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Abstract
This study examines how the spatial distribution of foreign direct investment (FDI) affects productivity growth in less developed regions of China. A systematic theoretical framework is set up
concerning the potential effects of FDI capital via different channels. Following the theoretical
framework, this study presents empirical evidence showing that FDI spillovers from the developed regions play a crucial role in enhancing productivity growth in the less developed regions.
Empirical results also show that local FDI spillovers in less developed regions promote local
productivity growth. In addition, FDI spillovers from less developed regions are not shown to have
a significant effect on productivity growth in other less developed regions.

Keywords
Foreign Direct Investment, Productivity, Convergence, Spillover Effect

1. Introduction
Many developing countries exhibit continued enthusiasm for attracting foreign direct investment (FDI) from
abroad. For China, the spectacular economic take-off is closely dependent on the country’s opening up and increasing inflows of FDI. Before 1978, there were virtually no foreign-owned firms operating in China. In 1978
China initiated its economic reform and embraced the open-door policy, and since then the country has received
large inflows of FDI, shifting from restrictive policies to permissive policies in the early 1980s, then to policies
encouraging FDI in general in the mid-1980s, and to policies encouraging more high-tech and more capital-intensive FDI projects in the mid-1990s [1].
The take-off of FDI inflows in China occurred in 1993, since when China has the largest amount of FDI inHow to cite this paper: Jiang, Y.Q. (2014) Spatial Distribution of Foreign Direct Investment and Productivity Growth in Less
Developed Regions of China. American Journal of Industrial and Business Management, 4, 644-656.
http://dx.doi.org/10.4236/ajibm.2014.411070
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flows among the developing countries. By 2004, China had accumulated 500 billion US dollars in FDI inflows,
which largely occurred via solely foreign-owned enterprises, joint ventures, and cooperative enterprises. However, FDI inflows in China are highly unevenly distributed across different regions [2] [3]. One prominent feature of FDI spatial distribution is that the coastal regions have by far the larger share of total FDI, compared with
China’s interior regions [4]. This broad spatial pattern of FDI distribution has remained fairly stable over time,
with the share of the coastal regions being as large as 85 percent.
China’s remarkably high growth rates since the 1980s and the huge influx of FDI has stimulated a lot of discussion in recent literature. Many studies have highlighted the role of FDI in promoting China’s economic
growth. However, while there has been an increasing body of literature, systematic treatments of the effects of
FDI on China’s development are quite limited. Specifically, few studies have been devoted to analyzing the spatial spillover effects of FDI on China’s regional development and interregional inequality [5]-[7]. Analysis of
the spatial pattern of FDI spillover effects contributes to a more comprehensive understanding of the role of FDI
in China’s growth and development. For a big developing country like China, it is important to determine whether the spatial distribution of FDI follows a substitution or a complementary pattern across different regions.
While striking a balance between fast growth and inequality reduction is crucial for policy stability, the desirability of a liberal FDI policy hinges on the spatial pattern of the spillover effects of concentrated FDI on FDIscarce regions Therefore, analysis of the spatial pattern of FDI spillover effects improves our understanding of
the tension between reduction of interregional inequality and overall economic growth in China.
To close a gap in the literature, in the present study we investigate how the spatial distribution of FDI affects
productivity growth in less developed regions of China. We set up a systematic theoretical framework to distinguish the potential effects of FDI through different channels. Under such a theoretical framework, empirical
work is then carried out. Among other findings, our results show that FDI spillovers from the relatively more
developed regions play an important role in promoting productivity growth in the less developed regions of
China.
This study is structured as follows. In Section 2, we provide a brief review of related literature. In Section 3,
we set up the theoretical framework and empirical model, on which our subsequent regression analysis will be
based. In Section 4, we discuss various issues concerning the sample, variables and data. In Section 5, we carry
out our regression analysis and present our estimation results. In Section 6, we discuss further issues and provide
robustness checks. Section 7 concludes.

2. Literature Review
Empirical studies so far, at either country or firm level, usually support the view that FDI promotes economic
growth by bring physical capital, advanced technology, as well as management expertise into the host country
[6]. A representative country-level study, [8], examines the impact of FDI on economic growth in a cross-country regression framework. The study shows that a strong positive interaction exists between FDI and human capital, while the same interaction is insignificant in the case of domestic investment. Thus according to [8], FDI
promotes economic growth only when the absorptive capacity of advanced technologies exceeds a certain threshold in the host economy. Likewise, another study, [9], when investigating how and to what extent knowledge
capital and technology spillovers contribute to regional growth in China, finds that human capital is an important
aspect of the capacity to absorb spillovers from FDI, and that the level of a region’s absorptive ability plays a
crucial role in absorbing external knowledge sources embodied in FDI and imports.
Micro-level mechanisms of the growth effects of FDI are the focus of firm-level studies. Some of such studies
often do not find a significant contribution of FDI to productivity growth of domestic firms in the same industry.
For example, [10] finds no evidence supporting the existence of technology spillovers from foreign firms to domestic ones. The study of [11] shows that FDI has the predicted positive impact on productivity growth in recipient firms, but the magnitude of the spillover effect is quite small. The study of [12], in contrast to earlier work,
finds that FDI leads to significant productivity gains in domestic firms. They provide a detailed account of why
their results are different from those found in previous work.
A considerable number of studies support the existence of backward and forward externalities, which occur as
foreign firms spread advanced technology via buying intermediate goods from upstream domestic suppliers or
selling intermediate goods to downstream domestic firms [6]. Representative studies include [13]-[15]. Focusing
on effects operating across industries, [13] presents evidence consistent with positive productivity spillovers
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from FDI taking place through interactions between foreign affiliates and local suppliers in upstream sectors.
The study of [14], by examining both technological and linkage externalities, shows that FDI substitutes within-sector domestic investment but complements the latter across sectors, and therefore, the net effect on aggregate capital formation by host-country producers hinges on the interaction between linkages and spillovers. The
study of [15], using a large panel of Chinese manufacturing firms, finds that FDI lowers the short-term productivity level but enhances long-term productivity growth in domestic firms of the same industry. The study also
finds that externalities through backward and forward linkages have similar effects on productivity in domestic
firms.
Some studies take account of the technology gap between domestic and foreign firms. Representative studies
include [16]-[20]. The study of [16] finds that the technology spillovers are not determined solely by foreign
presence, but rather by the interactions between foreign and domestic firms. The study of [17] shows how the
quality of technology transferred through FDI is linked, through the technology gap, to innovation and imitation
when the absorptive capacity of less developed countries is limited. The study of [18] finds that firms with low
productivity relative to the sector average, or in low-skill, low foreign competition sectors gain less through FDI
spillovers from foreign firms. The study of [19] shows evidence for a U-shaped relationship between domestic
productivity growth and FDI interacted with absorptive capacity. The study of [20], however, finds that there
exists a minimum absorptive capacity threshold level below which productivity spillovers from FDI are negligible or even negative.
Many studies focus on spatial spillover effects of FDI. The study of [21] finds that domestic firms gain from
the presence of foreign firms in the same sector and region, but “loose out” if the firms are located in a different
region but in the same sector. The study of [22] finds that FDI promotes the performance of private domestic
firms but not that of state-owned enterprises in China. The study of [23] examines whether state-owned enterprises in China have benefited from the technical and managerial skills possessed by multinational firms operating in the country, and find that the evidence for positive spillovers is not overwhelming.
However, regional FDI studies often show that within the host country, the spatial concentration of FDI may
aggravate unbalanced development, widening the income gap between developed and under-developed regions
[6]. For example, [24] finds that coastal development benefits in an unequal way to inland regions. The study of
[25] shows that the spatial pattern of FDI has a significant impact on the widening interregional income gap in
China. Similarly, [26] shows that even after netting out the effects of many other important factors, foreign trade
and FDI are still two important factors contributing to the widening interregional inequality in China. The study
of [27] investigate the location choices of foreign investors and find that the concentration of FDI in a few relatively developed regions may prevent the effects of FDI from spreading to the less developed regions of the host
country.

3. The Basic Model
Based on existing literature, our present study empirically examines the role of the interregional pattern of FDI
distribution in shaping productivity growth in less developed regions in China. Specifically, this study contributes to the literature by presenting empirical evidence supporting the existence of a significant spillover effect
of FDI inflows in the more developed coastal regions on productivity growth of the less developed non-coastal
regions in China.
In this section, we build our basic theoretical model, on which subsequent empirical analysis will be based.
We adopt a Cobb-Douglas aggregate production function of the form

Yi (t ) = Ai (t ) K i (t )α H i (t )1−α

(1)

where i indexes a less developed region (i.e. a non-coastal region) in China1. Yi is regional output, Ai is
the level of regional total factor productivity (TFP), K i is regional stock of physical capital (including domestic and foreign-invested physical capital together), and H i is our measure of regional human capital stock. Let
Li be the total number of regional workers and define per worker human capital stock as hi ≡ H i / Li . Equation (1) can then be written intensively as

y i (t ) = Ai (t )k i (t )α hi (t )1−α
1

In this study, a less developed region (province) in China refers to a non-coastal region (province) in China.
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for which we define yi ≡ Yi / Li and k i ≡ K i / Li as per worker output and per worker physical capital stock,
respectively. Equation (2) immediately leads to

ln yi (t ) = ln Ai (t ) + α ln k i (t ) + (1 − α ) ln hi (t )

(3)

By which we can calculate the level of regional TFP, Ai , as a residual once data on yi , ki and hi are
obtained.
We hypothesize that TFP growth in a less developed Chinese region is positively related to the size of the gap
between its actual TFP level and its potential (target) TFP level at any given point in time. Technically, we assume

d ln Ai (t )
= λ[ln Ai* (t ) − ln Ai (t )]
dt

(4)

where Ai ( t ) refers to the potential level of regional TFP at time t , and λ is the rate of convergence in regional TFP. To model the effects of FDI on regional productivity growth, we further assume that potential TFP
is governed by
∗

Ai* (t ) = X i f i (t ) π S i (t ) µ hi (t ) ω T (t )

(5)

where X i encompasses a set of time-invariant, region-specific factors affecting potential TFP in region i ,
f i (t ) measures the degree of direct exposure of region i to FDI at time t while S i (t ) measures the degree
of indirect exposure of region i to FDI at time t via other regions j in China ( j ∈ Z , where Z is some
subset of all the other Chinese regions, to be defined later), hi ( t ) measures regional per worker human capital
stock as defined earlier, and T ( t ) denotes the world frontier level of TFP, which is assumed to grow exogenously over time.
Plugging (5) into (4), we obtain

d ln Ai (t )
+ λ ln Ai (t ) =λ[ln X i + π ln f i (t ) + µ ln Si (t ) + ω ln hi (t ) + ln T (t )]
dt

(6)

Multiplying (6) throughout by eλt gives

∫

t2

t1

e λt [

t2
t2
d ln Ai (t )
+ λ ln Ai (t )]dt= ln X i ∫ λ eλt dt + π ∫ λ eλt ln f i (t )dt
t1
t1
dt

t2

t2

t1

t1

(7)

+ µ ∫ λ eλt ln Si (t )dt +ω ∫ λ eλt ln hi (t )dt
t2

+ ∫ λ eλt ln T (t )dt
t1

Assuming f i (t ) , S i (t ) and hi (t ) remain constant within the small interval [t1 , t 2 ] , we perform the integration in (7) and multiply throughout by e − λt2 to obtain the following
ln=
Ai (t2 ) e − λτ ln Ai (t1 ) + π (1 − e − λτ ) ln f i (t1 ) + µ (1 − e − λτ ) ln Si (t1 )

(8)

t2

+ω (1 − e − λτ ) ln hi (t1 ) +(1 − e − λτ ) ln X i + e − λt2 ∫ λ eλt ln T (t )dt
t1

where τ ≡ t 2 − t1 . Rearranging (8) gives

ln Ai (t 2 ) − ln Ai (t1 ) = − ρ ln Ai (t1 ) + πρ ln f i (t1 ) + µρ ln S i (t1 )

+ ωρ ln hi (t1 ) + ρ ln X i +e − λt

2

∫

t2

t1

(9)

λ eλt ln T (t )dt

where ρ ≡ (1 − e − λτ ) . Using (3) above, (9) implies

ln yi (t 2 ) − ln yi (t1 ) = α [ln k i (t 2 ) − ln k i (t1 )] + (1 − α )[ln hi (t 2 ) − ln hi (t1 )]
− ρ ln yi (t1 ) + ρα ln k i (t1 ) + ρ (1 − α + ω ) ln hi (t1 )

(10)

t2

+πρ ln f i (t1 ) + µρ ln S i (t1 ) + ρ ln X i +e − λt2 ∫ λ eλt ln T (t )dt
t1

Equation (10) can be rewritten as a panel data regression specification in its conventional notations as follows
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∆ ln y it = α∆ ln k it + (1 − α )∆ ln hit − ρ ln y it + ρα ln k it + ρ (1 − α + ω ) ln hit

(11)

+πρ ln f it + µρ ln S it + xi + η t + ε it
where the sign ∆ is associated with the difference between the levels at the two time points t 2 and t1 . The
term containing the integral in (10) is now subsumed into the time intercept η t . The time-invariant term in (10)
is now written as the region heterogeneity xi . We add ε it to the equation as the zero-mean idiosyncratic error
term. Equation (11) constitutes the foundation for our empirical analysis in subsequent sections.

4. The Variables and Data
Our sample consists of 18 provincial-level non-coastal Chinese regions over the period 1997-2012. These noncoastal regions are Shanxi, Inner Mongolia, Jilin, Heilongjiang, Anhui, Jiangxi, Henan, Hubei, Hunan, Guangxi,
Sichuan, Guizhou, Yunnan, Shaanxi, Gansu, Qinghai, Ningxia and Xinjiang2. The coastal regions concerned in
this study (a possible choice of the set Z ) are 10 provincial-level coastal Chinese regions, which are Beijing,
Tianjin, Hebei, Liaoning, Shanghai, Jiangsu, Zhejiang, Fujian, Shandong and Guangdong3.
Before we obtain data on all the variables in (11), the two “FDI variables” in our regression specification, f it
and S it , should be properly defined. The direct exposure variable, f it , is defined in a quiet straightforward
way as follows

f it ≡

Fit
Yit

(12)

where the numerator Fit denotes the capital stock of FDI of region i at time t . The indirect exposure variable, S it , is defined in a more complicated way as follows
ln S it ≡


F jtφ 
ln wij ,t σ 

Yit 
j∈Z 

∑

(13)

where F jt denotes the capital stock of FDI in region j ( j ≠ i , j ∈ Z , where Z is to be defined later) at
time t . The wij ,t stands for nonnegative weights that are specified a priori. These weights measure the relative
importance of the regions j in the process of domestic spatial FDI spillovers for any non-coastal region i at
time t . Rearranging (13) directly leads to

ln S it =

∑ ln w

ij ,t

+φ

j∈Z

∑ lnF

jt

−σ

j∈Z

∑ lnY

(14)

it

j∈Z

Inserting (12) and (14) back into (11) yields

∆ ln y it = α∆ ln k it + (1 − α )∆ ln hit − ρ ln y it + ρα ln k it + ρ (1 − α + ω ) ln hit
+πρ ln( Fit / Yit ) + µρ

∑ ln w

ij ,t

j∈Z

+ µρφ

∑ ln F
j∈Z

jt

− µρσ

(15)

∑ ln Y

it

j∈Z

+ xi + η t + ε it
Which can be estimated using a nonlinear least squares method once data on the relevant variables are obtained.
We need to obtain data on the variables in (15), which are regional output Yit and regional per worker output yit , regional per worker physical capital stock k it , regional per worker human capital stock hit , and regional FDI capital stock Fit and F jt . Panels of the size of regional employment (i.e. the number of workers),
regional nominal Gross Regional Product (GRP) and GRP indices are directly available from the official publications of the National Bureau of Statistics of China, so that values of Yit (i.e. real GRP) and yit (i.e. real per
worker GRP) can be calculated. Data on domestic and foreign investments are also available from the various
official publications of the National Bureau of Statistics of China. However, these publications do not directly
record capital stock data. Therefore, we use the perpetual inventory method (PIM) to calculate the relevant le2

Owing to missing data, two inland regions, Tibet and Chongqing, are not included.
One coastal province, Hainan, is not included owing to missing data.

3
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vels of domestic and FDI capital stock. In doing so, we follow [28] and adopt a universal annual depreciation
rate of 9.6 percent for both domestic and FDI capital for all the regions throughout our sample period. By applying such a PIM procedure, data on k it , Fit and F jt can be obtained.
To get a feel of the spatial disparity in regional FDI capital stock, we present in Figure 1 the values of the
coefficient of variation of regional per worker FDI stock across the 28 inland and coastal regions over 19972012. A general trend of the interregional disparity in FDI stock is that the spatial disparity, as reflected by the
coefficient of variation, rises gradually during 1997-2001 and then declines steadily afterwards. Similarly, to see
how the spatial disparities in regional per worker output and physical capital stock change over the same period
of time, we present in Figure 2 the values of the coefficient of variation of the regional per worker output and
per worker physical capital stock across the 28 regions. We see that, just like the trend shown in Figure 1, the
coefficients of variation for both per worker output and per worker physical capital stock rise gradually during
1997-2001 and decline steadily during 2001-2012. In addition, during 2001-2012, the coefficient of variation for
per worker physical capital stock declines more sharply than that for per worker output.
Interregional disparity in per worker FDI capital stock levels
1.600

Coefficient of variation

1.550
1.500
1.450
1.400
1.350
1997 1998 1999 2000 2001 2002 2003 2004 2005 2006 2007 2008 2009 2010 2011 2012
Year

Figure 1. Interregional disparity in per worker FDI capital stock levels. The values of the coefficient of variation of regional per worker FDI capital stock across the 28 inland and coastal regions
over 1997-2012 are shown in the figure.
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Figure 2. Interregional disparity in per worker physical capital and output. The values of the coefficients of variation of regional per worker physical capital stock and per worker output across the
28 inland and coastal regions over 1997-2012 are shown in the figure.
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We follow the basic method of [29] in obtaining data on regional per worker human capital stock hit . We
assume that hit is related to educational attainment by the function ln hit = ψ ( Eit ) with ψ (0) = 0 , where
Eit is the average number of years of education attained by a worker in the regional labor force. The derivative
dψ ( Eit ) / dEit is the return to schooling estimated in a Mincerian wage regression [30], with the rate of return
being 13.4 percent, 10.1 percent and 6.8 percent respectively for schooling of the first four years, the second
four years, and that beyond the eighth year [31]. Therefore, with this evidence, we can calculate the values of
regional per worker human capital stock hit based on regional data on educational attainment, which are also
found in official publications of the National Bureau of Statistics of China. To get a feel of the spatial disparity
in regional per worker human capital stock, we present in Figure 3 the values of the coefficient of variation of
regional per worker human stock across the 28 inland and coastal regions over 1997-2012.
The weights wij ,t in (13)-(15) indicate the relative importance of the regions j in the process of domestic
interregional spillover of FDI for a less developed region i at time t . In this study, we use the values of a
domestic market integration index as the weights wij ,t . The idea behind constructing the index is that the dispersion (across goods) of price differentials of identical goods between two regions can be an inverse indicator
of the degree of market integration between the two regions [32]. To construct the market integration index by
this price-based method, we follow the method of [33] and let pitm and p mjt be the price of good m respectively in regions i and j at time t . Then we can define
 p mjt 
 pm 
Dijm,t ≡ ln mit  − ln m 
p

p

 i ,t −1 
 j ,t −1 

(16)

Which measures the difference in the percentage change of the price of good m between regions i and j
during the time interval (t − 1, t ) . The dispersion of Dijm,t across a chosen set of goods can be an inverse indicator of the degree of market integration between regions i and j at time t . We calculate the variance of
Dijm,t across all the chosen goods for each region pair (i, j ) at time t . Any specific weight wij ,t in (13) can
then be defined as

wij ,t ≡ [var(Dij ,t )]−1 / 2

(17)

where we denote the variance of Dijm,t as var(Dij ,t ) .
We need to choose a specific set of goods to construct (16) and (17). Considering data availability, the types
of goods we choose are: grain; oil and fat; meat, poultry and related processed products; eggs; fish and shellfish;
vegetables; fresh and dried fruit; tobacco; liquor; garments, clothing fabric; footwear and hats; durable consumer
goods; daily use household articles; and cosmetics.
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Coefficient of variation

0.105
0.100
0.095
0.090

19
97
19
98
19
99
20
00
20
01
20
02
20
03
20
04
20
05
20
06
20
07
20
08
20
09
20
10
20
11
20
12

0.085

Year

Figure 3. Interregional disparity in per worker human capital stock levels. The values of the
coefficient of variation of regional per worker human capital stock across the 28 inland and
coastal regions over 1997-2012 are shown in the figure.
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5. Empirical Results

To implement our econometric exercise based on (15), we divide our entire sample period 1997-2012 into five
three-year sub-periods, which are 1997-2000, 2000-2003, 2003-2006, 2006-2009 and 2009-2012, respectively.
Therefore in (15) the sign ∆ now pertains to a time interval of three years. For example, when t in yit indexes the calendar year 1997, ∆ ln y it then refers to growth during the time interval 1997-2000 (and so on). As
we divide the whole sample length into five sub-periods, the time intercept η t in (15) can then be practically
replaced by four time dummy variables (each for one sub-period) plus a common intercept in our regression exercise. In addition, to take account of the unobserved region heterogeneity xi in (15), we include the full set of
individual region dummies (i.e. 17 dummies for the 17 regions other than the arbitrarily chosen base region) in
our regression.
We apply a nonlinear least squares method to estimate the parameters α , ρ (hence λ ), π , µ , ω , φ
and σ in (15). The regression results are listed in Table 1. In this regression, we define that the set Z (the
regions j ) includes all the coastal and inland regions other than region i in China (27 regions altogether). In
Table 1, all of the estimated parameters have the expected positive sign and are significant (at the one-percent
level or at the usual five-percent level). The estimated coefficient on ∆ ln k it , i.e. the estimate of the output
elasticity of physical capital α , is 0.501. This estimate of α falls in the very vicinity of its traditionally accepted values in the case of China, which are exactly around 0.50 - 0.60. The estimated coefficient on ln yit ,
the parameter ρ , is 0.290, which is significantly lower than unity (so that e − λτ is properly defined, remembering ρ ≡ (1 − e − λτ ) ). The estimate implies that the annual convergence rate λ is estimated to be 0.114
(where ρ ≡ (1 − e − λτ ) , in which τ = 3 in the current case). This result shows that the non-coastal regions exhibit significant conditional convergence in regional productivity over the sample period. Conditional convergence
in TFP does not mean that all the regions concerned converge to a common TFP growth path, but that each region converges to its respective TFP growth path, which is captured by (5). Therefore, our result shows that each
non-coastal region converges to its own target TFP level at an annual rate of 11.4 percent.
The estimates of the parameters π , µ and ω , which are the elasticities of the potential TFP, Ai* (t ) , with
respect to f i (t ) , S i (t ) and hi (t ) , are 0.160, 0.053 and 0.217 respectively, all of which have the expected
positive sign and are significant. These results imply that FDI contributes to regional output through three distinct channels. One channel is that FDI capital stock affects regional output as a direct, accumulable factor of
production. In our current study, FDI capital is included as part of K i (t ) in the production function in (1).
Therefore, FDI contributes to regional output growth as an accumulable production input through the “ ln k it ”
and “ ∆ ln k it ” terms in our regression model in (15). The second channel is that, besides the direct, static effect
of local FDI as an accumulable production input, local FDI also exerts a spillover effect on regional TFP growth
(by affecting the potential level of regional TFP as indicated by (5)). This spillover effect of local FDI is captured by the “ f i (t ) ” term in (5) and the “ ln f it ” term in (11). Our results (i.e. the estimated magnitudes of ρ
and π ) in Table 1 show that the spillover effect of an increase in local FDI capital stock by, say, 10 percent
Table 1. Estimated parameters based on Equation (15). (Regions j are 27 coastal and inland regions in China).
Parameter

Estimate

Std. Err.

p-value

[95% Conf. Interval]

α

0.501

0.119

0.000

0.267

0.736

ρ

0.290

0.071

0.000

0.150

0.430

π

0.160

0.067

0.019

0.027

0.293

µ

0.053

0.009

0.000

0.035

0.071

ω

0.217

0.058

0.000

0.102

0.331

ϕ

0.535

0.260

0.043

0.020

1.050

σ

1.593

0.211

0.000

1.172

2.014

Implied λ : 0.114
The sample includes 18 non-coastal province-level regions in China. The sample period is 1997-2012, divided into five equal-length sub-periods. The
number of observations is 90. To save space, the estimated intercepts, i.e. the common intercept, the coefficients on the time dummies, and the coefficients on the region dummies, are not reported in the table.
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would induce a faster local productivity growth by about 0.46 percentage points over a three-year interval, ceteris paribus (see (15)). Third, besides the two channels above, FDI in other regions (the regions j ) also exerts a
spatial spillover effect on regional TFP growth of a non-coastal region (also by affecting the potential level of
regional TFP as indicated by (5)). This interregional spillover effect of FDI is captured in the “ S i (t ) ” term in (5)
and the “ ln S it ” term in (11). Our regression exercise thus provides a decomposition of the three channels of effects of FDI on output growth in non-coastal regions in China.
From these results, we can also see that human capital contributes to regional output through two different
channels. One is that human capital affects output directly as an accumulable factor of production. This direct,
static effect of human capital can be seen from the production function in (1) or its intensive form in (2). The
other effect of human capital, which is an indirect, dynamic effect on output growth, is realized through its impact on regional TFP growth (as captured by (4) and (5) combined). According to our regression results, a 10
percent increase in the initial level of regional per worker human capital would lead to an instantaneous increase
in regional per worker output of 4.99 percent (see (2)). However, combining (2) and (5), we see that in the long
run, after the indirect, dynamic effect of a 10 percent one-time shock in regional per worker human capital has
fully exhibited itself, regional per worker output would then increase by a total of 7.16 percent, which is larger
than the static, an instantaneous increase in regional per worker output of 4.99 percent mentioned above.
The estimates of the parameters φ and σ also have the expected positive sign and are significant. The estimated magnitude of the former, combined with those of µ and ρ , shows that higher FDI capital stock levels in all the regions j (27 regions in the current case), say, by 10 percent, would, ceteris paribus, lead to
faster growth of per worker output of an inland region (over a three-year interval) by about 2.2 percentage points
(see (15)).
The regression in Table 1 shows that the interregional spillover effect of FDI is an important channel through
which the overall spatial distribution of FDI inflows in China affects productivity growth in the less developed
regions of China. In order to further investigate the spatial characteristics of the interregional FDI spillover effect, we rerun regressions according to (15), redefining the set of spillover source regions, i.e. the set Z of all
the regions j . By comparing estimation results obtained from variant regressions based on differentially defined sets of spillover source regions, we can hope to find out some important characteristics of the spatial pattern of the interregional FDI spillover effect on productivity growth in the less developed regions.
The results of our second regression, which is also run based on (15), are contained in Table 2. In this regression, we define that the set Z (the spillover source regions j ) includes only the coastal regions (10 of them
altogether). In Table 2, again, all of the estimated parameters have the expected positive sign and are significant.
The estimate of α , which is 0.482, is lower than that in Table 1, but is still very close to its empirically accepted values in the case of China. The estimate of ρ is 0.316, a bit higher than that in Table 1, resulting in a
slightly higher implied value of the annual convergence rate λ , which is now 0.127. The estimates of π , µ
and ω are 0.181, 0.064 and 0.223, all of which are slightly higher than those in Table 1, respectively. For φ
and σ , the estimates are fairly close to their previous estimates in Table 1 too. The estimated magnitudes of
Table 2. Estimated parameters based on Equation (15). (Regions j are 10 coastal regions in China).
Parameter

Estimate

Std. Err.

p-value

[95% Conf. Interval]

α

0.482

0.114

0.000

0.254

0.709

ρ

0.316

0.078

0.000

0.162

0.470

π

0.181

0.073

0.015

0.036

0.326

µ

0.064

0.011

0.000

0.043

0.086

ω

0.223

0.060

0.000

0.103

0.343

ϕ

0.557

0.274

0.046

0.011

1.103

σ

1.388

0.188

0.000

1.014

1.762

Implied λ : 0.127
The sample includes 18 non-coastal province-level regions in China. The sample period is 1997-2012, divided into five equal-length sub-periods. The
number of observations is 90. To save space, the estimated intercepts, i.e. the common intercept, the coefficients on the time dummies, and the coefficients on the region dummies, are not reported in the table.
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ρ and π in Table 2 show that the spillover effect of an increase in local FDI capital stock by 10 percent
would induce a faster local productivity growth by about 0.57 percentage points over a three-year interval, ceteris paribus (see (15) again). The estimated magnitudes of µ , ρ and φ together suggests that higher FDI
capital stock levels in all the regions j (10 coastal regions now) by 10 percent would, holding other factors
constant, lead to faster growth of per worker output of an inland region (over a three-year interval) by about 1.15
percentage points. In sum, none of the results presented by Table 2 and their implications are significantly different from those given by Table 1.
The results of our third regression based on (15) are summarized in Table 3. In this third regression, the spillover source regions (i.e. the set Z ) are defined, instead, as all the other non-coastal regions in China (17 regions altogether). In Table 3, all the estimates of the parameters have the expected positive sign and most of
them are significant. The estimate of α is 0.514, very close to those values estimated from the previous two
regressions. The estimate of ρ is 0.285, which is only slightly lower than those in Table 1 and Table 2, resulting in an implied annual rate of convergence of 0.112. The estimates of π , µ and ω are 0.177, 0.024
and 0.209, of which the estimate of µ is much lower than those in Table 1 and Table 2, and is not significantly greater than zero at the usual five-percent significance level. The estimates of φ and σ are not far
from those in Table 1 and Table 2, but that of φ is not significantly positive at the five-percent level. Different
from the earlier regressions, this regression does not produce significantly positive estimates of µ and φ ,
both of which are associated with the interregional spillover effect of FDI.
In sum, seen from the results of the three regressions in Tables 1-3, which use differentially defined sets of
the spillover source regions j , one important characteristic of the spatial pattern of the interregional FDI spillover effect in China is that FDI capital in the coastal regions exerts a significant spillover effect on productivity
growth of the interior regions, but FDI capital in other interior regions does not show a significant spillover effect on productivity growth of any interior region.

6. Robustness Checks
The regression exercise in the preceding section is critically dependent on the nonlinear least squares method we
have used, which is in turn applied based on the regression specification in (15). We are interested in seeing
whether alternative regression methods would lead to essentially the same empirical results as those obtained
above. Following the nonlinear least squares method, the three regressions in Tables 1-3 generate estimates of
the output elasticity of physical capital α that are very close to its empirically accepted values (around 0.50)
for China. Therefore, we can now assume α = 0.50 a priori, and estimate the parameters involved in our model
by applying various regression methods based on the following the specification

∆ ln Ait = − ρ ln Ait + ρω ln hit +πρ ln( Fit / Yit ) + µρ

+ µρφ

∑ ln F

jt

− µρσ

j∈Z

∑ ln Y

∑ ln w

(18)

ij ,t

j∈Z

it

+ xi + η t + ε it

j∈Z

Table 3. Estimated parameters based on Equation (15). (Regions j are 17 inland regions in China).
Parameter

Estimate

Std. Err.

p-value

[95% Conf. Interval]

α

0.514

0.115

0.000

0.285

0.743

ρ

0.285

0.073

0.000

0.140

0.430

π

0.177

0.068

0.011

0.041

0.313

µ

0.024

0.012

0.058

–0.001

0.048

ω

0.209

0.055

0.000

0.100

0.318

ϕ

0.483

0.244

0.051

–0.002

0.968

σ

1.646

0.213

0.000

1.222

2.070

Implied λ : 0.112
The sample includes 18 non-coastal province-level regions in China. The sample period is 1997-2012, divided into five equal-length sub-periods. The
number of observations is 90. To save space, the estimated intercepts, i.e. the common intercept, the coefficients on the time dummies, and the coefficients on the region dummies, are not reported in the table.
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Which is derived directly from (15) by applying (3), where the values of TFP are calculated as a residual assuming α = 0.50 a priori.
To check the robustness of our earlier empirical results, we run regressions based on (18) and compare the
new results with our earlier ones. We perform a least squares dummy variables (LSDV) method to estimate the
parameters according to (18). The LSDV regressions produce results that are fairly close to those summarized in
Tables 1-3. Next, we shift the assumed value of α from α = 0.50 to α = 0.45 and α = 0.55 (respectively)
to see whether such a shift leads to regression results that are significantly different from our prior ones. By following the same LSDV procedure, we find that these changes in the assumed value of α do not alter our prior
empirical results in any significant ways. Further, we apply an alternative regression method, which is an extended GMM procedure proposed by [34], to see whether it generates results that deviates significantly from
those obtained from the LSDV method used above. It turns out that the GMM regressions do not produce very
precise estimates of the parameters. Many of the estimates are statistically insignificant, though most of them
have the expected positive sign4.
One issue our models in (15) and (18) leave out is the potential interaction between FDI and human capital.
The effects of FDI (local or in other regions) on local productivity growth may well be dependent on the level of
local (per worker) human capital. To check the existence of the interactive effects of FDI and human capital, we
run regressions based on the following specification

∆ ln Ait = β1 ln Ait + β 2 ln f it + β 3 ln S it + β 4 ln hit + β 5 ln Ait ln hit
+ β 6 ln f it ln hit + β 7 ln f it ln hit + xi + η t + ε it

(19)

in which the variable f it is constructed according to (12), S it is constructed according to (13) with the estimated values of φ and σ in Table 2 inserted, and the values of Ait are calculated in the same way as above
assuming α = 0.50 . To take account of the potential interactive effects, we include various interaction terms
associated with human capital in (19). LSDV and GMM regressions are run based on (19). Our results show that
the effects of the interaction terms are insignificant, either separately or jointly. This finding supports the appropriateness of our regression specifications in (15) and (18).
Another issue with our models in (15) and (18) is that the models do not explicitly consider regional institutional environment as a potential factor affecting regional productivity growth (and therefore do not explicitly
include it as a control variable in the specifications). This regional institutional environment may include factors
such as preferential policies from the central government, regulations of the local governments, and access to
financial institutions, all of which are likely to influence local productivity growth. The time-constant region
heterogeneity term xi in (15) and (18) captures only “permanent” regional features; it does not capture
time-variant factors that constitute the changing regional institutional environment. We are thus interested in
seeing whether our empirical results are sensitive to the inclusion of time-varying institutional factors in our regression model. Owing to the lack of direct measures, we use the relative size of the non-state-owned sector (in
terms of both the labor share and the investment share) as a proxy variable for institution quality, hoping that
this measure is able to reflect the level of flexibility of government policy and accessibility to financial institutions in any certain region5. It turns out that the inclusion of the institution quality variable does not significantly
affect our prior regression results.

7. Concluding Remarks
Analysis of the spatial pattern of FDI spillover effects provides a better understanding of the role of FDI in China’s growth and development. Specifically, it is important to see whether the spatial distribution of FDI follows
a substitution or a complementary pattern across different Chinese regions. The desirability of a liberal FDI policy is dependent on the spatial pattern of the spillover effects of concentrated FDI on FDI-scarce regions.
Therefore, analysis of the spatial pattern of FDI spillover effects improves our understanding of the tension between reduction of interregional inequality and overall economic growth in China.
This study investigates how the spatial distribution of FDI affects productivity growth in less developed regions of China. In this study, we set up a systematic theoretical framework concerning the potential effects of
4

Different variants of the GMM regressions are tried, depending on differently assumed endogeneity status of the explanatory variables.
Data needed for computing the relative size of the non-state-owned sector can be found in official publications of the National Bureau of
Statistics of China.
5
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FDI through different channels. Under such a theoretical framework, relevant empirical work is then carried out.
The major contributions of this study are threefold. First, this study fills a lacuna in the literature by providing
empirical evidence showing that the FDI spillover effect of the relatively more developed coastal regions plays a
critical role in promoting productivity growth in the less developed interior regions of China. Our regression results suggest that, over a three-year interval, a 10-percent increase in FDI capital levels in the coastal regions
would accelerate productivity growth in the interior regions by about 1.15 percentage points. Second, empirical
results of this study confirm that local FDI inflows in less developed regions facilitate local productivity growth.
It is estimated (in Table 2) that the spillover effect of an increase in local FDI capital stock by 10 percent would
accelerate local productivity growth by about 0.57 percentage points over a three-year interval, ceteris paribus.
Third, our empirical results show that FDI capital located in any less developed region does not produce a significant spillover effect on productivity growth in other less developed regions in China.
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