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1 Introduction

Antidumping (AD) is a contingent trade policy tool that allows governments to impose restrictions against
foreign imports within the rules of the GATT.! While policy makers tend to regard dumping as an unfair
trade practice of foreign firms that needs to be punished, economic theories predict that dumping is only
harmful in the unlikely case of predatory dumping, when low prices are aimed at driving all competitors
out of the market to capture monopoly profits later on. Many economists therefore worry that AD merely
serves governments as protectionist device accomodating protectionist pressures from domestic producers at
the cost of other agents in the economy.?

Until the end of the 1980s, AD policy was almost exclusively applied by the so-called traditional users
EU, US, Canada and Australia. However, developing countries have become predominant in the use of
AD policy over the recent years (Vandenbussche and Zanardi, 2008). Between 1990 and 2000, at least
40 developing countries adopted an AD law.® The share of AD measures imposed by these countries has
increased tremendously from 2% prior to the 1990s to 57% in 2008.# While the existing empirical evidence on
AD focusses on the EU and the US, the empirical literature on AD in developing countries has just started to
emerge. In order to assess the increased use of AD by developing countries, however, it is important to learn
more about the economic impact of AD in these countries. The economic impact may differ from the one
in developed countries because institutional settings and motivations for the use of AD policy are country-
specific.’ Furthermore, countries have considerable scope in the design of AD laws and their application
within the GATT rules.

In this paper we investigate the impact of Indian AD policy on domestic firms’ markups calculated as
price-cost margins. Using an Indian firm-level dataset, we contribute to the growing empirical trade literature
that uses micro data and provide first firm-level evidence on the effects of AD policy in a developing country.
The effect of AD protection on firms’ market power constitutes an important building block of the overall
assessment of AD protection which motivates the thematical focus of our paper.

An AD tariff is theoretically similar to an import tariff. Static models of imperfect competition predict

a rise in markups due to a tariff (Helpman and Krugman, 1989). However, import diversion due to the

1Dumping is legally defined as a price of an imported product being lower than its normal value. The normal value usually
corresponds to the price that the foreign importer charges for the product in its home country. Together with an injury finding
of the domestic industry and the establishment of a causal link of dumping and injury, governments can impose AD measures
where mostly a tariff is chosen as measure.

2Especially during the recent global economic crisis, the fear of an abuse of the AD rules of the GATT was prevalent. Data
showed a worldwide increase of AD intiations by 31% and an increase of AD measures by 19% in 2008 compared to 2007 as
reported in the WTO (2009a) AD statistics.

3This number was derived from Table 1 in Zanardi (2004a) who gives a comprehensive overview of the proliferation of AD
laws. The classification of developing countries is based on IMF (2009).

4The first number comes from WTO (2009b, p.139). The second number was calculated based on WTO (2009a).

5Bown (2008) provides evidence for substantial heterogeneity in the determinants of AD use at the industry level across
countries.



discriminatory imposition of AD measures, tariff jumping of foreign firms or entry of domestic firms into the
market may at least dampen such a rise in markups, such that the impact of AD protection on markups
finally remains a question of empirics. Konings and Vandenbussche (2005) find for the EU that domestic
firms’ markups increase significantly during periods of AD protection. Nieberding (1999) provides three
case-studies on the effect of US AD law on market power of domestic firms and observes as well a positive
impact. In contrast, Blonigen et al. (2007) do not find any effect of AD protection on the market power of
US steel producers. Given these rather ambiguous results, further empirical evidence for other countries,
especially developing countries, is needed.

India is a particularly interesting country to focus on as it is currently the main user of AD policy
worldwide.® After the adoption of an AD law in 1985, India initiated its first AD case in 1992. While the
number of cases until 1998 was still relatively low, the number of initiations and measures imposed by Indian
authorities drastically increased from 1998 on. In six of the seven years between 2002 and 2008, India was
the country with the worldwide largest number of AD case initiations. However, while there exists a large
body of literature on Indian trade policy concerned with the effects of the 1991 initiated trade liberalization
reforms in India, the literature on Indian AD policy is quite new.” We therefore believe to make an important
contribution not only to the empirical trade literature in general, but as well to the one on India’s trade
policies in specific.®

The rest of this paper is organized as follows. In the next section we describe the data. In section 3
we outline the empirical methodology that is applied in order to identify the effect of AD protection on

markups. Section 4 contains results of the estimations and their interpretation. Section 5 concludes.

2 Data

In our study we mainly draw from two databases. The first database, Prowess, contains Indian firm-
level data that is collected by the Centre for Monitoring Indian Economy (CMIE), a private company based
in Mumbai. Prowess reports information from balance sheets and income statements of Indian firms. It
contains only data for medium and large size enterprises, a restriction that needs to be taken into account
when interpreting our results. However, Goldberg et al. (2010a) who study the response of domestic variety
to trade liberalization and use the same dataset report that Prowess contains data on firms that account for

60% to 70% of organized industrial activity in India, 75% of the Indian government’s cooperate tax revenue

6Figure 1 shows the evolution of the number of AD case initiations and measures imposed by Indian authorities. Figure 2
illustrates the number of AD measures in force over time.

"For example, Narayanan (2006), Baruah (2007), Ganguli (2008) and Malhotra and Malhotra (2008).

8 According to Vandenbussche and Zanardi (2010), the trade-depressing impact of AD measures in India has been far from
negligible, largely offsetting the positive impact of the trade liberalization reforms that lowered the average import tariff from
more than 90% in 1990 to around 30% in 2000 as reported by Topalova (2007).



and 95% of revenues from excise duties which gives us confidence in the dataset coverage. Firms are assigned
to industries according to two classification systems: NIC which is a 5-digit industry classification that is
only used by Indian statistical agencies® and a more detailed economic activity classification that is internally
used by CMIE. For this study, we use data on firms’ sales, raw material expenses, salaries and wages and
net fixed assets of manufacturing firms. Nominal values are deflated using a sector-specific Wholesale Price
Index (WPI) published by the Office of the Economic Advisor to the Ministry of Commerce and Industry. As
salaries and wages are to a large extent only available from the year 2000 onwards, the examination period
is restricted to the years from 2000 to 2007. We end up with an unbalanced panel of 4183 manufacturing
firms with in average 3216 observations of markups in each year of the examination period. Some descriptive
statistics of the Prowess data are given in Table 1.

For the second database, hereafter referred to as AD database, we collect data on all Indian AD cases from
1992 until 2007.'° For each case, the Indian government publishes notifications on initiation, preliminary
and final findings and on the imposition of antidumping measures in the government journal Gazette of
India. Our database draws upon these notifications that are mostly made available on the official websites
of the Indian Ministry of Industry and Commerce and the Ministry of Finance. Where some information is
missing, the semi-annual reports of India to the WTO and Eximkey'!, a private internet portal containing
government notifications on trade policies, are used as secondary complementary sources. For each AD case
we retrieve the name of the product for which protection was filed and the corresponding HS codes at the
6- or 8-digit level as reported in the notifications. Our databases includes as well target countries, relevant
dates and measures recommended and imposed if any. Furthermore, the notifications contain the names of
firms that file or support an AD petition and of other firms in the industry which we extract.

Tables 2-5 and Figures 1-2 provide some descriptive statistics of the AD database. On the whole, 486
AD cases were initiated between 1992 and 2007 of which 375 resulted in protection and 98 were either
withdrawn or ruled negatively such that no AD measure was imposed.'? In these cases 411 different firms
are mentioned in the notifications, some of them several times. These firms are reported to account in
average for a production share of at least 78% in their industries. Most cases were initiated against China
(102), the European Union (38) and South Korea (38). The vast majority of cases (67%) is initiated in the
chemicals industry, followed by basic metals (9%) and electrical machinery (5%).

Now we face the difficult task to match the AD database with the firm-level database in order to identify

90n the 4-digit level the NIC classification (Rev. 1998) corresponds perfectly to the internationally used ISIC (Rev. 3)
industry classification.

10The Global AD Database (v3.0) compiled by Chad Bown serves as starting point. However, we extend this database
until 2007, complement it with additional information, check all the data for correctness and do necessary corrections where
appropriate.

1 See http://www.eximkey.com.

1213 cases were still under investigation in June 2009, the time the database was updated for the last time.



those firms that are involved in AD cases. This is not a straight-forward exercise as Prowess does not contain
any standardized information on the set of products that each firm produces and sells while AD duties are
imposed on specific products.'®> However, we apply four alternative methods to identify these firms and
will henceforth refer to these methods as firm, all NIC, all EA and HS-NIC method, respectively. First
(firm), we just take the firms that we directly extracted from the notifications and try to find them in the
firm-level database. We do this manually taking into account variations in spellings and possible changes of
firm names'* and are able to identify almost 70% of all the firms that are mentioned in the notifications.
Second (all NIC), as there are possibly more firms that are affected by AD cases, we check which 5-digit
NIC industry code Prowess assigns to the firms that are mentioned in the notifications and consider all other
firms in Prowess that belong to the same industry also as involved in the AD case. Third (all EA), we check
which economic activity code Prowess assigns to the firms in the notifications and consider all other firms
with the same economic activity code as involved in the AD case. Fourth (HS-NIC), we make use of the
HS product codes that we extracted for each case. We match these codes to the NIC industry classification
at the 4-digit level using several correspondence tables published by UN (2009).15 All the firms that are
assigned to the matched NIC industry are then considered to be involved in the respective AD case.

For each of these four groups of firms we create an AD protection profile containing the information if
a firm was protected or not by an AD measure in a certain year. We count a year as “protection year” if
there was an AD measure in place for at least six months.

Besides Prowess and the AD database, we use data on imports from the Ezport Import Databank of
the Indian Ministry of Commerce and Industry, where imports are deflated by the Wholesale Price Index
(WPI). The import penetration ratio at the industry level is calculated as industry imports over the sum
of industry imports and industry sales, where industry sales are aggregated from Prowess. This is likely to
yield a downward biased measure of import penetration which is, however, non-avoidable as we do not have
other data on industry sales at hand. Tariff data for the years 1996 and 2000 stem from the Integrated Data

Base (IDB) of the WTO. Summary statistics for import and tariff data are reported in Table 6.

131n principle, firm-product-level data is available in Prowess, but it does not follow any norm such that the level of detail in
reporting and the spelling of product names differ across firms. Up to now this data therefore cannot be used in the analysis.

141f no direct match is found at first hand, we try to find some information on firms’ webpages if the firm possibly changed
its name. If this is the case, we try to identify the firm in Prowess under its new name.

15Most studies using Indian data, for example Goldberg et al. (2010Db), rely on a concordance table by Debroy and Santhanam
(1993) which matches HS to 3-digit NIC codes. I match at the more disaggregate 4-digit level using the fact that NIC (Rev.
1998) matches one-to-one to ISIC (Rev. 3) at this level. HS can be matched to ISIC with the available concordance tables,
where few AD cases were assigned to more than one NIC sector. The matching was checked manually for correctness.



3 Empirical methodology

3.1 Measuring markups

Markups as measure for the market power of firms are rarely directly observable as we do not have data
on price P and marginal cost C at hand. Markups have to be indirectly inferred where different methods
are at our disposal. One popular method that is discussed by Tybout (2003) and used in our paper is the

calculation of the price-cost-margin (PCM) as proxy for the Lerner index of monopoly power,
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where P;;Q; are sales, Py M;: are material costs and Wi ;N is the wage bill of firm i in year t. If we
assume that all short-run marginal costs are covered by wage bill and material costs and if we assume that

unit labor and material costs are linear with respect to output, the second equality in (1) holds.

3.2 Estimating the effect of protection

Generally, we are interested in what is commonly known as the average treatment effect on the treated,
where treatment corresponds in our case to AD measures imposed. Hereby we face the common problem in
the non-experimental policy evaluation literature: we do observe treated, protected firms only when they get
treatment, but not in the counterfactual situation when they do not get any treatment. In order to overcome
this problem, we separately estimate the following regression equation for two groups of firms, those that
get protection and an appropriately chosen control group of firms:
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«; is an unobserved firm-specific fixed effect and €;; is an idiosyncratic error term. PR;; takes on a value
of one if firm i is protected by an AD measure in year t and zero otherwise. PR; is interacted with a
vector of dummy variables Y FAR_S;; that indicates the year relative to the first year of AD protection. For
example, Y FAR_2;; takes on a value of one in the second year an AD measure is in force and zero otherwise.
This way of proceeding allows us to detect the strength of the effect year by year after the imposition of
the AD measure, considering possible time heterogeneity. A vector of year dummies, Y EFAR;, accounts for
macroeconomic shocks that have an impact on markups of firms in all industries. Following Tybout (1996),
Roberts (1996), Grether (1996), Konings and Vandenbussche (2005) and others, we include as well the capital
K

over sales ratio B0, 28 control. As illustrated by Tybout (2003) the impact of AD protection should be



zero after controlling for capital over sales if industries are perfectly competitive. Finally, to control for

scale effects, we add the market share of firm i in industry j, (%), as additional regressor on the
i€j vt

right-hand-side.'® Due to potential endogeneity problems, we instrument the capital over sales ratio and the

market share with their past values at t - 1 and t - 2.

3.3 Selecting control groups

The choice of an appropriate control group of firms is not a straight-forward task, but it is a crucial one.
We would like to know what would have happened if the protected firm had not been protected. If AD
measures were assigned randomly across firms, such that protected and unprotected firms had on average
the same characteristics determining the PCM trajectory and differed only by the fact that protected firms
are treated while unprotected firms are not, the PCM trajectory of all unprotected firms could serve as a
counterfactual. In reality, however, AD protection is unlikely to be randomly assigned across firms. It may
be endogenous as two stages of selection are involved before a firm gets protection. In the first stage, firms
self-select themselves by filing a petition for AD protection. In the second stage, the government decides
upon if protection is granted or not based on its injury and dumping findings.'”

The first control group that we consider is the group of firms that are involved in termination cases, firms
that belong to a sector for which the Indian AD authorities decide not to grant AD protection or firms that
withdraw their petition after filing. We check if we can find a change in markups after the year of initiation of
a termination case and compare the results with the ones for the treated group of firms where AD measures
were really imposed. The choice of this control group is likely to eliminate the first stage self-selection bias.
On the other hand, however, treatment assignment across these firms by the government or the decision to
withdraw a case is still likely to be non-random.

To find an alternative second control group, we follow the microeconometric evaluation literature and
draw upon matching techniques (Heckman et al., 1998). Matching methods being originally applied to cross-
sections of data have recently started to be used as well for panel data.'® The use of matching techniques to
tackle policy endogeneity avoids problems related to the use of other policy evaluation methods as discussed
by Blundell and Costa Dias (2009).

For the matching process, we assume that all differences between protected and unprotected firms that
affect treatment assignment, markups and their evolution can be fully captured by a vector of observable

pre-treatment characteristics, making use of our relatively rich dataset as described in the previous section.

16Due to the partly small number of firms in the samples, we do not interact protection with the market share which would
allow us to analyse if firms with a larger market share may benefit more from AD protection.

17See footnote 1.

8For example, see De Locker (2007) or Konings and Vandenbussche (2008).



It is our aim to associate to each protected firm an unprotected “twin” firm that is as similar as possible in
these observables to the protected counterpart prior to protection. Rosenbaum and Rubin (1983) suggest
to summarize the multidimensional vector of pre-treatment characteristics within a one-dimensional index,
the propensity score p;;, and therewith reduce the number of variables that enter the matching function
to one in order to overcome the “curse of dimensionality”. To obtain the propensity score, I estimate the
following pooled probit model on the sample of treated firms and firms that never get protection as potential
control group. The group of treated firms is restricted to include only those firms that get protection from
an AD case initiated between 2002 and 2007, but not before. This allows us to match on pre-treatment

characteristics, considering the limited period from 2000 to 2007 for which firm-level data is available:

P’/‘{INIT’” = 1} = (I)(ﬁ() + ﬂlPCMi,t—l + 52PCMGWTH,'¢_1 + BgIMPGWTHj,t_l (3)
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The dependent variable INIT;; equals one if a firm i initiates for the first time in year t a case for which
protection is granted and zero otherwise. ®(.) is the normal cumulative distribution function, j is an industry
index at the NIC 4-digit industry level. The independent variables are required to capture all characteristics
that have an impact on both PC'M and the probability of getting protection. The selection of characteristics
takes into account some findings of the recent literature.

We include the price cost margin, PC M, and its growth rate, PCMGWTH. If the PCM follows the same
trend before protection for both groups of firms, we may expect the same trend to persist for both groups of
firms if protection does not have any effect on the PCM. Furthermore, market power of firms and industry
concentration as proxied by the PCM level may be relevant for the decision of the Indian government to
grant protection as shown by Baruah (2007). We as well include import growth IM PGWTH which is an
important factor that the Indian governments considers when it establishes the link between dumping and
injury during the AD investigations. IM PP is the import penetration ratio defined as imports over the
sum of domestic industry sales and imports and is important for the determination of AD policy decisions
(Konings and Vandenbussche, 2005; Blonigen and Park, 2004). As a measure for firm size, we include
LOGC AP, the logarithm of deflated net fixed assets of a firm. TAR9600D1F'F is the difference between the
average applied tariff levels of 2000 compared to 1996. Bown and Tovar (2009) show that especially firms
in those sectors that experienced a large decrease in import tariffs during the Indian trade liberalization
period are the ones that get AD protection. Finally, we include a set of year dummies. All independent
variables are introduced with a lag, taking into account that governments grant protection based on past

firm performance and minimizing the risk of endogeneity due to ex-ante behavioural adjustments of firms.



Given the propensity score, we apply nearest-neighbour matching where we choose for each treated firm
a single nearest neighbour. In order to guarantee unbiased results, we restrict our sample to the common
support of the propensity score. Matching is done without replacement such that a firm is dropped from
the dataset once it is matched and cannot be matched to another treated firm. Considering each firm only
once reduces the variance of our estimates and is unlikely to create a relevant bias as a considerable number
of untreated potential control firms is available for a match within each interval of the common support.
This avoids the problem of matching two different firm-year observations belonging to the same firm to two
different treated firms. To guarantee that results do not depend on factors related to the matching order,
this order is generated randomly as proposed by Caliendo and Kopeinig (2008).

We end up with a control group of matched firm-year observations where we consider the year in which
a firm is matched as the hypothetical year of initiation of an AD case. We check if the PCM of these firms

changes signficantly in the years afterwards by estimating equation (2).

4 Results

4.1 Matching procedure: Pooled probit model and nearest neighbour matching

First, we discuss the results of the matching procedure as outlined in the previous section. The results
of the pooled probit estimation introduced in (3) are reported in Table 7. Although the regression itself
is not in the focus of our paper, we get some confidence about the choice of variables when looking at
the estimated coefficients. These mostly carry the expected sign when significant: An incease of foreign
competition measured by import growth tends to have a positive effect on the likelihood of protection.
Where import growth does not play any significant role, a high level of foreign competition measured by the
import penetration ratio tends to positively affect the probability of AD protection. If firms are in sectors
that experienced a decrease in import tariffs between 1996 and 2000, they are more likely to get protection
which is in line with the findings of Bown and Tovar (2009). Furthermore, large firms with more market
power as measured by the PCM and a lower growth rate of the PCM are more likely to initiate a case for
which protection is granted.

Figures 3-6 show the kernel density estimates of the propensity scores before and after the matching for
the four methods. Although there are quite large differences in the distributions before the matching, the
common support restriction is never binding in the sense that there are no observations for treated firms
outside the common support that we need to drop. After the matching procedure, the estimated density

functions are almost identical. In Tables 8-11 we report the means of the matching arguments for treated



and matched firms and perform t-tests for the inequality of these means. For all variables and all methods
with the exception of one case, we cannot reject the null at a significance level of 5% that the independent
variables’ means of treated firms and firms in the selected control group are equal which by and large confirms

our success in matching.

4.2 Effect of AD protection on markups: Single-difference equations

Now let us turn to the results of our main interest, the estimation of the effect of AD protection on
markups. Results of fixed effect (FE) regressions are reported in Tables 12-14 for all four methods: firm, all
NIC, all EA and HS-NIC.'® For all regressions, we observe that standard errors of the estimated coefficient
of PR,y X YEAR_S;; tend to increase in S. This is what we expect. There are far more observations of the
PCM for the first year of protection than for the fifth year of protection: For an AD case for which protection
is granted from 2003 on, we observe the PCM for the first as well as for the fifth year of protection while
for an AD case for which protection was granted not earlier than 2007, we just observe the PCM in the first
year of protection. We always test for the validity of instruments chosen for the capital over sales ratio and
the market share. As we use more than one instrument, we can test overidentifying restrictions. At the 5%
significance level, the heteroskedasticity robust Hansen’s J test cannot reject the exogeneity of instruments
with respect to the PCM. We as well compute the Cragg-Donald F-Statistic in order to check for weak
identification and find reasonable values that are mostly above the critical ones derived by Stock and Yogo
(2005).

Irrespective of the method used to identify protected firms, we find a sigificantly positive effect of AD
protection on the PCM of these firms as shown in Table 12. For three of the four methods, this positive effect
does not yet significantly show up in the first period of protection. This is possibly due to the fact that we
count a year as “protection year” even if protection is in place for less than twelve months (but more than
six months) of this year. For one method, all FA, the significantly positive effect shows up only in the fifth
year protection is in place. However, what all regressions for treated firms have remarkably in common is the
pattern of the positive effect that is found in the regressions: the effect of AD protection tends to become
stronger over time, a finding that is to our knowledge new in the literature. There are five explanations that
could possibly explain such a pattern: First, higher prices that lead to a larger PCM may not need to be
easily absorbed by price-sensitive consumers such that a slow upward adjustment of prices over time may

be more profitable for firms. Second, as Konings and Vandenbussche (2008), based on the model by Lileeva

9We compute the Hausman test statistic to compare FE with random effects (RE) regressions. For no regression we can
reject the more efficient RE estimation. However, as the two methods yield almost identical results and as the use of FE methods
is much more common in the relevant literature, we report only the results of the FE regressions. For these, consistency does
not rely on the additional assumption of zero correlation between the firm-specific effect and the other regressors.

10



and Trefler (2007), argue, some firms possibly undertake productivity-improving investments induced by a
larger market created by AD protection. Such cost reducing investments may generate larger PCMs, but
need some time to leave rents. Third, scale effects may play a role such that firms reduce their costs by
producing more in order to fill the protection-induced gap in supply. Fourth, firms may strategically try to
push their prices up in later periods in order to make further dumping findings against other target countries
or a confirmation of the current AD measures in reviews more likely. Fifth, some firms are granted increased
protection by the government resulting from other AD cases initiated after the first AD case. This may
result in a stronger average effect found for later years of protection.

The magnitude of the effect is quite large: from an increase of the PCM of between 3.8 and 7.4 percentage
points (pp) in the second protection year relative to years in which there is no protection up to an increase of
between 8.8 and 14.0 pp in the fifth protection year. For the sample of firms that are mentioned in the AD
notifications, the magnitudes of the effect tend to be relatively large: among these firms there are those that
file or support a petition willing to incur the fixed costs of filing and providing information to governments
in order to get protection. It seems reasonable to assume that these firms are likely to have a lot to gain
from protection. The magnitudes of our estimates are comparable to the 4 pp increase in the PCM due to
AD policy that is found by Konings and Vandenbussche (2005) for EU firms.

In order to verify that the PCM of Indian firms increases due to the imposition of AD measures, we need
to compare the results obtained for treated firms to the ones derived for control firms. As Tables 13 and 14
show, we indeed do not find any significantly positive effect of AD protection on the PCM for both control
groups in most of the cases. There are, however, two exceptions: First, for two of those control groups
that contain firms involved in termination cases, we find a significantly positive effect in the fifth protection
year (first and fourth column of Table 13), in the first column following a pattern of increasing coefficients
similar to the one found for treated firms. This result suggests that firms that withdraw their cases or do
not get any protection may nevertheless benefit from the mere initiation of an AD case albeit to a smaller
extent. Here, collusive behaviour of firms may play a role as discussed by (Zanardi, 2004b). Second, for the
matched control groups, two significantly positive coefficients show up when the HS-NIC method is used
for the identification of protected firms (second column of Table 14). Exact reasons for this still have to be
explored.?? On the whole, however, these exceptions do not seem to alter our conclusion that Indian AD

protection seems to have a positive effect on the PCM of Indian import-competing firms.

200ne reason could be that the standard errors reported in the regressions for the matched control group are likely to
underestimate the true standard errors, potentially indicating significance when there actually is none. This is because the
uncertainty generated by the fact that we match on the estimated and not on the true propensity score is not taken into account
(Blundell and Costa Dias, 2009). A solution could be bootstrapping which, however, would cause inconsistency problems in
our case for nearest neighbour matching (Abadie and Imbens, 2008).

11



5 Conclusions

This is one of the first studies examining the firm-level effects of AD policy in a developing country.
Focusing on India, we use a rich firm-level dataset in order to analyse the effects of AD protection on
markups of protected firms. We find a significant increase of the PCM when treated firms are protected by
an AD measure while such a finding is absent for basically all control groups of firms involved in termination
cases as well as for most of the control groups that are identified through the use of matching techniques. The
magnitude of the effect is quite significant and increases with the number of years that firms are protected.

Further research is needed in order to determine through which channel the observed increase of the
PCM of domestic import-competing firms occurs, whether it involves only a price effect or as well an effect
on marginal costs. Future studies may as well make use of more elaborate methods to estimate markups
such as the Roeger (1995) method as applied by Konings and Vandenbussche (2005) and Vandenbussche and
Zarnic (2008).

Although our results suggest that domestic import-competing firms benefit to a large extent from AD
protection, the significant increase of market power due to AD protection is likely to lower the degree of
competition in the industry, hereby adversely affecting consumers. Also the effect of Indian AD protection
on domestic import-using and exporting firms is not considered in this study. While the former may be
directly affected when using the imported good on which an AD duty is levied as input into production, the
latter may indirectly face retaliatory trade protection when exporting to India’s trade partners. In order to
provide a broader picture of Indian AD policy and its implications on the domestic economy, these other
agents need to be taken into account as well. This is the path of future research on which we intend to

embark.
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Appendix

Figure 1: Number of Indian AD initiations and measures
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Source: Own database with information from Indian government notifications and semi-annual reports to the WTO.

Figure 2: Number of Indian AD measures in force
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Figure 3: Kernel density estimates of the propensity score - firm method

BEefore matching After matching

150 200 250
|

150 200 250
|

100
|
100
|

a
a

/d_\_\;

T T T T
0 02 04 i3] 0 02 04 08

Estimated propensity score Estimated propensity score

0
|
0

Treatment Grougp ——— Treatment Group
Patertial Control Group —— Selected Control Group

Notes: Potential control group includes all firm-year observations of firms never involved in AD cases. Treatment group includes
all firm-year observations of protected firms in the year in which they initiated the AD case. Propensity score estimates are

based on the probit model in equation (3).

Figure 4: Kernel density estimates of the propensity score - HS-NIC method
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Figure 5: Kernel density estimates of the propensity score - all NIC method
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Figure 6: Kernel density estimates of the propensity score - all EA method
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Table 1: Prowess descriptive statistics for all manufacturing firms, 2000-2007

Variable Mean  Std. Dev.  Min. Max. Average # obs. per year
Sales 164.90  1271.74 0.00 73861.39 3387
Domestic Market Share | 0.032 0.096 0.00 1.00 3387
Raw Materials 73.35 494.51 -33.40 27258.28 3310
Wages 6.89 35.95 0.00 2026.81 3351
Net Fixed Assets 67.82 417.38 -1.23  22046.64 3411
PCM 0.45 0.19 0.00 1.00 3216

Source: Own calculations based on Prowess. Notes: PCM is calculated based on equation (1). Domestic market share in
industry was computed as sales over sum of all firms’ sales in a 4-digit NIC industry. Sales, raw material expenses, wages and
net fixed assets are WPI deflated (Base-year 1993-1994) and reported in 10 Mio. Rupees. Statistics reported for cleaned data.

Table 2: AD cases and their outcomes by initiation year

Outcome 92 93 94 9 96 97 98 99 00 01 02 03 04 05 06 O7

Aff. Find. 5 0 7 5 18 13 18 46 34 61 51 28 14 25 30 20
AD measure

Aff. Find. 0 0 0 0 3 0 2 2 0 0 0 0 0 0 0 0
No measure

Neg. Find. 1 0 0 o o0 o0 6 9 3 1 25 12 5 0 0 O

No measure

Withdrawn o o0 o0 1 0 0 1 13 6 1 3 2 0 0 11

No measure

Under o o0 o o o O o0 o0 o o o o o0 0o o0 13
investigation
TOTAL 6 0 7 6 21 13 27 58 40 68 77 43 21 25 30 44

Source: Own database with information from Indian government notifications and semi-annual reports to the WTO.
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Table 3: AD initiations by target country

Target Country ~ Number of Initiations

China 102
European Union 38
South Korea 38
Taiwan 36
USA 27
Japan 24
Singapore 21
Thailand 21
Indonesia 19
Russia 16
Others 144

Source: Own database with information from Indian government notifications and semi-annual reports to the WTO.

Table 4: AD initiations in the manufacturing sector by industry

NIC  Sector Number of initiations
15 Food products and beverages 7
17 Textiles 11
19 Leather 1
21 Paper and paper products 15
22 Publishing and printing 1
23 Coke, petroleum products, nuclear fuel 2
24 Chemicals and chemical products 336
25 Rubber and plastic products 11
26 Other non-metallic mineral products 10
27 Basic metals 45
29 Machinery and equipment 14
31 Electrical machinery and apparatus 25
32 Radio, TV and communication equipment 8
33 Medical, precision and optical instruments 5
34 Motor vehicles, trailers, semi-trailers 1

Source: Own database with information from Indian government notifications and semi-annual reports to the WTO. HS codes

of each case were matched to one or in few cases to several NIC codes using the procedure described in footnote 15.
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Table 5: Firms that are mentioned in the AD notifications

Multiple counting of firms

Number of all firms mentioned in AD notifications 710
Production share that they at least account for in average 0.78
Number of firms identified in Prowess 560

By status:
Petitioners 177
Supporters 340
Other firms 188
Status unknown 5

Single counting of firms

Number of all different firms mentioned in AD notifications 411
Number of firms identified in Prowess 285

Source: Own database with information from Indian government notifications.

Table 6: Descriptive statistics for import and tariff data

Variable Mean Std. Dev. Min. Max. | Average # obs. per year
Industry Import Penetration | 0.281 0.288 0 1 129
Industry Import Growth -0.004 2.061 -57.838  0.822 130
Import Tariff Change 96-00 | -7.010 15.576 -131.286  19.251 113

Source: Export Import Databank of the Indian Ministry of Commerce and Industry, Prowess, Integrated Data Base (IDB) of
the WTO. Notes: Import Tariff Change 96-00 is in percentage points.
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Table 7: Results of probit regression
M @ ® @
Firm HS-NIC all NIC all EA
Lagged Industry Import Penetration — 0.747%%*  _1.325%%* -0.343 0.705%**
(0.231) (0.255) (0.318) (0.185)
Lagged Industry Import Growth 0.060 0.609*** -0.036 0.057
(0.119) (0.067) (0.026) (0.096)
Industry Import Tariff Change 96-00 -0.013***  _0.018%** _0.009***  -0.005*
(0.004) (0.004) (0.003) (0.003)
Lagged log(Net Fixed Assets) 0.292%F%  0.036**  0.206%**  (.195%***
(0.034) (0.017) (0.036) (0.032)
Lagged PCM 0.387 0.339** -0.311 0.000
(0.268)  (0.161)  (0.292)  (0.224)
Lagged PCM Growth -0.532%%  _0.397*** -0.194 -0.088
(0.223) (0.133) (0.314) (0.200)
Year dummies Yes Yes Yes Yes
Constant Yes Yes Yes Yes
Observations 14050 3852 2709 10278

Notes: *** ** and * indicate a significance level of 1%,5% and 10%, respectively. Reported are coefficients, not marginal

effects. Reported standard errors are cluster robust.
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Table 8: Matching results and test for balancing property - firm method

Variable Protected firms | Potential control group | Selected control group
N=35 N=13880 N=35
Mean Mean p-value Mean p-Value

(Std. Dev.) (Std. Dev.) of t-Test | (Std. Dev.) of t-Test

Lagged Ind. Import Penetr. 0.208 0.191 0.64 0.146 0.20
(0.201) (0.197) (0.193)

Lagged Ind. Imp. Growth 0.071 -0.008 0.05 -0.034 0.35
(0.209) (1.746) (0.619)

Ind. Imp. Tar. Change 96-00 -9.287 -5.501 0.00 -7.366 0.24
(5.956) (9.822) (7.505)

Lagged log(Net Fixed Assets) 4.602 2.226 0.00 4.815 0.56
(1.443) (1.698) (1.590)

Lagged PCM 0.533 0.451 0.00 0.525 0.84
(0.142) (0.187) (0.193)

Lagged PCM Growth -0.026 0.031 0.01 -0.038 0.71
(0.112) (0.309) (0.161)

Propensity Score p 0.017 0.002 0.00 0.017 1.00
(0.015) (0.007) (0.015)

Notes: N is the number of observations. Protected firms and Selected control group columns include firm-year observations
belonging to different firms. Potential control group column also includes several firm-year observations belonging to one firm.

Seven year dummies not reported. p-value of t-test refers to the p-value of a two-sided t-test on mean equality.

Table 9: Matching results and test for balancing property - HS-NIC method

Variable Protected firms | Potential control group | Selected control group
N=279 N=3019 N=279
Mean Mean p-value Mean p-Value

(Std. Dev.) (Std. Dev.) of t-Test | (Std. Dev.) of t-Test

Lagged Ind. Import Penetr. 0.118 0.203 0.00 0.119 0.95
(0.139) (0.215) (0.142)

Lagged Ind. Imp. Growth 0.224 -0.381 0.00 0.232 0.65
(0.086) (3.745) (0.270)

Ind. Imp. Tar. Change 96-00 -10.962 -5.178 0.00 -6.874 0.00
(1.896) (12.144) (9.496)

Lagged log(Net Fixed Assets) 2.570 2.150 0.00 2.533 0.80
(1.612) (1.822) (1.892)

Lagged PCM 0.480 0.447 0.00 0.492 0.45
(0.155) (0.192) (0.211)

Lagged PCM Growth -0.023 0.033 0.00 -0.043 0.27
(0.178) (0.321) (0.237)

Propensity Score p 0.156 0.066 0.00 0.156 0.99
(0.067) (0.080) (0.067)

Notes: See Table 8.
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Table 10: Matching results and test for balancing property - all NIC method

Variable Protected firms | Potential control group | Selected control group
N=46 N=2606 N=46
Mean Mean p-value Mean p-Value

(Std. Dev.) (Std. Dev.) of t-Test | (Std. Dev.) of t-Test

Lagged Ind. Import Penetr. 0.166 0.237 0.01 0.128 0.28
(0.184) (0.225) (0.156)

Lagged Ind. Imp. Growth -0.117 0.002 0.10 -0.027 0.38
(0.474) (0.773) (0.497)

Ind. Imp. Tar. Change 96-00 -8.706 -6.269 0.01 -8.417 0.87
(5.572) (10.005) (10.746)

Lagged log(Net Fixed Assets) 3.438 1.973 0.00 3.130 0.38
(1.712) (1.650) (1.671)

Lagged PCM 0.454 0.447 0.77 0.452 0.96
(0.151) (0.195) (0.202)

Lagged PCM Growth -0.004 0.039 0.43 -0.020 0.78
(0.364) (0.309) (0.155)

Propensity Score p 0.041 0.016 0.00 0.041 1.00
(0.031) (0.022) (0.030)

Notes: See Table 8.

Table 11: Matching results and test for balancing property - all EA method

Variable Protected firms | Potential control group | Selected control group
N=67 N=9948 N=67
Mean Mean p-value Mean p-value

(Std. Dev.) (Std. Dev.) of t-Test | (Std. Dev.) of t-Test

Lagged Ind. Import Penetr. 0.275 0.221 0.03 0.243 0.38
(0.198) (0.210) (0.231)

Lagged Ind. Imp. Growth 0.049 0.072 0.25 0.080 0.32
(0.162) (0.446) (0.202)

Ind. Imp. Tar. Change 96-00 -7.483 -6.001 0.04 -5.670 0.15
(5.708) (9.353) (8.485)

Lagged log(Net Fixed Assets) 3.386 2.059 0.00 3.287 0.73
(1.722) (1.617) (1.583)

Lagged PCM 0.482 0.446 0.04 0.446 0.20
(0.141) (0.188) (0.182)

Lagged PCM Growth 0.007 0.028 0.52 -0.007 0.77
(0.262) (0.303) (0.275)

Propensity Score p 0.024 0.006 0.00 0.024 0.98
(0.022) (0.011) (0.021)

Notes: See Table 8.
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Table 12: Regressions for treatment groups

Dependent variable: PCM

(1) (2) 3) (4)
Firm  HS-NIC  allNIC  all EA

Market Share -1.067*  -0.421%** 0.570 -0.630
(0.549) (0.127) (0.598) (0.514)
Capital over Sales 0.142* -0.016 -0.008  0.037**
(0.074) (0.014) (0.010) (0.015)
PR X YEAR_1 0.018 0.006 0.046***  -0.004
(0.014) (0.011) (0.016) (0.018)
PR X YEAR2 0.038%*  0.045%*  0.074%** 0.002
(0.019) (0.018) (0.028) (0.019)
PR X YEARZ3 0.055*%  0.056***  (0.079%** 0.030
(0.030) (0.016) (0.026) (0.027)
PR X YEAR 4 0.081*%%  0.065%**  (0.126*** 0.053
(0.037) (0.020) (0.035) (0.033)
PR X YEARD 0.116**  0.092%**  0.140***  0.088**
(0.055) (0.029) (0.047) (0.044)
PR X YEARG 0.110*
(0.061)
Year dummies Yes Yes Yes Yes
Firm fixed effects Yes Yes Yes Yes
Constant Yes Yes Yes Yes
R-squared 0.311 0.108 0.232 0.060
Hansen’s J test p-value 0.53 0.25 0.19 0.08
Observations 242 1728 308 441
Number of firms 35 279 46 67

Notes: *** ** and * indicate a significance level of 1%,5% and 10%, respectively. Reported standard errors are cluster robust.

“Capital over Sales” and “Market Share” are instrumented with their lagged values at t-1 and t-2.
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Table 13: Regressions for termination control groups

Dependent variable: PCM

(1) (2) 3) (4)
Firm  HS-NIC  allNIC all EA

Market Share -0.131  -0.527**  -0.972*%F  -0.177
(0.462)  (0.259)  (0.493)  (0.516)
Capital over Sales 0.007 0.017%** -0.025 0.067
(0.005)  (0.004)  (0.024)  (0.061)
PR X YFAR1 -0.035  -0.038*** -0.008 0.052
(0.030)  (0.014)  (0.031)  (0.045)
PR X YEAR2 -0.018 -0.020 -0.033 0.040
(0.027)  (0.019)  (0.038)  (0.037)
PR X YFEAR3 0.041 -0.035 -0.072 0.047
(0.048)  (0.026)  (0.063)  (0.081)
PR X YEARA4 0.046 -0.035 -0.114 0.117
(0.043)  (0.034)  (0.085)  (0.077)
PR X YEARJb 0.087** -0.044 -0.088 0.113**

(0.042)  (0.042)  (0.128)  (0.052)

Year dummies Yes Yes Yes Yes
Firm fixed effects Yes Yes Yes Yes
Constant Yes Yes Yes Yes
R-squared 0.266 -0.037 -0.061 -0.043
Hansen’s J test p-value 0.27 0.89 0.15 0.23
Observations 116 1260 334 281
Number of firms 17 236 58 51

Notes: *** ** and * indicate a significance level of 1%,5% and 10%, respectively. Reported standard errors are cluster robust.

“Capital over Sales” and “Market Share” are instrumented with their lagged values at t-1 and t-2.
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Table 14: Regressions for matched control groups

Dependent variable: PCM

(1) (2) 3) (4)
Firm HS-NIC allNIC  all EA

Market Share -0.060 -0.010 -0.617 -0.194
(1.138)  (0.184)  (0.393)  (0.300)
Capital over Sales 0.124 -0.001  0.016*%** -0.018**
(0.673)  (0.016)  (0.003)  (0.007)
PR X YEFAR1 0.009 0.027** -0.043 -0.041**
(0.021)  (0.013)  (0.048)  (0.021)
PR X YEAR2 -0.016 0.019 -0.101* -0.020
(0.029)  (0.026)  (0.061)  (0.023)
PR X YEARZ3 0.004 0.038 -0.140** 0.001
(0.059)  (0.031)  (0.071)  (0.037)
PR X YFARA4 -0.020 0.045 -0.192 -0.006
(0.092)  (0.028)  (0.153)  (0.050)
PR X YEARJSb -0.036  0.085** -0.233 0.007

(0.144)  (0.037)  (0.152)  (0.061)

Year dummies Yes Yes Yes Yes
Firm fixed effects Yes Yes Yes Yes
Constant Yes Yes Yes Yes
R-squared 0.000 0.024 0.032 -0.064
Hansen’s J test p-value 0.45 0.75 0.42 0.40
Observations 234 1672 305 435
Number of firms 35 279 46 67

Notes: *** ** and * indicate a significance level of 1%,5% and 10%, respectively. Reported standard errors are cluster robust.

“Capital over Sales” and “Market Share” are instrumented with their lagged values at t-1 and t-2.
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