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1. Introduction 

The ubiquitous “Made in China” label epitomizes China’s transformation from a virtual 

autarky in the 1970s to a veritable exporting powerhouse in little more than a generation.  This 

transformation arguably owes much to the country’s ever-increasing integration in 

international production networks.  This has undoubtedly been helped by policy.  As early as 

the mid-1980s China introduced special “processing trade” schemes in an attempt to boost 

exports.  The hallmark of such a scheme is that there are tariff-exemptions on imported inputs 

as long as these are only processed in the country and then re-exported.  Domestic sales of 

these processed goods are, in general, not permitted.   

An often-cited example of such export processing is the assembly of iPhones carried out by 

Foxconn in China.  Using aggregate data, Gaulier et al. (2007) show that the contribution of 

export processing to China’s total exports has grown substantially, from about 45 percent in 

the early 1990s to around 55 percent in the early 2000s.  Similarly, Manova and Yu (2017) 

also state that export processing amounted to 55 percent of total exports.   

In this paper, we investigate, to our knowledge for the first time, what the effect of export 

processing is on subsequent firm performance.  We do so using detailed Chinese firm level 

panel data which are obtained by linking two sources, namely, firm-level production data 

available from China’s Annual Survey of Industrial Firms (CASIF) and transaction-level 

trade data from the Chinese Customs Trade Statistics (CCTS).  This data allows us to 

distinguish firms engaged in export processing from what is generally referred to as “ordinary 

exports”.   

Dai et al. (2017) as well as Wang and Yu (2012) show, using data similar to ours, that export 

processors are less productive than ordinary exporters and, more importantly, than non-

exporters.  They attribute this, at first counter intuitive finding to the fact that the least 

productive firms choose to do export processing, as the sunk costs involved and level of 

production technology employed are relatively low.  Such negative selection, however, 

implies that the aggregate productivity gains from exporting a la Melitz (2003) may not be 

present in the case of export processors.  The benefits from such export activity would then 

have to come from “learning by exporting”.  The identification of such post treatment effects, 

if any, is the focus of our paper.   
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Exporting allows access to foreign knowledge, which can improve exporters’ productivity 

performance (e.g., Van Biesebroeck, 2005).  This is, of course, true for ordinary as well as 

processing exporters.  The use of imported intermediate goods, which is essential for 

processing trade, provides another avenue for the absorption of foreign knowledge (e.g., 

Halpern et al., 2015).  Hence, there are a priori reasons for why learning by exporting may be 

observed for both processing and ordinary exporters.  Whether or not they materialize 

empirically is the issue we investigate in this paper.   

In our data, we see that a large share of traders simultaneously engage in processing as well 

as ordinary exports.  We therefore investigate the effect of different degrees of export 

processing rather than a zero / one type decision.  Using our linked firm-customs panel 

dataset we quantify the average treatment effects of different degrees of export processing on 

the growth of total factor productivity and average wages.  We employ a potential outcomes 

approach for estimating multivalued-treatment effects which, to our knowledge, has not been 

attempted in the literature.  In this set up we control for the endogeneity of the treatment using 

propensity score reweighting combined with covariate adjustment.  We spell out the 

assumptions necessary for this identification strategy to allow us to estimate causal effects of 

the treatment.   

A further novelty of our paper is that we do not just concern ourselves with estimating average 

treatment effects, as is common in the treatment literature, and indeed in the evaluation of 

learning-by-exporting effects.  Rather, we expand on this and also estimate a series of quantile 

treatment effects. This allows us to make a more nuanced inference about the causal effects 

of exporting along the firms’ performance distribution.  For example, it enables us to estimate 

and compare effects of the same treatment on firms in the, say, tenth percentile of the 

productivity growth distribution compared to those in the ninetieth.  In other words, we allow 

the treatment effects to be different for low and high growth firms.  As we show below, this 

does indeed provide a much richer picture of treatment effects that would be missed if we 

were to look at average treatment effects only.   

Our paper thus contributes to the relatively small but growing literature that looks at the 

implications of China’s export processing scheme using data similar to ours.  Manova and Yu 

(2017) investigate the choice between export processing and ordinary exports and argue 

forcefully that financial constraints are more binding for ordinary exports, enabling firms with 
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lower access to finance to specialize in export processing.  Van Assche and Van Biesebroeck 

(2017) provide evidence that there is functional upgrading in export processing, which goes 

hand in hand with productivity improvements at the sectoral level.  Kee and Tang (2016) show 

that there is an increase in domestic value added in export processing over time, which they 

explain by the availability of more varieties of domestic inputs as a consequence of 

globalization.  Fernandes and Tang (2012) investigate the choice between vertical integration 

and arm’s length trade in export processing, while Feenstra and Hanson (2005) look at the 

distribution of ownership and control between the foreign owner and the domestic assembly 

plant.  We complement this literature by providing robust empirical evidence on the effect of 

engaging in export processing on plant performance.   

We also contribute to a large literature that empirically investigates the causes and 

consequences of China’s overall export performance using disaggregated data (e.g., Manova et 

al., 2015; Ma et al, 2014; Jarreau and Poncet, 2012; Girma et al., 2010).  We focus on the 

difference between ordinary and processing exports.  More generally, our paper is related to 

the burgeoning literature on the proliferation of global value chains.  As, for example, Gaulier 

et al. (2007), Mirodout and DeBacker (2013) or Timmer et al. (2014) convincingly show, 

GVCs continue to grow and China plays an important part in the proliferation of GVCs world-

wide.  We take this literature to the firm level to show the implications for firm performance 

of a firm’s choice to join a GVC via export processing.   

The rest of the paper is structured as follows. Section 2 presents the data and shows some 

descriptive statistics.  Section 3 discusses the econometric methodology used in the analysis. 

The main findings are discussed in Section 4, and Section 5 concludes. 

 

2. Data and preliminary analysis 

Data sources and some facts 

The paper draws on two micro datasets from China - the firm-level production data available 

from China’s Annual Survey of Industrial Firms (CASIF) and the transaction-level trade data 

from the Chinese Customs Trade Statistics (CCTS).  The two datasets are linked over the 
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period of 2002-2005.  Appendix A provides a detailed account of this linking process along 

with some descriptive statistics on the linked data.  

The econometric analysis is based on a sub-sample of the linked firms which satisfy two 

further criteria.  Firstly, in order to be included in the econometric analysis firms should have 

data over the four year period spanning 2002-2005. Taking 2003 as the treatment year, this 

criterion ensures that we have information on the pre-treatment year of 2002, and are able to 

evaluate treatment effects over the two post-treatment years. Secondly, all variables that are 

necessary for the econometric estimation should also be available. This data filtering process 

left us with a total of 48,842 firms, 12,966 of which are involved in some form of exporting 

activity (5,460 of these firms are exclusively “ordinary” exporters).   

Table 1 presents the distribution of firms according to trade status.  In 2003, 5 percent of 

firms are pure export processing firms (column 2) while 11 percent only engage in ordinary 

exporting.  Perhaps not surprising, a large share of traders (11 percent of all firms) 

simultaneously engage in both types of exporting.  This motivates our econometric analysis 

below, where we consider the effects of varying degrees of export processing (rather than a 

zero / one decision) on firm performance.   

Table 1: Distribution of firms by trade status  

 No 

exports 

Export processing (EP) 

only 

Ordinary exports 

(OE) only 

Both EP and 

OE 

Total 

2002 36706 2481 5513 5504 50204 

2003 36706 2350 5709 5439 50204 

2004 36706 2201 5427 5870 50204 

2005 36947 2692 6181 4384 50204 

Total 147065 9724 22830 21197 200816 

 

An important question we need to consider given our aim of identifying the effect of EP on 

firm performance, is whether the choice to do EP is random or related to observable firm, 

industry or regional characteristics.  While a full treatment of this issue is an important part of 

our econometric identification strategy, looking at our summary statistics from different 

angles may already provide some preliminary evidence.   
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The first issue we consider are regional characteristics.  China has a number of export 

processing zones (EPZs) which were set up to boost export performance.  One may, a priori, 

expect that firms in EPZ may be particularly prone to being involved in export processing.  

Table 2 shows, however, that this is not the case.  The table shows the distribution of firms at 

different stages of export processing or ordinary exports across EPZ and non-EPZ regions.  

This shows that firms with 100 percent export processing are much more likely to be found in 

non-EPZ regions.  By contrast, EPZ regions show a relatively large share of ordinary 

exporters.  Given these patterns in the data, this suggests the importance of controlling for 

EPZ when modelling the choice to do export processing.  

Another issue to look at are firm characteristics, and here in particular ownership.  One 

important characteristic of the Chinese economy is, of course, the significance of state-owned 

enterprises (SOEs).  While their importance has declined rapidly over the last two decades, 

the share of assets held by SOEs is still 8.2% in 2009 (Chang and Jin, 2016).  Given their 

ownership structure SOEs are likely to operate differently from privately owned firms, and 

may also be subject to different policy treatments (Branstetter and Feenstra, 2002).  The 

importance of firm ownership for export processing can be seen from Table 2.  For example, 

private firms accounts for more than 71% of non-exporting firms, while more than 90% of 

firms with 100% exports processing are foreign-owned or foreign affiliated.  

Another important characteristic related to the choice to do export processing is the 

technological intensity of the industry.  Generally, one may expect export processing to be 

more prevalent in low tech industries and ordinary exports in more high tech industries.  

Table 4 presents evidence that is in line with this intuition.  Using information on the 

technology intensity of the two-digit industry, it is apparent that export processing intensive 

firms, as expected, tend to be in low to medium-tech industries, while ordinary exporters are 

more likely than the average firm to be in high tech industries.   

In Table 5 we present some summary statistics on total factor productivity and employment 

size by trade status for the year 2002, i.e., the beginning of our sample period.  A number of 

things are noteworthy.  Firstly, firms with 100 percent export processing are the least 

productive among the firms.  This is in line with Dai et al. (2017) and suggests negative 

selection of the least productive firms into export processing.  Interestingly, firms that do 

both export processing and ordinary exports are the most productive, more productive than 
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firms that do 100 percent ordinary exporting.  This finding also mirrors Dai et al. (2017) who 

have one category they call “hybrids”.  Another noteworthy fact in the raw data is that export 

processing firms, even though they are the least productive, are the largest in terms of 

employment size among the trading firms.   

These summary statistics suggest that the decision to do export processing in 2003 is not 

random but is related to firm, industry and region characteristics.  These need to be controlled 

for in order to identify an effect of export processing on firm performance.  In the next 

section we set out the methodology we use to identify such an effect.   

 

3. Empirical strategy 

In this section we detail the estimation strategy employed to evaluate the average treatment 

effects of various levels of export participation.  

We define five treatment levels which we denote as s=0,…,4,  These consist of one “control” 

group of firms with no exporting activity (s=0);  and four types of exporting treatment 

indicators: (i) s=1 if ordinary exports account for 100%  of total exports; (ii) s=2 if export 

processing accounts for less than half of total exports; (iii) s=3 if export processing accounts 

for  between 50 and 99 percent of total exports;  and (4) s=4 if export processing accounts for 

100% of total exports.  In what follows we refer to these exporting status variables as the 

treatment indicators. 

Given that we have the case of multivalued treatments, we can consider pairwise 

combinations of the treatment categories to estimate  treatment effects (e.g. Lechner, 2002). 

Consistent with our main objective of quantifying the causal effects of export participation, 

we set non-exporters (s=0) as the control group to construct the counterfactual outcome had 

exporting firms not been involved in some form of exporting activity s ∈ {1,2,3,4}.  We 

define the treatment variable 𝐺𝑖𝑡
𝑠   (for each s=1... 4) equal 1 if firm i was involved in export 

category s at time t (t=2003 in our empirical setting) and 0 otherwise.  

Let 𝑌𝑖𝑡+𝜏
𝑠   be the potential outcome under export category s at time t≥0. Also denote by  

𝑌𝑖𝑡+𝜏
0  the potential outcome had the firm not been involved in export category s. For each 

firm, only one outcome is observed, and the remaining four outcomes are counterfactuals. In 
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our empirical analysis these outcomes refer to changes between time t-1 and t+  (between 

2002 and 2005 to be precise). This is akin to a difference-in-differences approach which 

eliminates time-invariant unobserved factors affecting potential outcomes (see Girma and 

Görg, 2007).  

We focus on TFP (calculated using the Levinsohn and Petrin, 2003, estimation approach) as 

the main outcome indicating firm performance.  We also consider firms’ average wages as 

this provides not only an alternative measure of firm performance but may also provide an 

indication of whether the treatment effects (if any) also trickle down to workers in terms of 

changes in average pay.   

To evaluate the average treatment effects of category-s, we ideally need to estimate the 

difference between the mean outcome of all firms under category-s and the mean outcome of 

the same group of firms under non-exporting state (s=0). 

𝜃𝑡+𝜏
𝑠 = 𝐸[𝑌𝑖𝑡+𝜏

𝑠 − 𝑌𝑖𝑡+𝜏
0  ]                                                         [1] 

Of course, 𝑌𝑖𝑡+𝜏
0  is unobservable. That is, we cannot observe, for example the TFP of firms 

involved in 100 percent export processing had they not been engaged in this activity.  Taking 

the mean outcome of all non-exporters as an approximation would be inappropriate given that 

there is selection (as discussed in the previous section).  In other words, there are observable 

firm characteristics that determine a firm’s choice of exporting status, and these also likely 

influence their future performance.  In this case, a simple comparison of post-treatment 

outcomes of the two groups results in biased estimators.   

With observational data, and in the absence of plausible instrumental variable candidates, two 

popular estimation strategies that deliver potentially unbiased treatment effect estimators are 

used in the literature:  (i) covariates adjusted regression where both the treatment indicator, 

and a flexible function of the covariates are included in a regression framework, and (ii) 

variants of propensity-score based approaches, including inverse propensity score reweighing 
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where subjects with higher ex ante probabilities are given less weight to control for selection 

bias.
1
 

In this paper, we employ an augmented inverse-probability weighting (AIPW) regression 

approach due to Robins, Rotnitzky et al. (1994) and Bang and Robins (2005), among others. 

This estimator combines the propensity score reweighing with covariates adjustment.  This is 

also known as the doubly robust estimator, or the efficient influence function estimator 

(Cattaneo 2010). The “doubly robust” appellation stems from the fact that it provides two 

opportunities to adjust for selection on observables by combining inverse probability 

reweighting with regression covariates adjustment.  This paper implements the semi-

parametric efficient influence function GMM estimator due to Cattaneo (2010).
2
  

It pays to rehearse the main assumptions required for our doubly robust estimator to be 

unbiased (and thus return causal treatment effects), and discuss how we have dealt with these 

in the paper. 

The first assumption is the conditional mean-independence assumption which posits that 

unobservable factors in the treatment model and potential outcomes are mean independent. 

Although this is an inherently untestable assumption, its effects can be mitigated by including 

a rich set of pre-treatment covariates in the estimation, and also by combining it with a 

difference-in-differences approach. This type of differencing helps strengthen the 

fundamental conditional independence assumption by purging time invariant unobservable 

characteristics affecting the levels of the potential outcome variables.  

We also control for a large number of pre-treatment covariates (see Appendix B for details), 

and ensure that the AIPW method is successful in reducing differences in pre-treatment 

characteristics across firms.  This is done by carrying out a series of balancing test through 

                                                      

1
 As Hirano, Imbens, and Ridder (2003) demonstrate, the inverse of a nonparametric estimate of the propensity 

score leads to an efficient estimate of the average treatment effect even compared to estimators that employ the 

true (unknown) propensity score. 

2
 This is done using the Stata routine poparms  developed by Cattaneo  et al. (2013). 
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the examination of  standardised differences (Rosenbaum and Rubin 1983). This is done for 

each covariate, both on the raw and inverse propensity score weighted data.
3
 

The second assumption is the overlap assumption which requires that each firm has a positive 

probability of engaging in each exporting category conditional on the observed covariates 

vector X.
4
  In our empirical implementation we exclude firms that do not satisfy the overlap 

assumption from the final analysis.  That is by trimming the propensity score sample away 

from 0 and 1, we ensure a more substantial degree of overlap between the treatment groups, 

improving the internal validity of the results.
5
 

The third and final assumption is that we have an independently and identically distributed 

(IID) sample from the population of Chinese firms. This assumption maintains that the 

potential outcomes and treatment status for each firm are independent of potential outcomes 

and treatment statuses of all other firms. This assumption, also known as the Stable Unit 

Treatment Value Assumption (SUTVA), essentially rules out significant spillovers across and 

within export categories, which can be problematic especially when one considers treatment 

effects estimation over a longer period. Here we maintain this assumption, partly because we 

are concerned with the short term causal effects of treatment on firm performance, and inter-

firm spillovers are likely to take longer to be realized.
6
 

In an extension to the estimation of average treatment effects we also estimate a series of 

quantile treatment effects (QTE). To evaluate QTE at quantile q (e.g. q=.5 corresponds to the 

median treatment effect) for category-s, we estimate the difference between the quantiles of 

                                                      

3
 The standardised difference computes the difference in means in units of the pooled standard deviation which 

is a useful property because it makes it possible to undertake sensible comparisons of the relative balance of 

variables measured in different units (Austin and Stuart, 2015). Moreover, standardised differences are not 

affected by sample size which makes them suitable to comparing the quality of balance in variables between 

exporting and non-exporting firms. 

4
 This can be expressed more formally as  0 < 𝑃(𝐺𝑖𝑡

𝑠  = 1|X𝑖𝑡−1) < 1 for all firms i = 1... N and treatment 

category s=0, 1, ..,4.  Intuitively, when an estimated density has too much mass around 0 or 1, this can be taken 

as evidence that the overlap assumption is violated. 

5
 However as observed by Imbens and Rubin (2015) excluding some observations from the original sample 

would change the reference population, thereby  sacrificing some external validity. 

6
 Recent work in the international economics literature has started making progress in terms of relaxing SUTVA 

(Girma et al. 2015). 
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the marginal potential outcome distribution using all firms under category-s and the same 

group of firms with non-exporting
7
 

𝜃𝑡+𝜏
𝑞,𝑠 = 𝐸[𝑄𝑞[𝑌𝑖𝑡+𝜏

𝑠 ] − 𝑄𝑞[𝑌𝑖𝑡+𝜏
0 ] ]                                                         [2] 

Moving away from ATE to QTE allows us to make a more nuanced inference on the causal 

effects of exporting along the firms’ performance distribution.  For example, it enables us to 

estimate and compare effects of the same treatment on firms in the, say, tenth percentile of 

the productivity growth distribution compared to those in the ninetieth.   

To recap, our identification of treatment effects on firm performance will be based on four 

pair-wise comparisons of the control group of non-exporters against firms with varying 

degrees of export participation. We employ augmented inverse-probability weighting or 

doubly robust estimator, in particular we use the semiparametric efficient version due to 

Cattaneo (2010). To mitigate concerns about selection on unobservables, we also combine the 

doubly robust estimator with a difference-in-differences approach. 

 

4. Empirical results 

Notwithstanding the discussion in the previous section, we start our econometric exercise 

with a simple regression of the form 

𝛥𝑦𝑖𝑡+𝜏 = 𝛽1 𝑡𝑟𝑒𝑎𝑡𝑖 + 𝛽2 𝑋𝑖𝑡−1 + 𝜀𝑖                                   [3] 

where Δy is the log difference in the outcome variable (TFP, average wage) for firm i 

between 2002 and 2005, treat is the treatment indicator in year 2003 (non-exporter being the 

omitted category) and X being a vector of 59 pre-treatment covariates as defined in Appendix 

B.  Equation 3 is estimated using an outlier-robust estimator.   

                                                      

7
 It is important to keep in mind that Equation [2] gives the average difference in the marginal quantiles, and 

need not coincide with the quantile of the differences of average potential outcomes. The two quantities would 

coincide only under rank preservation assumption which essentially means that any random shock the affects 

treated and non-treated firms does not alter the quantile rank of firms in the population (Drukker 2016). 
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The findings are reported in Table 6.  Ordinary exporters and those with only moderate 

involvement in export processing have higher TFP growth rates than non-exporters.  

However, firms with high export processing are not statistically significantly different from 

non-exporters, while 100% export processors actually have lower TFP growth than non-

exporters.  In terms of wages we find that all types of exporters have higher wage growth 

than non-exporters, though it is apparent that firms that do 100 percent export processing 

have the lowest growth rate differential as indicated by the coefficient.   

The figures in Table 6 cannot of course be interpreted as causal since they are not based on a 

method that takes full account of the fact that the probability of export activity varies 

systematically by firm characteristics. Therefore we now turn to the average treatment effects 

estimates from the doubly robust regression model. As described in Section 3, this model is 

estimated using the semi-parametric efficient version of augmented inverse probability 

weighting due to Cattaneo (2010).  The first step in implementing this estimator is to come up 

with the conditional probabilities of receiving the four types of treatments (using a 

multinominal logit estimation) and making sure that, conditional on these propensity scores, 

the balancing properties are fulfilled.   

While the details of this are relegated to Appendix C, it is important to note that our 

multinominal logit shows evidence of negative selection in TFP (as conjectured by Dai et al., 

2017), i.e., less productive firms are more likely to engage in 100 percent export processing or 

high export processing.  Average wages are positively associated with selection, only for 

selection into ordinary exports or moderate to high export processing.  There is no statistically 

significant relationship between average wages and engaging in 100 percent export 

processing.  Our balancing tests (based on calculating standardised differences) suggest that 

weighting using inverse probability of export participation has managed to eliminate a great 

deal of the systematic differences between treated and non-exporting firms. 

The estimated average treatment effects on the growth of TFP and average wages between 

2002 and 2005 are reported in Table 7.  The results show that there are statistically significant 

and positive post-treatment effects on wage growth for all types of export activity.  The point 

estimates are straightforward to interpret, e.g., the coefficients for wage growth imply that a 

firm conducting 100 percent export processing has 49 percent higher wage growth than firms 
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not engaged in exporting.  The equivalent number for pure ordinary exporters is lower at 21 

percent.
8
 

The picture is a bit more ambiguous when it comes to TFP growth.  Here, the estimates 

suggest that engaging in ordinary exports, and moderate to high export processing, are 

associated with positive post treatment effects.  This is, however, not true for pure export 

processing, where the point estimate is statistically not different from zero.  In other words: 

Controlling for the endogeneity of the treatment, firms that engage in pure export processing 

do, on average, not experience higher TFP growth than non-exporters.  However, firms that 

combine export processing with ordinary exports, or only carry out ordinary exports, do.   

These results are based on the average treatment effects, i.e., on the conditional mean of the 

distribution of the growth rates of the four outcome variables.  It might be illuminating to also 

consider the effect on different quantiles of the distribution, thereby investigating whether for 

example, slow growing firms are affected differently than fast growing ones.  In order to do 

so, we now employment the quantile treatment effects estimator as discussed in Section 3.   

The results are reported in Table 8 and 9 for TFP and wages, respectively.  Table 8 unearths 

an important result related to TFP growth that is missed when only looking at the average 

treatment effect:  The treatment effects for pure export processing are consistently positive 

and statistically significant at low to medium quantiles (10
th

 to 75
th

) of the TFP growth 

distribution.  It only turns statistically insignificant for the 90
th

 percentile.  To put it 

differently: among firms with low to medium growth, pure export processing leads to 

substantially higher productivity growth than in comparable non-exporters.  In fact, for the 

10
th

 to 75
th

 percentile the treatment effects are largest for pure export processors, higher than 

for ordinary exporters or mixed exporters.   

                                                      

8
 Wage growth could be driven by three factors.  Firstly, average wages may increase due to reductions in 

employment.  Secondly, wages to individual workers may increase.  Thirdly, there may be a change in 

composition of the workforce towards more skilled (high wage) workers.  The first explanation is unlikely to 

matter in our case, as we have carried out an analysis similar to that reported in Table 7 with employment as 

dependent variable.  We do not find any negative post-treatment effects on employment.  Results are not 

reported here but are available on request.  As to the other two explanations, unfortunately our data, which is at 

the firm level, do not allow us to dig deeper.  For a satisfactory answer linked employer-employee data, as for 

example used by Heyman e t al. (2007) would be necessary.   
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This suggests that export processing can have substantial learning by exporting effects, 

especially for firms with relatively low levels of TFP growth.  Export processing does not, 

however, contribute to further TFP growth of firms that already boost high growth rates.
9
  

This important finding would be missed if we were to only look at the average treatment 

effects in Table 7.   

This is somewhat mirrored in the development of wage growth as shown in Table 9.  We do 

find positive treatment effects from pure export processing for the low and medium quantiles 

(with the exception of the 50
th

 quantile) but fail to find a statistically significant treatment 

effect for the 90
th

 quantile.   

To put these findings together:  Pure export processing leads to higher TFP growth (relative 

to non-exporters), for firms with low or medium growth rates of TFP.  This has also 

implications for workers, as export processing also has positive post-treatment effects on 

wage growth for low to medium growth firms.  There are no post-treatment effects of pure 

export processing on high growth firms, however.  This suggests that among high growth 

firms, those involved in export processing do not show any differences in their TFP or wage 

growth trajectory relative to non-exporters.  This may perhaps indicate that these firms have 

little to gain from entering into export processing, as they are already on a high growth 

trajectory.   

As an extension to the analysis, we present results from an econometric investigation which 

seeks to answer the question as to whether the destination of processed exports matters for the 

magnitude of post-treatment effects. In particular we ask whether processing firms that are 

involved in re-exporting processed intermediate imports to South-East Asia have different 

performance trajectories than those which re-export elsewhere (chiefly North America and 

Europe).  This is motivated by the well-documented fact that China’s rise as a trading giant is 

due in no small measure to its integration into Asian production networks.  For example, 

Gaulier et al. (2007) show that high tech exports and imports are predominantly with other SE 

Asian countries, less so with North America or Europe. 

                                                      

9
 In fact, for the 90

th
 percentile all treatment effects are not distinguishable from zero, suggesting the absence of 

any type of learning effect for high TFP growth firms.   
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We employ the potential outcomes framework discussed in Section 3 but with the main 

difference that we only focus on processing firms, and now define a binary treatment variable 

related to exporting processed goods to South-East Asia. As a result, non-processing firms and 

those that exclusively export finished goods are excluded from the analysis.
10

  

Table 10 reports the average and quantile treatment effects of export processing engagement 

in East Asia. We find that processing for South-East Asia appears to lead to higher wage and 

TFP growth compared to the counterfactual state of exporting processed imports to other 

destinations. These positive effects are observed pretty much across the outcome distribution 

of the variables in question, with the exception of the 90
th

 quantile, as in the estimations 

above.  In other words, as before, there are no post-treatment effects discernible for high 

growth firms.   

5. Conclusions 

China’s policy of encouraging export processing has been the topic of much discussion in the 

academic literature and policy debate.  The fact that apparently the least productive firms 

engage in this form of activity raised doubts about its economic implications.  Our paper 

weighs into this debate, and documents economically and statistically significant positive 

causal effects of export processing on productivity and wages.  This is done estimating 

average and quantile treatment effects in a potential outcomes framework, using a matched 

firm level and customs panel dataset.  Interestingly, the estimation of quantile treatment effects 

shows that these positive effects do not accrue to all types of firms, but only to those at the low 

to medium end of the distribution of the outcome variable.  In other words, firms with high 

productivity or wage growth do not experience any further positive growth effects from 

engaging in export processing.   

Our identification strategy for estimating effects relies on selection on observables.  In this 

regard we show that low productivity firms select into export processing, in line with previous 

literature.  This is generally attributed to the lower sunk costs for export processing, which 

allows low productivity firms to engage in this activity.  This selection mechanism implies 

that the aggregate productivity boost due to selection into exporting a la Melitz (2003) does 

                                                      

10
 Figure 3 in Appendix C presents evidence of covariate balancing in the inverse-probability weighting data. 
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not follow from export processing. However, our results show that there are gains from 

engaging in export processing through learning-by-exporting at the firm level.  Hence, the 

policy of promoting export processing does bring gains with it, through encouraging low 

productivity firms to join global value chains, and allow these firms to subsequently improve 

their performance.   
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Table 2: Export status in 2003 by EPZ regions 

 No EPZ EPZ Total 

Non-exporting 72.96 27.04 100.00 

Ordinary exports only firms 62.88 37.12 100.00 

 Moderate exports processing firms 68.58 31.42 100.00 

 High exports processing firms 85.87 14.13 100.00 

100% exports processing 96.51 3.49 100.00 

Total 73.71 26.29 100.00 

(Number of firms) (36025) (12847) (48872) 

 

Table 3: Export status in 2003 by ownership 

 Foreign Foreign-

state JV 

Foreign-

private  JV 

Private  State Others Total 

Non-exporting 3.12 1.44 5.54 71.54 12.64 5.73 100.00 

Ordinary exports 

only firms 

18.44 3.44 28.10 42.75 2.58 4.69 100.00 

 Moderate exports 

processing firms 

31.36 3.89 32.58 25.73 2.38 4.07 100.00 

 High exports 

processing firms 

55.68 5.87 27.50 8.54 0.88 1.53 100.00 

100% exports 

processing 

74.93 3.19 17.21 4.24 0.13 0.31 100.00 

Total 12.98 2.15 11.14 59.02 9.72 4.99 100.00 

(Number of 

firms) 

(6345) (1050) (5444) (28842) (4750) (2441) (48872) 

 

Table 4: Export status in 2003 by technology intensity of industry 

 Low-tech 

industries 

Medium low-

tech industries 

Medium high-

tech industries 

High-tech 

industries 

Total 

Non-exporting 30.17 38.47 22.05 9.32 100.00 

Ordinary exports 

only firms 

38.46 22.67 23.57 15.29 100.00 

 Moderate exports 

processing firms 

56.33 13.76 18.12 11.79 100.00 

 High exports 

processing firms 

45.23 20.03 24.74 9.99 100.00 

100% exports 

processing 

40.57 20.09 29.39 9.96 100.00 

Total 33.59 33.64 22.62 10.15 100.00 

(Number of firms) (16417) (16441) (11054) (4960) (48872) 
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Table 5:  Continuous covariates summary statistics for 2002 by export status 

 Mean Std. deviation Min Max Observations 

Ordinary exports only firms 

TFP 0.276 0.804 -4.008 5.063 5460 

Employment 5.301 1.109 1.609 9.975 5460 

Moderate exports processing firms  

TFP 0.418 0.795 -2.883 4.125 1722 

Employment 5.561 1.120 2.079 9.419 1722 

High exports processing firms 

TFP 0.383 0.951 -3.398 4.155 3524 

Employment 5.704 1.085 1.946 9.924 3524 

100% exports processing 

TFP 0.123 0.974 -3.227 4.330 2290 

Employment 5.737 1.044 2.303 9.228 2290 

(Total observations)     (48872) 
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Table 6:  

The relationship between GVC categories and firm performance: 

Covariates adjusted outlier-robust regression results 

 TFP  Wages 
 

Ordinary exports only  0.0739*** 0.1754*** 

 (0.007) (0.008) 

Moderate exports processing  0.0527*** 0.1557*** 

 (0.012) (0.013) 

High exports processing  0.0173 0.1918*** 

 (0.010) (0.011) 

100% exports processing  -0.0419*** 0.1009*** 

  (0.012) (0.013) 

Observations 46370 46354 

Notes: 

(i) GVC status measured in 2003, with “Non-GVC” as the omitted category. All outcome 

variables are measured as changes in 2005 relative to their 2002 value. 

(ii) ** p<0.05, *** p<0.01 

(iii) The regressions are adjusted for 59 pre-treatment covariates. These are the fives 

continuous variables employment, TFP, wages, subsidy, and leverage; the 9 categorical 

variables related to location, industry and ownership (see Table A2 for detail); and the 

full interaction terms between the continuous and the categorical variables. 
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Table 7: The causal effects of GVC treatments on performance 

Average (ATE) treatment effects from doubly robust regressions 

 TFP wages 

  

Ordinary 

exports only  

0.1394*** 0.2141*** 

 (0.020) (0.032) 

Moderate 

exports 

processing  

0.0968*** 0.2240*** 

 (0.037) (0.049) 

High exports 

processing  

0.1218*** 0.2510*** 

 (0.042) (0.051) 

100% 

exports 

processing  

0.1059 0.4896*** 

  (0.106) (0.099) 

Observations 46370 46370 

Notes: 
(i) ATE stands for average treatment effects. 

(ii) GVC status is measured in 2003, with “Non-GVC” as the omitted category. 

(iii) Outcome variable is measured as change in 2005 relative to the 2002 value, 

(iv) ** p<0.05, *** p<0.01 

(v) Regressions estimated via inverse propensity score weighted regressions, further adjusted 

for 59 covariates all observed in 2002. Stata’s user-written routine poparms (Cattaneo, 

Drukker et al. 2013) was used for this purpose. 

(vi) Common support condition is imposed leading to a loss of 2502 firm observations out of 

the original 48872. 

(vii) See Figures C1 and C2, for favorable evidence of covariate balancing. 
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Table 8: The causal effects of GVC treatments on TFP 

quantile (𝑄𝑞TE) treatment effects from doubly robust regressions 

 𝑸𝟎.𝟏𝟎TE 𝑸𝟎.𝟐𝟓TE 𝑸𝟎.𝟓𝟎TE 𝑸𝟎.𝟕𝟓TE 𝑸𝟎.𝟗𝟎TE 

 

Ordinary exports 

only  

0.2012*** 0.1285*** 0.1232*** 0.1484*** 0.0482 

 (0.033) (0.020) (0.020) (0.032) (0.079) 

Moderate exports 

processing  

0.1497** 0.0883** 0.0954*** 0.1162 0.1376 

 (0.064) (0.044) (0.035) (0.060) (0.144) 

High exports 

processing  

0.1254** 0.0941** 0.0709 0.0692 0.1855 

 (0.062) (0.038) (0.044) (0.057) (0.342) 

100% exports 

processing  

0.4478*** 0.2727*** 0.3081** 0.3675** -0.0779 

  (0.095) (0.092) (0.142) (0.148) (0.163) 

Observations 46370 46370 46370 46370 46370 

Notes:  
(i) 𝑄𝑞TE stands for quantile q treatment effects (e.g. 𝑄0.50TE is the median treatment effect). 

(ii) GVC status is measured in 2003, with “Non-GVC” as the omitted category. 

(iii) Outcome variable is measured as change in 2005 relative to the 2002 value, 

(iv) ** p<0.05, *** p<0.01 

(v) Regressions estimated via inverse propensity score weighted regressions, further adjusted 

for 59 covariates all observed in 2002. Stata’s user-written routine poparms (Cattaneo, 

Drukker et al. 2013) was used for this purpose. 

(vi) Common support condition is imposed leading to a loss of 2502 firm observations out of 

the original 48872. 

(vii) See Figures C1 and C2, for favorable evidence of covariate balancing. 
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Table 9: The causal effects of GVC treatments on wages 

quantile (𝑄𝑞TE) treatment effects from doubly robust regressions 

 𝑸𝟎.𝟏𝟎TE 𝑸𝟎.𝟐𝟓TE 𝑸𝟎.𝟓𝟎TE 𝑸𝟎.𝟕𝟓TE 𝑸𝟎.𝟗𝟎TE 

 

Ordinary 

exports only  

0.2141*** 0.1992*** 0.2153*** 0.3355*** 0.6221*** 

 (0.032) (0.037) (0.028) (0.038) (0.105) 

Moderate 

exports 

processing  

0.2240*** 0.2293*** 0.1746*** 0.2736*** 0.6633*** 

 (0.049) (0.046) (0.049) (0.085) (0.256) 

High exports 

processing  

0.2510*** 0.2357*** 0.2298*** 0.4598*** 1.1237*** 

 (0.051) (0.063) (0.065) (0.110) (0.311) 

100% exports 

processing  

0.4896*** 0.2109** 0.1107 0.2681*** 0.2837 

  (0.099) (0.087) (0.078) (0.090) (0.159) 

Observations 46370 46370 46370 46370 46370 

Notes: as per Table 8’s footnotes 
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Table 10:  The causal effects of GVC engagement in South-East Asia  

Average (ATE) and quantile (𝑄𝑞TE) treatment effects from doubly robust regressions 

 ATE  𝑸𝟎.𝟏𝟎TE 𝑸𝟎.𝟐𝟓TE 𝑸𝟎.𝟓𝟎TE 𝑸𝟎.𝟕𝟓TE 𝑸𝟎.𝟗𝟎TE 

Outcome variable 

Wages   0.0573*** 0.0428 0.0573*** 0.0740*** 0.0538** 0.0686 

 (0.017) (0.031) (0.019) (0.019) (0.023) (0.044) 

TFP  0.0795*** 0.0826*** 0.0768*** 0.0555*** 0.0765*** 0.0709 

  (0.017) (0.029) (0.019) (0.016) (0.020) (0.038) 

Observations 7756 7756 7756 7756 7756 7756 

Notes: 
(i) ATE stands for average treatment effects; and 𝑄𝑞TE for quantile q treatment effects (e.g. 

𝑄0.50TE is the median treatment effect). 

(ii) Treatment status is measured in 2003, with GVC firms with no involvement in South-East 

Asia as the base category. 

(iii) Outcome variable is measured as change in 2005 relative to the 2002 value, 

(iv) ** p<0.05, *** p<0.01 

(v) Regressions estimated via inverse propensity score weighted regressions, further adjusted 

for 59 covariates all observed in 2002  

(vi) Stata’s user-written routine poparms Cattaneo, Drukker et al. (2013) was used for this 

purpose. 

(vii) It turned out that there was no need to impose the common support condition in this 

subsample of GCV firms. 

(viii) See Figure C3 for evidence of covariate balancing. 
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Appendix A 

In this appendix, details on the data merging process and some summary statistics prior to 

data cleaning and restrictions imposed for the analysis are given.  We link two micro datasets 

from China over the period 2002-2005.  These are the firm-level production data available 

from China’s Annual Survey of Industrial Firms (CASIF) and the transaction-level trade data 

from the Chinese Customs Trade Statistics (CCTS). CCTS is supposed to consist of the 

universe of manufacturing importers and exporters; while CASIF includes the whole 

population of state-owned firms, and all non-state firms with annual sales above 5 million 

Chinese yuan, with about 250,000 firms by 2005. CASIF is cleaned to exclude gross outliers 

such as firms reporting fixed assets greater than total assets or negative sales figures. 

CCTS provides exports and imports values in US current dollar as well as value per unit; it 

also identifies whether trade is processing trade or ordinary trade, and the destination country 

for exports and country of origin for imports. Firms are classified by ownership type 

indicating whether the firm is wholly owned foreign affiliate, in joint venture with a foreign 

firm, privately-owned or state-owned. In 2005 the exports and imports value by firms in 

CCTTS amounted to about $147 billion and $126 billion respectively.  

Firms included in CASIF are estimated to account for more than 90% of Chinese industrial 

output. The dataset offers various balance sheet variables such as output, employment, assets, 

total value of exports as well as ownership structure, location and industry. In 2005 firms 

included in CASIF employed some 69 Million people. 

CASIF and CCTS do not have a common firm identifier, so a straightforward matching 

procedure is not possible. A fuzzy matching procedure is carried out based on the name and 

address of the firms.  Depending on the researcher subjective belief of the quality of their 

matching algorithm, the proportion of matched firms is likely to vary. The inclination of this 

project is to err on the side of caution, and take the best quality matches only. 

The linked dataset consists of 40,828 traders and 37,508 non-traders.  These firms employed 

a total of roughly 23 million people in 2005. In the same year, exports and imports by the 

sample firms amounted to about $52 billion and $45 billion respectively, representing 

roughly 30 percent of the total recorded trade in the customs dataset. 
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Tables A4 and A5 show the distribution of the sample firms by industry and region 

respectively and these appear to be fairly stable across the years. Table A6 shows that the 

ownership status of the sample firms is dominated by private firms (~55%) and foreign firms 

including joint ventures (> 30%).   

 

Table A4: Distribution of firms by industry 

 2002 2003 2004 2005 Total 

Food Processing 5.58 5.74 5.36 5.33 5.49 

Food Production 2.52 2.52 2.27 2.29 2.39 

Beverage Industry 1.83 1.78 1.50 1.51 1.64 

Tobacco Processing 0.14 0.13 0.10 0.10 0.12 

Textile Industry 7.30 7.81 8.58 7.96 7.96 

Garments and Other Fiber Products 4.52 5.15 5.07 4.91 4.93 

Leather, Furs, Down and Related 

Products 

2.10 2.51 2.83 2.69 2.56 

Timber Processing 1.52 1.52 1.63 1.57 1.57 

Furniture Manufacturing 0.91 1.11 1.38 1.38 1.22 

Papermaking and Paper Products 3.38 3.25 2.90 2.99 3.11 

Printing and Record Medium 

Reproduction 

2.85 2.77 2.30 2.40 2.55 

Cultural, Educational and Sports Goods 1.30 1.59 1.82 1.84 1.66 

Petroleum Refining and Coking 0.74 0.63 0.54 0.55 0.61 

Raw Chemical Materials and Chemical 

Products 

7.81 8.08 7.38 7.35 7.63 

Medical and Pharmaceutical Products 2.63 2.60 2.27 2.27 2.43 

Chemical Fiber 0.50 0.51 0.47 0.47 0.49 

Rubber Products 1.15 1.21 1.40 1.38 1.30 

Plastic Products 4.72 4.78 4.71 4.79 4.75 

Nonmetal Mineral Products 9.98 8.73 8.48 8.69 8.92 

Smelting and Pressing of Ferrous Metals 2.00 1.72 1.86 1.81 1.84 

Smelting and Pressing of Nonferrous 

Metals 

1.64 1.51 1.76 1.73 1.67 

Metal Products 5.03 4.29 4.91 5.01 4.82 

Ordinary Machinery 7.07 6.95 7.02 7.11 7.04 

Special Purposes Equipment 4.06 4.00 3.78 3.83 3.90 

Transport Equipment 5.16 4.90 4.65 4.82 4.87 

Other Electronic Equipment 6.37 6.49 6.55 6.55 6.50 

Electric Equipment and Machinery 3.70 4.05 4.42 4.58 4.22 

Electronic and Telecommunications 1.56 1.67 1.73 1.75 1.68 

Instruments and meters 1.92 2.00 2.34 2.34 2.17 

Total 100.00 100.00 100.00 100.00 100.00 

 (56005) (60409) (73967) (70188) (260569) 
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Table A5: Distribution of firms by region 

 2002 2003 2004 2005 Total 

Beijing 3.06 2.91 2.66 2.73 2.82 

Tianjing 3.04 2.84 2.69 2.68 2.80 

Hebei 4.89 4.65 4.20 4.26 4.47 

Shanxi 1.36 1.25 1.10 1.10 1.19 

Neimenggu 0.84 0.82 0.71 0.69 0.76 

Liaonign 3.73 3.71 3.74 3.74 3.73 

Jilin 1.03 0.99 0.89 0.91 0.95 

Heilongjiang 1.11 1.07 0.91 0.95 1.00 

Shanghai 7.95 7.94 7.67 7.82 7.83 

Jiangshu 12.31 12.42 13.12 12.83 12.71 

Zhejiang 12.67 13.70 14.97 14.60 14.08 

Anhui 1.78 1.79 1.58 1.59 1.67 

Fujian 4.91 4.84 4.90 4.91 4.89 

Jiangxi 1.15 1.14 1.05 1.03 1.08 

Shandong 8.66 9.07 9.51 9.54 9.23 

Henan 1.71 1.70 1.58 1.49 1.61 

Hubei 2.18 2.14 1.89 1.93 2.02 

Hunan 2.28 2.16 1.92 1.91 2.05 

Guangdong 13.58 13.61 15.18 15.44 14.54 

Guangxi 1.32 1.34 1.23 1.24 1.28 

Hainan 0.35 0.34 0.31 0.32 0.33 

Chongqin 1.35 1.31 1.12 1.14 1.22 

Sichuan 3.22 3.08 2.68 2.69 2.89 

Guizhou 1.27 1.16 0.95 0.96 1.07 

Yunnan 1.16 1.10 0.95 0.94 1.03 

Tibet 0.05 0.05 0.04 0.04 0.04 

Ganshu 0.61 0.57 0.51 0.52 0.55 

Qinghai 0.12 0.11 0.10 0.10 0.11 

Ningxia 0.22 0.21 0.21 0.19 0.21 

Xinjiang 0.63 0.60 0.49 0.51 0.55 

Total 100.00 100.00 100.00 100.00 100.00 

 (56005) (60409) (73967) (70188) (260569) 
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Table A6: Distribution of firms by ownership status 

 2002 2003 2004 2005 Total 

 Foreign 14.36 15.74 20.28 20.92 18.13 

 Foreign-state joint venture 2.39 2.06 1.54 1.41 1.81 

 Foreign-private  joint venture 12.53 12.70 14.32 13.33 13.29 

 Private 55.58 56.05 53.61 54.61 54.87 

 State 10.06 9.02 6.89 6.50 7.96 

 Others 5.07 4.44 3.35 3.24 3.94 

Total 100.00 100.00 100.00 100.00 100.00 

 (56005) (60409) (73967) (70188) (260569) 
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Appendix B 

Table B1 gives the precise definition of all variables used in the econometric analysis. The 

relevant propensity scores are estimated based on a rich set of 59 covariates (5 continuous; 9 

categorical variables and the full interaction terms between the continuous and the categorical 

variables) observed in the pre-treatment year of 2002. The continuous firm level baseline 

covariates are: TFP, wage, subsidy, employment, and leverage. The categorical variables 

consists of an indicator variable of whether or not the firm is in an exports processing zone; 5 

ownership dummy variables (foreign; foreign-state joint venture; foreign-private joint 

venture; state and private, with “other” mixed categories used as the base group); and 3 

dummy variables indicating the technological intensity of the firm’s industry - medium-tech; 

medium high-tech and high-tech, with low-tech industries uses as the base group (see Table 

B2 for this list of industries).  
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Table B1: Definition of variables used in the analysis 

Treatment 

variable 

Definition 

Non-GVC Dummy variable indicating firms without any kind of GVC activity (i.e. “purely” 

domestic firm). 

Ordinary exports 

only 

Dummy variable indicating firms for which ordinary exports account for 100% of 

their total exports.  

Moderate  exports 

processing 

Dummy variable indicating firms for which exports processing account for more 

than 0% but less than half of their total exports. 

High exports 

processing 

Dummy variable indicating firms for which exports processing account for over half 

but less than 100% of their total exports. 

100% exports 

processing 

Dummy variable indicating firms for which exports processing account for 100% of 

their total exports. 

Baseline covariates (2002 values)  

Employment (Size)  Log of employment  

Wages Log of wages per worker.  

TFP Log total factor productivity estimated using the Levinsohn and Petrin (2003) 

approach. 

Subsidy  Log of (production subsidy received by firms +1) 

Leverage Total liability over total assets 

EPZ dummies  1 if province has exports processing zones; 0 else 

Industries dummies Dummy variables for medium low-tech; medium high-tech and high-tech industries. 

Firms in low-tech industries belong to the base group. 

Ownership 

dummies 

Dummies variables for majority foreign; foreign-state joint ventures (JV)’ foreign-

private JV; majority private and majority state-owned firms. The base category is 

“other firms” which consisted of firms of mixture of at least three types of 

ownership with no majority ownership. 

Outcome variables (allowing  for a difference-in-differences approach) 

Wages  log wages in 2005 – log wages  in 2002 

TFP log TFP in 2005 - log TFP in 2002 
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Table B2: 

Classification of manufacturing industries by technology intensity 

Low-technology 

industries 

Medium low-

technology industries 

Medium high-

technology 

industries 

High-technology 

industries 

Food Processing Petroleum Refining 

and Coking 

Ordinary 

Machinery 

Medical and 

Pharmaceutical 

Products 

Food Production Raw Chemical 

Materials and 

Chemical Products 

Transport 

Equipment 

Special Purposes 

Equipment 

Beverage Industry Chemical Fiber Other Electronic 

Equipment 

Electronic and 

Telecommunications 

Tobacco Processing Rubber Products Electric 

Equipment and 

Machinery 

Instruments and 

meters 

Textile Industry Plastic Products   

Garments and Other 

Fiber Products 

Nonmetal Mineral 

Products 

  

Leather, Furs, Down and 

Related Products 

Smelting and Pressing 

of Ferrous Metals 

  

Timber Processing Smelting and Pressing 

of Nonferrous Metals 

  

Furniture Manufacturing Metal Products   

Papermaking and Paper 

Products 

   

Printing and Record 

Medium Reproduction 

   

Cultural, Educational 

and Sports Goods 

   

 

Source: OECD classification scheme see http://www.oecd.org/sti/ind/48350231.pdf).  

  

http://www.oecd.org/sti/ind/48350231.pdf
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Appendix C 

Propensity score estimation and covariate balancing 

We start with a look at Table C1 which reports average marginal effects from the 

multinomial logit regression of the determinants of the treatment level, which is the basis for 

the propensity score estimation. It is worth noting that role of propensity score estimation in 

treatment effects models with observational data is not so much as providing a causal 

explanation of the mechanisms generating the treatment level as offering a “balancing score”, 

in the sense of weighting the observations to eliminate biases in estimated treatment effects 

due to differences in the distribution of the baseline covariates.
11

  

Table C1 and subsequent analysis are based on 46370 observations out of the original 48872 

because 2502  firms were lost when common support conditions are imposed across the 

treatment levels to improve balance in covariate distribution. For each of the four treatment 

categories, standardised differences are calculated for the 59 covariates (5 continuous; 9 

categorical variables and the full interaction terms between the continuous and the categorical 

variables)
12

. Figure 1 and 2 provide graphical evidence that weighting using inverse 

probability of export participation has managed to eliminate a great deal of the systematic 

differences between exporting and non-exporting firms. As anticipated, foreign ownership is 

a statistically and economically significant determinant of export involvement. By contrast, 

the marginal effects of TFP on the decision to engage in exporting are either largely 

economically insignificant, or in the case of 100% exports processing negative. On the other 

hand, more leveraged firms appear to have lower likelihood of engaging in high intensity 

exports processing, all else equal.  

                                                      

11
 See for example  Chapter 13 of Imbens and Rubin (2015).  

12
 See Chapter 14 of  ibid. for the importance of covariate balancing and for some illuminating 

discussions of different ways of checking for this in propensity score based estimations. 
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Table C1: The determinants of GVC treatment: 

Average marginal effects from multinomial logit regression 

 Ordinary 

exports only  

 

Moderate exports 

processing  

High exports 

processing  

100% exports 

processing 

TFP 0.0078*** 0.0060*** -0.0009 -0.0127*** 

 (0.002) (0.001) (0.001) (0.001) 

Wage 0.0214*** 0.0055*** 0.0118*** -0.0009 

 (0.003) (0.001) (0.002) (0.001) 

Subsidy 0.0155*** 0.0071*** 0.0045*** -0.0128*** 

 (0.003) (0.001) (0.001) (0.001) 

Employment -0.0041 0.0026 0.0164*** 0.0212*** 

 (0.003) (0.002) (0.002) (0.001) 

Leverage  -0.0134*** 0.0042 -0.0136*** -0.0231*** 

 (0.005) (0.003) (0.004) (0.004) 

EPZ region 0.0787*** 0.0211*** -0.0075*** -0.0419*** 

 (0.004) (0.002) (0.003) (0.002) 

Foreign owned 0.1182*** 0.0627*** 0.2429*** 0.2075*** 

 (0.012) (0.010) (0.010) (0.006) 

Foreign-state JV 0.0731*** 0.0238** 0.1089*** 0.0552*** 

 (0.018) (0.012) (0.014) (0.008) 

Foreign-private JV 0.1992*** 0.0608*** 0.1258*** 0.0680*** 

 (0.013) (0.010) (0.009) (0.004) 

Private-owned 0.0064 -0.0091 -0.0127 0.0013 

 (0.011) (0.009) (0.007) (0.002) 

State-owned -0.0518 0.1166 -0.0199** -0.0033** 

 (0.085) (0.085) (0.008) (0.002) 

Medium low-tech 

industries 

-0.0340*** -0.0349*** -0.0129*** 0.0029 

 (0.003) (0.002) (0.003) (0.002) 

Medium high-tech 

industries 

-0.0095** -0.0276*** -0.0055 0.0191*** 

 (0.004) (0.002) (0.003) (0.002) 

High-tech 

industries 

0.0410*** -0.0127*** -0.0132*** -0.0030 

 (0.006) (0.003) (0.004) (0.003) 

Observations 46370 46370 46370 46370 
Notes: 

(i) treatment status measured in 2003, and all covariates’ values are for 2002. 

(ii) Robust standard errors in parentheses, 

(iii) ** p<0.05, *** p<0.01 

(iv)  Regression includes the full interaction between the continuous and the categorical pre-

treatment covariates. 
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Figure 1: Covariates standardised differences in raw data
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Figure 2: Covariates standardised differences in weighted data
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Figure 3: Evidence of covariates balancing:


