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Abstract

This paper explores the interaction between Chinese electronic firms’ total
factor productivity (TFP) and their export strategies, revealing there is a
causal relationship between exporting and productivity growth. Based on the
data of Chinese electronics firms in the period from 2005 to 2007, TFPs are
estimated by a productivity estimator following Levinsohn-Petrin method.
With propensity score matching, significant evidence which shows the mu-
tual causal effect of firms’ export activities and TFP growth can be found,
supporting the trade models with firm heterogeneity by Chinese case.
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1. Introduction

In recent years, firms draw great attention for the role in international trade.
New Trade Theory, represented by Paul Krugman, has been adopted to treat the
homogeneity between firms. In the middle of the 1990s, Bernard and Jensen
suggested it is firms heterogeneity that determines an enterprise exports or not
by comparing the firm-level data of exporters and non-exporters. Particularly,
productivity diversity links strongly to firm heterogeneity. Thus, the interaction
between productivity and export behavior plays an important role in interna-
tional trade issues, which mainly focuses on: 1) are export and productivity
closely related? 2) Can export improve productivity? 3) Is it easier for firms with
higher productivity to export? 4) Does higher productivity results in export for
exporters or vice versa?

There are two hypotheses for explaining why exporters have a higher produc-
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tivity than non-exporters presented by Bernard & Wagner (1997) and Bernard &
Jensen (1999), respectively. The former is known as self-selection effect, which
considers firms with higher productivity may gain easier access to export market.
Because in most cases, it is easier to find that exporters’ productivity is higher
than non-exports before exporting, as well as the growth rate of productivity.
Exporting means extra costs for selling abroad including transportation expenses,
distributing costs, marketing costs, human resource costs et al., all of which set a
high entry threshold for less successful enterprises. Therefore, low productivity
discourages a firm to export. Another hypothesis is learning-by-exporting effect.
For new exporters, they can acquire experience quickly at the beginning in
competitive international trades. Also, exchanging with partners and competi-
tors may be beneficial to export smoothly. In general, firms learn by exporting
through economies of scale, technology spillover and production factors reallo-
cation.

Although both hypotheses are reasonable, empirical study is necessary to
judge the interaction between productivity and export in line with local condi-
tions. Our paper contributes to the literature by exploring specific interaction
within Chinese electronics industry. We focus on electronics because multina-
tional firms undertake a leading role of innovative characters in this sector,
promoting rapid increase of TFP. And electronics sector has a high participation
in international division and performs well in export market, occupying an av-
erage more than 10% of total export volume during 2005-2007. Working with a
large firm-level data set over the period 2005-2007, we first estimate the TFP by
Levinsohn-Petrin method in order to describe the TFP gap between exporters
and non-exporters. Second, we use propensity score matching techniques in re-
searching the casual interaction between export behavior and firm performance.
Propensity score matching performs better in solving problems of endogeneity
and selectivity and attrition bias than OLS. What we find is that potential expor-
ters have higher TFP than non-exporters before exporting, and after entry into
global market, exporters’ performances are better than non-exporters in term of
productivity. The interaction between productivity and export behavior displays
as causality, supporting both hypotheses of self-selection effect and learn-
ing-by-exporting effect.

The rest of the paper is organized as follows. Section 2 will review the latest li-
terature and evaluate the contribution. Section 3 describes the data and empiri-
cal methodology used for analyzing the interaction of exporting and productivity.
The empirical findings are explained in Section 4, illustrating whether there is a

causal effect of firm’s exporting on TFP or vice versa.

2. Background Literature

Productivity has always been a central issue in economics, as it is related to
source of sustainable economic growth. Since the 1990s, more and more scholars
have been studying the productivity gap between firms following Bernard &
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Jensen (1995), Clerides et al. (1998), Aw et al. (2000). The trade reality is that
exporters and non-exporters exist in an industry at the same time, which can be
explained by the productivity gap between firms. What is the interaction be-
tween productivity and export behavior? Existing literature shows that the inte-
raction is based on assumption of causality. The two hypotheses, self-selection
effect and learning-by-exporting effect, are amalgamated to illustrate the bidi-
rectional causality.

Table 1 summarizes the sample and results from eleven typical studies of
productivity and export using matching techniques since 2005. Self-selection ef-
fect points out that exporters have higher productivity than non-exporters,
which does not result from export strategy, but from the survival of the fittest.
Despite diversity in sample, most report that exporters are more productive than
non-exporters before entry to export market, which is consistent with the hypo-
thesis self-selection effect.

While a few studies report that there is “Productivity Paradox”, which means
the productivity performance of exporters and non-exporters are similar. The
firm-level productivity shows no evidence for pre-entry and post-entry differ-
ence, antagonistic to self-selection effect, see for example Greenaway et al
(2005).

Table 1. Micro-empirical Research of Productivity and Exporting With a Matching Approach.

Results
Authors Country Sample L oy P -
Self-selection earm.ng by- roductivity
exporting Paradox

Arnold & Hussinger (2005) Germany 2149 observations; 389 firms; 1992-2000 V X X
Mining and manufacturing industries;

Fryges & Wagner (2008) Germany — J X
1995-2005

Serti & Tomasi (2008) Italy 38,771 firms; 1989-1997 \/ \/ x
36,903 observations; 3570 firms;

Greenaway et al. (2005) Sweden v X X v
1980-1997

Eliasson et al. (2012) Sweden SMEs; 1997-2006 J x x
41,463 ob ti ; 4498 fi H

Aldan & Gunay (2008) Turkey ooservations 1rms J J X
1989-2003

Yang & Mallick (2010) China 2340 firms; 2000-2002 «/ «/ x

Ranjan & Raychaudhuri (2011)  India 3698 firms; 1990-2006 v v x

Haidar (2012) India 33,510 firms; 1991-2004 Y X X

Sharma & Mishra (2015) India manufacturing firms; 1994-2006 Y Y X

facturing fi ith at least 10

Kasahara & Lapham (2013) Chile manuiacturing rms with at feas — \/ —

employees; 1990-1996
. Latvia and Latvian frms; 2006-2015; and Estonian
Benkovskis et al. (2019) . — N _
Estonia frms;1995-2014
Bigsten & Gebreeyesus (2007)  Ethiopia Manufacturing industries; 1996-2005 V X
d 4500 fi f agri food industry;

Kandilov & Liu (2011) Colombia aroun trms ot agri food Incustrys Y X
1981-1987

Note: “—” means not involved in the research.
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Another hypothesis learning-by-exporting effect, just as its name implies,
means export strategy boosts firms’ productivity, though economies of scale,
technology spillovers and production factors reallocation. There is a growing
body of evidence for learning effect, see for Fryges & Wagner (2008), Serti &
Tomasi (2008), Aldan & Gunay (2008), Yang & Mallick (2010), Ranjan & Ray-
chaudhuri (2011), Bigsten & Gebreeyesus (2007), Kandilov & Liu (2011), Shar-
ma & Mishra (2015), Kasahara & Lapham (2013), Benkovskis et al. (2019). On
the other hand, Arnold & Hussinger (2005), Eliasson et al. (2012) and Haidar
(2012) do not find significant evidence for learning effect from exporting, re-
spectively for Germany, Sweden and India. On the whole, samples of developing
countries in support of learning-by-exporting effect occupy a larger proportion
than those of developed countries.

As a developing country, China regards export-led growth as a good form of
growth. China’s export sales have ranked first since 2010. Product mix is opti-
mizing, given priority to manufactured goods, especially electronic products. So
both theoretical and empirical literature of China’s situation has emerged. Kraay
(1999) is one of the earliest research which use Chinese industrial enterprises’
data to investigate export and firm performance. By dynamic panel data estima-
tion of Chinese data over 1988-1992, controlling for past firm performance and
unobserved characteristics, the paper finds that past export behavior leads to
improvements in firm productivity, confirming the existence of causal relation-
ship between export and productivity growth. Wang et al. (2009) use Chinese
firm data from 1997 to 2000 to examine whether exporters are more productive
and whether export strategies promote the productivity. The results are suppor-
tive evidence for learning-by-exporting effects rather than self-selection effects.
Yang & Mallick (2010) evaluates Chinese firms’ self-selection and learn-
ing-by-exporting with data from WBIC over the period 2000-2002. Robust to
three matching methods using difference-in-difference estimator, the paper
finds firms are self-selected into export markets and gain additional TFP growth
from learning-by-exporting effect.

It must be noted, however, that there are few empirical studies about export
and productivity of Chinese electronics sector. So this paper contributes to the
literature in important ways. Firstly, we study the interaction of export activities
and TFP growth using a matching approach, which enables us to compare the
outcome variable of treated sample and the sample supposing the treated were
not treated. Second, it describes firm performance and export status of one of
the industry segmentation that is the electronics industry. In the reminder of this
paper, we study both hypotheses of self-selection effect and learning-by-exporting

effect in data of Chinese electronics firms.

3. Data and Methodology

In this study, the data is from China Industrial Enterprises Database, 2005 to

2007. We consider firms with at least 10 employees in order to control company
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size. And firms should keep exporting during the observation period, so statis-
tical error can be avoided. Exceptional values and repeating values are removed
before estimation. Our processed data set contains 8186 firms over the period
2005-2007, yielding a maximum of 24,558 observations. The electronics indus-
tries in the database are scattered into three main categories, namely H39 Elec-
tronic equipment and machinery, H40 Communication equipment, computers
and other electronic equipment, and H41 Instrumentation and Office Machinery.
Specifically, there are eleven subclasses composing the electronic industry we
study in this paper, including 1) Household electronic appliances; 2) Communi-
cations equipment; 3) Rader; 4) Broadcast and TV; 5) Computers; 6) Electronic
devices; 7) Electronic components; 8) Home Audio and Video equipment; 9)
Other electronic equipment; 10) General instrument; 11) Special instrument.

In Table 2 we summarize the main features of the 8186 firms. The treated
group refers to the group of exporters, whose value of export is no less than
10,000 RMB by our definition. Control group means the group of non-exporters,
who are mainly for the domestic market. Export enterprises account for about 55%
of our total observations. The table clearly shows that the exporters’ characteris-
tics in the left column are larger than that of non-exporters in the right column.
T-test obtains the significance of different characteristics of the two groups. Ex-
porters tend to have higher TFP of 5.4770 and more output of 11.3742. They are
willing to have more employees of 5.8602 and more capital of 3.6122, pay more
wage of 2.9540, and have more Intermediate Inputs of 11.0364. Also, exporters
relatively live longer of 9.2205 than non-exporters, though not quite significant.

This paper applies Levinsohn-Petrin productivity estimator for total factor
productivity estimation and propensity score matching to analyze the existence
of self-selection effect and learning-by-exporting effect.

The measurement of firm productivity in this study is total factor productivity
(TFP, hereafter). A key issue for TFP estimation is the correlation between un-
observable productivity shocks and production inputs. The bias in TFP estima-
tion is mainly simultaneity bias and selectivity and attrition bias, which make
OLS not applicable. Levinsohn & Petrin (2003) uses intermediate inputs as
proxies to develop an estimator, the production technology is assumed to be
Cobb-Douglas of the form: Y, =By +B| +B.kK  +B,m +w +n, where
Vi, represents the logarithm output of firm 7 in period # measured as gross
revenue in this paper; |, and k;, are logarithm inputs of labor and capital
respectively; and M, is the logarithm intermediate input. The residuals have a
two-part structure, one part ;, representing TFP, and the other part 1, is
error term. TFP estimation by Levinsohn-Petrin productivity estimator has two
steps. Firstly, we need to construct a third order polynomial including k;; and
m; . . Then we should estimate &)(ki,t M ) , the coefficient of ki, and m . Fi-
nally we find the solution according to optimality condition.

Figure 1 shows the probability density distribution of TFP during 2005-2007.

The solid line refers to exporters, and the dotted line refers to non-exporters. As
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Table 2. Descriptive statistics of electronics Firms from 2005 to 2007.

Treated Group Control Group t-Test
Variable
Mean Std.Dev obs. Mean Std.Dev Obs. Diff. in Mean
TFP 5.4770 0.7747 13,394 5.0424 0.6397 11,114  0.4346 ***
Output 11.3742 1.6736 13,403  10.3038 1.2447 11,145 1.0704 ***
Employment 5.8602 1.2665 13,403 4.7872 1.0330 11,155  1.0730 ***

Capital Per Worker  3.6122 1.3582 13,395 3.3314 1.3751 11,125  0.2808 ***
Wage Per Worker  2.9540 0.5640 13,403 2.8208 0.5951 11,151  0.1332***
Intermediate Inputs  11.0364 1.7199 13,402 9.9205 1.3541 11,142 1.1158 ***

Firm Age 9.2205 6.2005 13,403  9.1978 7.5904 11,155 0.0227

Note: Firm age means the number of years since establishment, with extreme values dropped.

2005 2006

0.8
0.6
0.4
0.2

04

0.8 1

kdensity TFP

0.6 1
0.4 1
0.2

0

| — Exporters  ~-7770 Non-exporters

Graphs by year

Figure 1. TFP kdensity by year.

shown in the figure, TFP is increasing year after year. And exporters’ TFP is
higher and more agglomerating in distribution than that of non-exporter. From
a rough description we can see exporters have a productivity advantage over
non-exporters, but to study the causality of export status and productivity situa-
tion, it requires a particular technique, that is propensity score analysis.

The Interaction between Productivity and Exporting is essentially a causal in-
ference. Common models for causality are Rubin Causal Model (RCM) and
Causal Diagram. And RCM is more accurate for application. In a two-value sit-
uation, we assume Z; means whether individual 7is treated, Z, =1 if treated,
and Z, =0 if not treated. Y,

. is the outcome variable of individual i Denote

(Y;(1).Y;(0)) as potential result of treatment situation of individual j and
Y;(1)-Y;(0) is the treatment causal effect of individual 7 Each Individual is ei-
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ther treated or controlled. So (Yi (1).Y, (0)) must be missing half, and individ-
ual causal effect is unrecognizable. However, with the randomization of Z aver-

age causal effect (ACE) is recognizable.
ACE(Z -»¥)~E (¥, (1)~E(% (0)
~E( W)z ~1)-(4 (0)2 ~0)
=E(Y,|z, =1)-(¥%|z,=0)

where the second formula brings to randomization, that is Z 1 (Y (1),Y (O))
(L means independence).

Propensity score is one of the existing methods to estimate treatment effect in
observational studies. Rosenbaum & Rubin (1983) put forward propensity score
matching, which is a technique for reducing the dimensionality of complex data
sets. Propensity score is defined as e(X ) = P(Z = 1|X) . The properties include
the following: 1) X 1Z |e(X); 2) If the strongly ignorable treatment assign-
ment assumption holds and 0< e(X ) <1, thatis Z L (Y (1),Y (0))|e(X) and
0<e(X ) <1. So if we can observe both treated result and untreated result of
one sample, the difference of the results can be used to evaluate causal effect of
the treatment. While in reality, each sample only has one condition, so the un-
observable condition is a virtual result. We define w as an indicator variable of
treatment. If treated, w= 1; w= 1, if not, w= 0. Y is the outcome variable of
treatment. 1 is treated result, and Y; is untreated result. So we need to estimate
the difference (Y; — ¥;). Rosenbaum & Rubin (1983) define it as Average Treat-
ment Effect (ATE): ATT =E(Y,-Y, ). If the samples contain any sample which
cannot accept treatment or has no condition for treatment, the ATE estimator is
biased (Heckman et al., 1997). So another estimator is introduced: Average
Treatment Effect for the Treated (ATT): ATT=E (Yl -Y, |W = l) .

In practice, estimation has two stages. The first stage is to fit a Logistic/Probit
Model, and estimate the propensity score é( X) of each individual. The second
stage is to estimate corresponding ATTs by hierarchical €(X ). In this paper, we
adopt two matching methods to match firms: kernel matching and three nearest
neighbors matching. A central feature of kernel matching is the application of
nonparametric regression, which can smooth unknown functions. Kernel
matching allows estimation of treatment effects for the treated to use informa-
tion of all possible controls. The approach can perform one-to-many matching
by calculating the weighted average of the outcome variables for the control
group, and comparing the weighted average with that of the treated group. The
kernel matching can be expressed as: ATT _1 > {Yli - > W(i, j)YOJ},

N ieins, jelpns,
where n, is the number of treated; [, and 1 are the set of indices for controls and
program participants respectively, ¥; and Y; are the outcomes of control group

and treated group respectively, so term >  W(i, ])Y,; measures the

jelons,

weighted average of the outcome for all non-treated, which match to participant
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i on the propensity score differentially. And W (i, j) is the weight or distance
on propensity score between 7 and j. The method of constructing the weighted
mean using kernel functions is called the kernel estimator, which gives greater
weight to the closest neighbors and less weight to distant points. The main re-
sults in this paper are based on kernel estimator with a bandwidth of 0.06. In
contrast to the kernel estimator, nearest neighbor matching, as one method of
greedy matching, is more straightforward. It can be expressed as:

C(P, ) = mjin“F’i - P, ”, j€l,, where L, and 7 are the set of control and treated
participants respectively, P; and P; are the propensity scores of treated and con-
trol participants respectively. C(F’,) means a neighborhood that contains a
control participant j as a match for treated participant j if the absolute value of
propensity scores difference is the smallest among all the pairs between 7and /.
The three nearest neighbor matching allows three units from the control group
to match a treated participant. It is the second method used in this paper for ro-
bustness. The detailed results of Chinese electronics industry are in the following

chapter.

4. The Interaction between Productivity and Exporting:
Empirical Results

As mentioned above, in the first stage we conduct a probit model to estimate the
propensity scores of the observations. The exogenous covariates of the probit
model include the firm size (measured by the logarithmic number of employees),
the (logarithm of the) average wage per employee, the (logarithm of the) average
capital per employee, firms’ (logarithmic) TFP, firm age and a dummy variable
indicating the firms’ registration types, which are firms of Chinese mainland
capital, firms of Hongkong-Macau-Taiwan capital and firms of foreign capital.
Furthermore, the interactions with average wage per employee and TFP, average
wage per employee and firm age, average capital per employee and firm age are
introduced into the probit model (Table 3). Our observation period is 2005-2007,
which means the period is from year t-2 to year t. Considering that the mutual
interaction between productivity and export Behavior may be a gradual process
with hysteresis effect, we study self-selection effect of both one year and two
years before entry into international market with current export conditions and
firm performance variables of year t —1 and t — 2, and learning-by-exporting ef-
fect of both one year and two years after entry with current firm performance
variables and export conditions of year t — 1 and t - 2.

The second stage is to estimate corresponding ATT values. Table 4 shows the
ATTs by the two matching techniques of both self-selection effect and learn-
ing-by-exporting effect in the first column. The second column contains the
t-test results that indicate whether there are significant differences in a given co-
variate between matched treated group and control group. The last two columns
are the numbers of participants of treated group and untreated group respec-

tively.
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Table 3. Variables definition and description for probit models.

2005 2006 2007
Variable

Mean Std.Dev. Mean Std.Dev. Mean Std.Dev.
Export Status Dummy 0.5377 0.4986 0.5457 0.4979 0.5539 0.4971
Log TFP 52001 0.7421 5.2918 0.7468 5.3476  0.7494
Size (Log Nunber of Employees) 5.3175 1.2677 5.3887 1.2824 5.4123 1.2963
Log Capital Per Employee 3.4457 1.3823 3.4906 1.3660 3.5182 1.3698
Log Wage Per Employee 2.7348 05697 2.8970 0.5631  3.0487 0.5706
Firm Age 9.2471 6.9052 9.2101 6.8716 9.1735 6.8235

Registration Dummy

Chinese Mainland Capital 0.5100 0.4999 0.5103  0.4999 0.5083  0.5000
Hongkong-Macau-Taiwan Capital 0.2414 0.4280 0.2408 0.4276 0.2420  0.4283
Foreign Capital 0.2486  0.4322  0.2490 0.4324 0.2497 0.4329
Interaction Terms

(Log TFP)*(Log Wage Per Employee) 14.3760 4.3121 154902 4.4766 16.4837 4.6829
(Log Wage Per Employee)*(Firm age) 25.5429 20.3394 26.7703 20.9435 28.0562 21.6060

(Log Capital Per Employee)*(Firm age) 32.7155 30.9864 32.8764 30.7819 32.9554 30.7660

Table 4. Matching results.

ATT T-stat ~ Treated  Untreated
Self-selection (Two Years Before Entry)
Kernel 0.0651** 2.08 1933 768
Three Nearest Neighbors 0.0855 ***  2.62 1933 768
Self-selection (One Year Before Entry)
Kernel 0.0750 * 1.84 728 469
Three Nearest Neighbors 0.1012 ** 2.39 728 469
Learning-by-exporting (One Year After Entry)
Kernel 0.0690 ** 2.47 1496 976
Three Nearest Neighbors 0.0685 ** 2.34 1496 976
Learning-by-exporting (Two Years After Entry)
Kernel 0.0715 *** 4.21 6148 2438
Three Nearest Neighbors 0.0875*** 480 6148 2438

Note: *, **, *** indicate statistical significance at 10, 5, 1 percent level respectively.

Looking at the ATTs, we find that result of two years before entry from kernel
matching indicates that exporters tend to have 6.51 percent higher TFP than
non-exporters, and the corresponding result of one year before entry is 7.50
percent higher TFP. It also indicates that before firms’ entry into foreign market,
the productivity differences between potential exporters and non-exporters get

bigger. One possible explanation is that there are additional costs for product
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sales in foreign countries, including transportation costs, marketing costs, labor
costs of the foreign network, and products improvement costs, all of which form
a barrier to entry. Potential export enterprises must continuously improve their
productivity to overcome the barrier. While less successful enterprises are una-
ble to overcome the barrier. So exporters usually have a higher TFP growth rate
than non-exporters before entry, resulting in the wider productivity gap.
Therefore, we find evidence showing that exporters are more productive than
non-exporters, proving the existence of hypothesis of self-selection effect in
Chinese electronics sector.

Now considering the hypothesis of learning by exporting effect, results of one
year and two years after entry turn out that exporters have respectively 6.90 and
7.15 percent higher TFP than non-exporters by kernel matching, showing firms
have TFP growth continuously from learning effect in our observation period.
Exporters can take the opportunity to compete with foreign companies through
exporting. And competition is one of the most effective means for technology
transfer and structural adjustment. Exporters can learn from foreign firms in
core technique and product R&D. As a result, it is proved that learning-
by-exporting effect is significantly existed and has a strong influence on export
enterprises.

To ensure the robustness of the results, this paper also uses another matching
technique, Three Nearest Neighbors Matching, for self-selection effect and
learning-by-exporting effect testing. It also reaches similar outcomes and trends
with Kernel matching, positive ATT values and wider productivity gap between
exporters and non-exporters with export growth. T-test shows that all differenc-
es are significant. So the estimation results of different methods show good ro-
bustness. Evidence has been shown in this paper that the self-selection effect and
learning-by-exporting effect on productivity are remarkably existing in Chinese

electronics sector.

5. Conclusion

In this paper, we analyze the interaction between Chinese electronic firms” TFP
and their export strategies by a causal relationship test. We find that there is a
causal relationship between exporting and productivity growth—at least in Chi-
nese electronics industry. Firms” TFPs are estimated by a productivity estimator
following Levinsohn & Petrin (2003). Electronic exporters’ average TFP is higher
and than that of non-exporter, premising self-selection effect. In our model of
propensity score, TFP growth increases the probability of firms’ export behavior.
Meanwhile, firms participating in global division surpass those serve domestic
market in the aspect of productivity.

Two different matching methods are used in this paper, including kernel
matching and three nearest neighbor matching, reaching a consistent conclusion.
With data of 8186 Chinese electronic firms in the period 2005-2007, results

based on kernel matching show that potential exporters have an average 7.00
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percent higher TFP than non-exporters in last two years before entry. On the
other hand, in the following two years after exporting, exporters have an average
7.03 percent higher TFP than non-exporters, indicating continuous productivity
growth. Robust to different matching approach, our findings confirm the mutual
directions of causality between exporting and productivity, that is the good ones
go global, and gain an ego boost. According to the results, the hypotheses seem
appropriate for Chinese electronic case, supporting heterogeneous firms model
of Melitz (2003).

The significant existence of self-selection effect and learning-by-exporting ef-
fect in Chinese electronics sector contributes to a new understanding of the role
that export plays to economic growth from the perspective of productivity. Ex-
porting has been one of the driving forces for China’s economy growth by
boosting firms’ productivity levels. With the deepening of economic globaliza-
tion and fierce competition in international trade, exporting can promote Chi-
nese enterprises to take advantage to upgrade technology, optimize production
structure and improve product quality by both self-selection effect and learn-
ing-by-exporting effect, continuously improving the competitiveness of Chinese
firms. Therefore, given balanced import and export trade policy as a starting
point, China will need to continue with stabilizing and expanding exports in the

future with firm-level evidence from electronics industry.
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