.

The effect of corruption on the additional coefficients in the fully-specified models is insignif-

icant, except for the coefficients associated with initial income and domestic investment. In the

SPSCM2 specification, we find that corruption significantly reduces the effectiveness of initial

income on growth rates for 51 percent of observations, and increases the effectiveness of domestic

investment on growth rates for 38 percent of the observations. In the NPGMM2 specification,

the effect of corruption on domestic investment is statistically significant for 31 percent of ob-

servations; we find that 37 percent of the observations have a negative and significant partial

effect of the initial income coefficient with respect to corruption. These results provide addi-

tional evidence that in many non-OECD countries corruption strongly affects growth mainly

through a reduction in the returns to FDI, and has a neutral effect on the coefficients of (many

of) the other conditioning variables in the model. Thus, in many non-OECD countries, the

substantial parameter heterogeneities that exist between economic growth and its determinants

may not be attributable to only corruption. Other environmental variables may be driving these

heterogeneities.

9For the fully-specified models, 45-degree gradient plots for the additional conditioning variables are available
upon request from the authors.

16



Figure 3 shows the 45-degree plots for the total effect of corruption on growth rates. In the

SPSCM2 specification, we find 60 percent of the partial effects to be insignificant, whereas 28

percent are positive and significant. In the NPGMM2 specification, we find 60 percent of the

partial effects to be insignificant, whereas 30 percent are positive and significant. Hence, we find

strong evidence that although corruption decreases the effectiveness of FDI on growth rates,

corruption has an overall zero effect on growth in many non-OECD countries and greases the

wheels in a few non-OECD countries. Furthermore, the greasing-the-wheels effects, though few,

are large enough to engender positive and statistically significant mean corruption estimates.

4.2.3 Policy Implications

We now turn to the distribution of the coefficients and their partial effects with respect to

corruption to further assess the degree of parameter heterogeneity that exists in the estimates,

and to understand the policy implications of heterogeneity in the relationship between FDI and

growth. We use the results from the NPGMM2 specification to determine which countries record

the highest and lowest returns to FDI. At the very least, this analysis can assist policymakers

in determining in which countries FDI most effectively improves growth rates, and in which

countries FDI may have a neutral effect. It is important to identify the countries that have con-

sistently insignificant returns to FDI; policymakers may want to reconsider investment policies

or investment stipulations aimed at these particular countries.

Table 4 shows the lists of countries, which are divided on the basis of their relative returns to

FDI. For those observations with positive and significant FDI coefficients, we divide the countries

into separate lists for each of the four quantiles based on the magnitude of the coefficient. That

is, the countries with FDI coefficients that are in the highest 75 percentile are grouped together

in the 4th quantile group; we do the same for each quantile.10 Since all of the countries in

these quantile lists realize positive returns to FDI, we also include a list of countries that have

insignificant FDI coefficients.11 Because we have a panel data set, most countries have FDI

coefficients that appear in each category for at least one year. To provide a bit more clarity

as to which countries receive high or low returns, we group the countries based on their modal

classification: if a country appears most frequently in the column for insignificant returns to

FDI, we classify it as insignificant.12

We can see in Table 4 that there does not appear to be any geographical similarities between

the groupings of countries, irrespective of the magnitude and statistical significance of the returns

to FDI. Each quantile contains countries from different continents or geographical regions. This

result implies that there exists heterogeneity in FDI returns even within geographical regions.

Hence, geographically-oriented investment policies may be inappropriate for enhancing growth-

effects of FDI, the best FDI policies may most likely be country-specific. With this in mind,

the country lists in Table 4 provide preliminary estimates of the potential returns each country

10The smallest positive and significant coefficient is 0.11, and the largest positive and significant coefficient is
4.32. The quartile values are 0.39, 0.62, and 0.89, respectively, for the 25th, 50th, and 75th percentiles.

11Only 1 percent of the coefficients were negative and significant; none of the negative and significant coefficients
represented the modal classification, so we do not include a category for negative returns.

12It is important to acknowledge that although these classifications are based on the modal observations, many
of the countries appear in the same category for many of the years in the panel. Hence the modal classification
provides an accurate depiction of the distribution of the countries across the classification groups.

17



may realize from further FDI.

Table 5 shows a similar breakdown of countries based on the partial derivative of the FDI

coefficient with respect to corruption.13 This classification can identify which group of countries

may benefit the most from a reduction in corruption; countries that have the highest partial

effect of the FDI coefficient with respect to corruption may benefit substantially from FDI if their

level of corruption were to decrease. Moreover, this analysis may help directly with international

FDI policies. One stipulation in an international FDI agreement may be a mandatory reduction

in the level of corruption in the developing host country. We classify the modal observation

into quantiles of negative and significant coefficients and a separate category for insignificant

returns. While we again do not find any apparent geographical groupings emerging from the lists,

comparing groups of countries between Tables 4 and 5 yields interesting results that complement

our previous findings. Of the countries with insignificant returns to FDI, we find 47 percent

fall into the group of countries that record marginal returns to corruption above the median

return; and of this same group of FDI coefficients, approximately 64 percent record positive

and significant returns to a decrease in corruption. A similar analysis of countries with the

lowest positive returns to FDI shows that approximately 50 percent have returns to a decrease

in corruption above the median, and approximately 67 percent record positive and significant

returns to a decrease in corruption. These comparisons strongly suggest that many non-OECD

countries with insignificant or low returns to FDI may benefit substantially from a reduction in

their levels of corruption.

A similar comparison is done for countries with the highest returns to FDI. We find that

approximately 38 percent of the countries with the highest returns to FDI have insignificant

or low (i.e., below the 25th percentile) returns to a decrease in corruption, and approximately

77 percent have returns to a decrease in corruption that are insignificant or below the median.

Of the countries with the second highest FDI coefficients, 63 percent have insignificant or low

returns to a decrease in corruption, and 71 percent of all countries with FDI coefficients above

the median have returns to corruption that are insignificant or below the median. This suggests

that the non-OECD countries with the highest returns to FDI do not stand to gain as much

from a marginal reduction in corruption. Overall, our estimates suggest that corruption does

indeed weaken the relationship between FDI and growth.

5 Sensitivity Analysis

We now turn to additional model specifications that can be used to examine the robustness

of our core results. Our primary concern is whether we have inadequately controlled for any

potential endogeneity that may exist between GDP growth rates, FDI, corruption, or any other

variables in our conditioning set. Our secondary concern is whether we have failed to incorporate

related environmental variables into our assessment of the relationship between corruption and

the FDI-growth relationship. All detailed results from this section are available on request.

We first address our concerns regarding any additional biases arising from endogeneity. To

13Specifically, the largest negative and significant partial effect is -5.91, and the smallest negative and significant
partial effect is -0.07. The quartile values are -0.79, -1.30, and -1.62, respectively, for the 25th, 50th, and 75th

percentiles.
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examine whether any possible endogeneity bias associated with the X̃ variables (excluding FDI)

is driving our core results, we re-estimate our fully-specified NPGMM model using one-period

lags of all X̃ variables. Indeed, one of the strengths of the NPGMMmodel proposed by Cai and Li

(2008) is its ability to allow for the potential endogeneity of all X̃ variables. Lagging all regressors

reduces our sample size to 1020. Although the estimated model has fewer number of statistically

significant coefficients for the other X̃ variables, as well as a slightly lower in-sample R2 value

(from 0.51 to 0.41), our core results remain unchanged. We find a positive and significant

relationship between FDI and GDP growth rates, and a negative and significant relationship

between corruption and the FDI-growth relationship for a large subset of observations in our

sample.

To address any endogeneity brought on by serial correlation within the regressors for any

of the X̃ regressors (including FDI), we re-estimate our fully-specified NPGMM model using

two non-overlapping, aggregated panel data sets. The first aggregated panel uses observations

aggregated over 4-year intervals, and the second aggregates observations over 3-year intervals.14

In each case, we aggregate the data by taking the average of the annual observations over each

time-interval, and use the level of initial GDP at the beginning of each time interval to be our

measure of initial GDP. There are several advantages of using time-aggregated panels. One,

time-aggregation can substantially reduce serial correlation within regressors that may cause

correlation between the regressors and the error term. Two, time-aggregated panels can capture

more general movements in macroeconomic conditions by filtering out business cycle fluctuations

and minimizing attenuation bias from measurement error, which are usually prevalent in annual

data. The aggregation into a shorter panel reduces our number of observations to 300 and 360,

respectively, for the 4-year and 3-year models. In both models we find a positive and significant

relationship between FDI and GDP growth rates, as well as a negative effect of corruption on

the FDI-growth relationship. The results from the 3-year averaged panel are comparable to our

primary results, while the results from the 4-year averaged panel are slightly stronger than our

primary results. In the 4-year model, our goodness of fit measures are slightly stronger and

we obtain more statistically significant coefficients and partial effects for many variables in the

model. That these findings buttress our core results suggests that any serial correlation that

may be present within the regressors is not causing us to obtain inconsistent estimates in our

primary semiparametric models.

Although our instrumental variable for FDI, lagged FDI, provides favorable results, this

internal instrument may not be fully valid. To assess whether our core results are influenced

by invalid instrument, we estimate our fully-specified NPGMM model using total world FDI

flows, total FDI flows to developing countries, ethnolinguistic fractionalization, latitude, log of

the fertility rate, and log of life expectancy as instruments for FDI. We find that FDI has a

generally positive and significant effect on growth rates using these alternative instrumental

variables, however the influence of corruption on the FDI-growth relationship is sensitive to our

choice of instrumental variable. In general, these models do not yield estimates for many non-

FDI coefficients or partial effects that are particularly intuitive in terms of sign, significance,

and magnitude. Additionally, our goodness of fit measures are very low for each of these models.

14For the 4-year panel, the last interval contains only 2 years.
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Hence, like Durham (2004), our evidence strongly suggests that these alternative instrumental

variables are invalid, and that lagged FDI provides the most reliable set of results.

So far, we have only considered one measure of corruption, and have ignored any potential

endogeneity with this variable. To address this concern, we consider the ICRG index for 1984 in

lieu of our primary (time-varying) corruption index. Given that the initial year of our time span

is 1985, the 1984 measure of corruption seems more credibly exogenous, at least in theory, than

the other (time-varying) measure. We find that our core result that FDI improves growth rates

holds intact against this alternative measure of corruption. However, in this model we find that

the partial effect of corruption on the FDI coefficient is generally positive and significant, or that

corruption increases the effectiveness of FDI on growth rates. These results suggest that our

baseline time-varying measure of corruption is more reliable, and any finite sample bias arising

from any potential endogeneity of corruption is not large enough to influence our core results

and their implied policy prescriptions.

Turning now to our second concern, we add two different variables to our set of environ-

mental factors, namely the fertility rate (total births per woman) and an index of democracy.

Democratic economies can better guarantee and protect property and contract rights than auto-

cratic economies, and North (1990) argues that secure property rights are crucial for economic

growth. Furthermore, Barro (1996) finds a heterogeneous democracy-growth relation in which

more democracy is growth-enhancing at low levels of democracy but is growth-deterring at high

levels of democracy. Khan (1996), however, argues that some economies can realize positive

growth in a very corrupt bureaucratic environment if the provision of public goods is highly

centralized. An autocratic government can better structure the corruption of its public officials

to prevent a system with multiple competing bureaucracies providing complementary public

goods, which can erode economic growth. High fertility rates can reduce investments in health

and human capital, which in the long-run can result in reduced physical work capacity in the

labor force. Thus, democracy and the fertility rate may affect the efficacy of FDI to promote

growth, and may also be directly related to economic growth. We therefore include fertility rate

and an index of democracy to control for unobserved environmental factors that may cause het-

erogeneity in the FDI-growth relationship but are omitted from our initial list of environmental

variables. We find that including either variable does not alter the conclusions drawn from our

core results; that is, there exists heterogeneity in the relationship between FDI and growth, and

corruption reduces the effect of FDI on growth. However, after including the fertility rate as an

additional environmental variable, the total effect of corruption on growth is largely negative and

significant for many non-OECD countries. This latter result suggests that in many non-OECD

countries, the parameter heterogeneities between growth and the other determinants are jointly

influenced by fertility rate and corruption. That is, the total effect of corruption on growth may

be dependent on other institutional factors. In essence, this result highlights the complexity of

the corruption-growth nexus. We, however, defer further analysis of this interesting empirical

finding for future research.
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6 Conclusion

In this paper we present a generalized empirical growth model that concurrently allows (a) for

parameter heterogeneity within the FDI-growth relationship, as well as between the growth rate

and all other conditioning variables, by allowing the coefficients to be functions of corruption, and

(b) each of the conditioning variables to be endogenous. Since our generalized model does not

require a priori specification of the functional form of the regression coefficient functions, we are

able to avoid any potential pitfalls associated with misspecification of the functional form of the

coefficients. The advantage of such a generalization is that it allows us to analyze heterogeneity

within the corruption-FDI-growth nexus and address many of the concerns discussed by Durlauf

(2001), in a unified framework.

In general, our empirical results are consistent with previous research that identifies an

average positive and significant relationship between FDI and growth. However, our generalized

model also identifies substantial nonlinear heterogeneity within the FDI-growth relationship.

Specifically, we show that heterogeneity exists between FDI and growth, at least in part, from

corruption and unobserved country- and time-specific factors. We find strong evidence that FDI

has a positive and significant influence on growth rates for about 57 percent of these countries; for

this subset of non-OECD countries, a 10 percent increase in net FDI inflows to GDP is associated

with an increase in the range of 0.11 percent to 4.32 percent of the economic growth rate. Our

estimates show that corruption significantly reduces the effectiveness of FDI on growth for about

70 percent of non-OECD countries; for this subset of non-OECD countries, a 1 point increase in

the level of corruption induces a reduction that ranges from 0.07 percent to 5.91 percent in the

returns to FDI. Corruption has no effect on the remaining 30 percent of non-OECD countries.

Our empirical evidence strongly suggests that the returns to FDI is a main channel through

which corruption reduces economic growth. When considering the total effect of corruption

on growth rates (i.e., the sum of the indirect effects of corruption on all of the coefficients

in the model), we find some evidence that corruption has a positive effect on growth rates in

approximately 30 percent of these countries, a negative effect on growth in 11 percent of the

countries but is insignificant for the remaining 59 percent of the countries in our sample. These

total corruption effects, however, appear to be dependent on other measures of institutions such

as fertility rate.

One of the advantages of allowing for heterogeneous parameter estimates (e.g., observation

specific parameters), is that we can analyze country-specific estimates over time. By doing so

we can obtain insights into the effectiveness of FDI at improving growth rates on a country-

specific basis, and determine how the level of corruption within each country influences the

FDI-growth relationship. We find that many countries with the highest returns to FDI also

have low or insignificant returns to a reduction in corruption, however many countries with low

or insignificant returns to FDI have the largest returns to a reduction in corruption. That is,

our results suggest that many countries in which FDI does not (substantially) improve growth

rates may realize larger benefits from FDI if the level of corruption was to decrease.

The policy implications that arise from our results are straightforward. International invest-

ment policies should first be tailored to each individual country, and not based on general policies

aimed at any particular groups or regions of countries, and second should carefully account for
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the level of corruption within the country. International FDI policies may be more useful to

many developing countries if they contain stipulations requiring a host country to lower its level

of corruption in order to maximize the effectiveness of foreign investments at improving growth

rates.
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Table 1: Sample of recent literature investigating the effect of foreign direct investment on economic growth with macro level data.

Paper Sample Econometric Setup FDI Measure Instrumental Variable Conclusions

Blomstrom et al.

(1992)
78 developing countries
(1960-1985)

Cross-section; OLS FDI/GDP from IMF No instruments FDI significant; FDI has largest effect with higher in-
comes; no endogeneity problem

De Gregorio (1992) 12 Latin American
countries (1950-1985)

Panel data; OLS FDI/GDP from IMF Total FDI to Latin Amer-
ica

FDI positive and significant; FDI more significant than
domestic investment; no endogeneity bias

Balasubramanyam et

al. (1996)
46 developing countries
(1970-1985)

Cross-section; OLS;
2SLS

FDI/GDP from United
Nations

Predetermined variables in
system of equations

FDI positive and significant

Borensztein et al.

(1998)
69 developing countries
(1970-1989)

Panel data; OLS;
2SLS; 3SLS

FDI inflows to developing
countries from OECD na-
tions from IMF

Lagged FDI; log GDP; log
of area; East/South Asia
dummies; institutions

FDI significant with human capital threshold; results
are consistent across different instrumental variables

de Mello (1999) 32 countries (1970-
1990)

Time series tests;
Panel data; FE

FDI inflows from IMF Lagged FDI; share of GDP
to USA GDP

FDI and domestic investment are complimentary; het-
erogeneity induced by institutions

Xu (2000) 40 countries (1966-
1994)

Panel data; 2SLS Technology transfer survey
data from U.S. Dept. of
Commerce

Lagged technology trans-
fers

FDI significant in countries with threshold level of cap-
ital

Zhang (2001) East Asia and Latin
America

Time series tests FDI stock from UNCTAD,
IMF and World Bank

Lagged FDI Granger causality of FDI is uncertain; stronger FDI
effect in East Asia

Bengoa and Sanchez-
Robles (2003)

18 Latin American
countries

Panel data; FE; RE FDI/GDP from IMF No instruments FDI is positive and significant

Choe (2003) 80 countries (1971-
1995)

Panel vector auto re-
gression

FDI inflows to GDP from
World Bank

Lagged FDI FDI does not Granger causes growth after removing
outliers

Hermes and Lensink
(2003)

67 developing countries
(1970-1995)

Cross-section; Panel;
OLS; FE; RE

Gross FDI/GDP from
World Bank

No instruments FDI significant with developed financial institutions

Alfaro et al. (2004) 71 countries (1975-
1995)

Cross-section; OLS FDI/GDP from IMF Lagged FDI; exchange rate FDI is significant with developed financial markets;
interaction between FDI and institutions

Durham (2004) 80 countries (1979-
1998)

Panel data; Extreme
Bounds Analysis

FDI data from OECD, IFS,
and TIC

Lagged FDI; dummy for
British legal origin

FDI effect is not robust; FDI interactions with finan-
cial or institutional development; alternative IV’s not
reliable

Carkovic and Levine
(2005)

72 countries (1960-
1995)

Panel data; GMM Gross FDI/GDP from IMF Lagged FDI; lagged differ-
ences in FDI

FDI is insignificant

Li and Liu (2005) 84 countries (1970-
1999)

Panel data; 3SLS FDI/GDP from United
Nations

No instruments FDI is significant; FDI has significant interactions with
schooling and technology

Kottaridi and Stengos
(2010)

46 countries (1970-
2004)

Semiparametric partial
linear model

FDI decomposition from
UNTAD

Lagged FDI FDI significant with threshold income levels; nonlin-
earities in FDI/growth relationship
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Table 2: Summary of results from the parametric and semiparametric regression models.

Variable OLS Models 2SLS Models SPSCM NPGMM

(1) (2) (3) (4) (5) (6) (7) (8) (9) (10)

Intercept -0.0846 -0.0971 0.5700 -0.0855 -0.0984 0.5618 0.0064 0.0701 0.0051 0.0789

0.0156 0.0167 0.0980 0.0156 0.0168 0.0979 0.0017 0.0182 0.0022 0.0185
FDI 0.3013 0.3050 0.0980 0.6152 0.6062 0.4608 0.3733 0.2518 0.5028 0.4623

0.0827 0.0826 0.0839 0.1811 0.1806 0.1997 0.0435 0.0473 0.0862 0.0802
Corruption 0.0131 0.0176 0.0136 0.0185 0.0137 0.0108 0.0129 0.0112

0.0063 0.0061 0.0064 0.0061 0.0051 0.0039 0.0077 0.0040
Initial Income -0.1041 -0.0998 -0.0098 -0.0108

0.0127 0.0128 0.0024 0.0024
Openness -0.0170 -0.0242 -0.0129 -0.0199

0.0123 0.0128 0.0034 0.0041
Government Consumption 0.0814 0.0595 0.0105 0.0097

0.0504 0.0515 0.0109 0.0198
Domestic Investment 0.3589 0.3009 0.1859 0.1799

0.0523 0.0597 0.0234 0.0235
Inflation Rate -0.0004 -0.0002 -0.0013 -0.0012

0.0003 0.0003 0.0003 0.0003

In-Sample R2 0.1866 0.1900 0.2733 0.1852 0.1881 0.2761 0.5108 0.5319 0.4749 0.5095
Out-of-Sample R2 0.0861 0.0879 0.1286 0.0847 0.0860 0.1211 0.1819 0.1655 0.1838 0.1654
Out-of-Sample ASPE 0.0038 0.0038 0.2959 0.0038 0.0038 0.1753 0.0032 0.0034 0.0033 0.0034

1. Dependent variable in each regression is the growth rate of GDP per capita.
2. All OLS and 2SLS models include dummy variables to control for country and time fixed effects; all semiparametric models allow
coefficients to vary with respect to corruption and country and time fixed effects.
3. Semiparametric models report mean coefficients and standard errors.
4. OLS and SPSCM models do not control for endogeneity of FDI.
5. First stage 2SLS models regress FDI on lagged FDI, exogenous variables, and country and year dummy variables.
6. The effects of corruption on GDP growth reported in both the SPSCM and NPGMM models is the total effect of corruption as defined
in Section 2.1.
7. Statistically significant coefficients (at the 5% level) are highlighted in bold.
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Table 3: Summary of the effect of corruption on the coefficients in the
semiparametric models.

Variable SPSCM NPGMM

(1) (2) (3) (4)

Intercept 0.0216 0.1699 0.0276 0.1425

0.0058 0.0491 0.0063 0.0489
FDI -0.4051 -0.5171 -0.7618 -1.0007

0.1187 0.1299 0.1687 0.2164
Initial Income -0.0199 -0.0162

0.0068 0.0067
Openness -0.0060 0.0120

0.0102 0.0126
Government Consumption 0.0064 -0.0050

0.0465 0.0472
Domestic Investment 0.1109 0.0841

0.0523 0.0507
Inflation Rate -0.0001 -0.0002

0.0004 0.0004

1. Table reports mean partial effects and standard errors of corruption
on each of the conditioning coefficients.
2. Statistically significant partial effects (at the 5% level) are high-
lighted in bold.
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Table 4: Countries grouped according to FDI returns.

Insignificant Positive and Significant

1st 2nd 3rd 4th

Angola Chile⋆ Dominican Republic Bulgaria Albania
Bangladesh Mexico Ecuador Chile⋆ Argentina
Bolivia Peru Morocco⋆ Jordan Brazil
Botswana Senegal⋆ Sri Lanka⋆ Kenya Burkina Faso
Cameroon Sri Lanka⋆ Thailand Malaysia China
Chile⋆ Tunisia⋆ Tunisia⋆ Mozambique⋆ Costa Rica
Colombia Vietnam Senegal⋆ Madagascar
Egypt Trinidad & Tobago Malawi
El Salvador Mongolia
Ethiopia Nicaragua
Ghana Poland
Guatemala South Africa
Haiti Tanzania⋆

Honduras
Hungary
India
Indonesia
Jamaica
Morocco⋆

Mozambique⋆

Nigeria
Pakistan
Panama
Paraguay
Philippines
Romania
Singapore
South Korea
Sri Lanka⋆

Tanzania⋆

Tunisia⋆

Uganda
Uruguay
Venezuela
Zambia
Zimbabwe

1. Countries are grouped by modal appearance across categories.
2. 1st, 2nd, 3rd, and 4th denote the relative quantiles for the positive and significant
coefficients.
3. Countries with ⋆ are listed more than once.
4. The smallest positive and significant coefficient is 0.11, and the largest positive and
significant coefficient is 4.32. The quartile values are 0.39, 0.62, and 0.89, respectively,
for the 25th, 50th, and 75th percentiles.
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Table 5: Countries grouped according to corruption returns.

Insignificant Negative and Significant

1st 2nd 3rd 4th

Angola Bulgaria Burkina Faso Bolivia Albania
Botswana Cameroon Ghana Brazil Argentina
Chile Costa Rica Madagascar China⋆ Bangladesh
China⋆ Ecuador Nicaragua Colombia Dominican Republic
Egypt Malawi Poland Kenya El Salvador
Ethiopia Mongolia⋆ Tanzania Mexico Guatemala
Honduras Mozambique⋆ Trinidad & Tobago⋆ Morocco Haiti
Hungary Peru⋆ Tunisia Peru⋆ India
Indonesia Romania⋆ Senegal Jamaica
Jordan South Korea Trinidad & Tobago⋆ Nigeria
Malaysia Uruguay Pakistan
Mongolia⋆ Venezuela Paraguay
Mozambique⋆ Romania⋆

Panama Uganda
Philippines Vietnam
Singapore Zimbabwe
South Africa
Sri Lanka
Thailand
Zambia

1. Countries are grouped by modal appearance across categories.
2. 1st, 2nd, 3rd, and 4th denote the relative quantiles for each of the negative and significant
coefficients.
3. Countries with ⋆ are listed more than once.
4. The largest negative and significant partial effect is -5.91, and the smallest negative and
significant partial effect is -0.07. The quartile values are -0.79, -1.30, and -1.62, respectively, for
the 25th, 50th, and 75th percentiles.
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Figure 1: 45 degree gradient plot of the effect of FDI on growth (the FDI coefficient) for each
of the four semiparametric models in Table 2.
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Figure 2: 45 degree gradient plot of the effect of corruption on the FDI coefficients for each of
the four semiparametric models in Table 2.
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Figure 3: 45 degree gradient plot of the total effect of corruption on growth for each of the four
semiparametric models in Table 2.
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