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Abstract

This paper studies the role of burdensome non-tari¤ measures (NTM) in inducing

large trade frauds and a¤ecting trade �ows. We develop a methodology to estimate

bilateral ad valorem equivalent (AVE) of NTMs at detailed product level for a wide

range of importing and exporting countries. Results show that tari¤ and NTMs are

substitutes which highlight the importance of including AVEs when estimating trade

elasticities. In addition, exporters or products that have higher AVEs tend to have

larger trade discrepancies, suggesting �rms mis-declare product codes or country of

origin to circumvent the cumbersome and opaque NTM.
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�...buyers do not allow any �Made in Bangladesh�label on the [garment] product

... they [requested] label these very products as �Made in India� ... �

�Prabir De, �Non-Tari¤Measure (NTM) Study: Bangladesh, India and Nepal,�

2016

�Five individuals and two domestic honey-processing companies have been charged

with federal crimes ... The charges assert that the Chinese-origin honey was

mis-declared as other commodities upon importation into the United States and

trans-shipped through other countries to evade anti-dumping duties.�

�World Customs Organization, Illicit Trade Report 2012

1 Introduction

In an ideal world, when �rms export a product from China to the US, the reported export

value and volume of China should match up with the reported import value and volume of

US. Unfortunately, this rarely happens in practise. At the aggregate level, the US recorded

US$467 billion of imports from China, while China only recorded US$397 billion of exports

to the US. That is a trade discrepancy of US$70 billion. In fact, the presence of trade

discrepancies are wide spread and is not unique to only the developed or developing countries.

In most cases, import statistics are found to be larger than export statistics. There are several

possible reasons behind such trade discrepancies. Transshipment and re-exports of products

going through third countries could cause large gaps between import data and export data1;

Di¤erent valuation of imports, which normally include freight and insurance costs, could

explain why import values are usually larger than the corresponding export values.2 Finally,

fraudulent reporting practise in order to evade tari¤s or duties could also cause import

1Ferrantino and Wang, 2008.
2Hummels and Lugovskyy (2006).
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statistics to be smaller than export statistics3. What remains puzzling is why would import

quantity be signi�cantly larger than export quantity, particularly at detailed product level.

An equally puzzling phenomenon in another area of the empirical trade literature is the

wide ranging size of trade elasticities estimates, despite the fact that trade elasticities are

essential for the calculation of welfare gains from trade liberalization or tari¤ reduction.

Many researchers have relied on time series or cross sectional variations of trade costs, with

estimates from nearly 0 to -10.4 Not all the estimates use variations in tari¤s to estimate the

elasticities, let alone other trade policies that potential could impact trade �ows and a¤ect

the estimates.

This paper studies the role of non-tari¤ measures (NTM) in a¤ecting trade �ows and

inducing trade frauds that causes large trade discrepancies. We compare detailed product

level trade statistics of a wide range of importing and exporting countries to show that

there are systematic and large discrepancies that can only be explained by the presence

of burdensome NTMs of the importing countries. NTMs to be considered include Sanitary

and Phytosanitary Measures, such as requirements on labelling, hygiene, maximum pesticide

residue limits and testing; as well as Technical Barriers to Trade, such as requirements on

labelling, product quality, packaging, and certi�cations. Compliance of these requirements

is �nancially costly and time consuming which increases trade cost and hence potentially

reduces trade, much like a tari¤. In some cases, when NTMs are very restrictive, it may

even undermined the trade liberalization impacts of tari¤ reductions. High compliance costs

also give �rms the incentives to misrepresent the country of origin or product codes in order

to circumvent the NTMs and hence commit trade frauds.5

3Bhagwati (1964), Fisman and Wei, (2004), Javorcik and Narciso (2008).
4Baier and Bergstrand (1999), Broda and Weinstein (2006), Hummels (2001), Hillberry and Hummels

(2013), Simonovska and Waugh (2014).
5It should be noted that this paper only focuses on large discrapencies, whereby import value or volume

exceeds export value or volume by more than 40% and the reverse, in order to side steps di¤erences in
valuations and small statistical errors.
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To study the e¤ects of NTMs on trade �ows and large trade discrepancies, this paper

heeds the message of Goldberg and Pavcnik (2016): �Measure before you estimate!�, �rst

measures the Ad Valorem Equivalent (AVE) of NTMs, based on UNCTAD-TRAIN data-

base. This paper develops a methodology to estimate these AVEs at product level with

bilateral variations, given that compliance costs likely to vary across exporting countries and

products, even if the NTMs of the importing countries are not country or product speci�c.

In addition, in order to address the issue of close to 90 percent of country pairs has zero

trade at HS 6 digit product level, this paper adopts a zero-in�ated negative binomial regres-

sion speci�cation, together with other speci�cations such as zero-in�ated Poisson, negative

binomial and Poisson regressions in our estimations, guided by model identi�cation tests to

select the estimates. We also use instrumental variables to address the endogeneity issues

of tari¤ and NTMs. Our results show that the estimated AVEs are well de�ned, with a

sample mean of 11.5 percent. The results further show that NTMs and tari¤ are substitutes

in our sample suggesting that it is important to separately include NTMs in the studying

of trade policies and trade discrepancies. Speci�cally, exporters that face more restrictive

NTMs often have lower tari¤s. This result sheds light on the recent papers on the estima-

tions of trade elasticities for the calculation of gains from trade.6 Omitting NTMs in any

trade �ows regressions will likely lead to an underestimation of the trade elasticity given

that both NTMs and tari¤s are negatively correlated with trade �ows while simultaneously

the two policy variables are themselves negatively correlated.7

Using the estimated AVEs, this paper shows that burdensome NTMs are associated

with large trade discrepancies. Speci�cally, controlling for importer-product pair, exporters

that face higher AVE are those that have larger trade discrepancies, consistent with the

6Hillberry and Hummels, 2013; Arkolakis et at., 2010; Baier and Bergstrand, 2001; Goldberg and Pavcnik
(2016).

7In a recent paper, Sequeira (forthcoming), shows that trade responded weakly to large tari¤ liberalization
between Mozambic and South Africa due to customs corruptions.
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hypothesis of origin frauds, whereby exporters mis-declared their country of origin to gain

access to the importer�s market. Similarly, controlling for importer-exporter pair, products

that have higher AVEs are those that have larger trade discrepancies, consistent with the

hypothesis of product frauds, whereby exporters mis-declared the product codes to avoid

NTMs compliance. These results are robust to simultaneity and measurement errors in AVEs,

which we address with the use of instrumental variables. Overall, a 10 percentage points

increase in AVE may cause a six percentage points increase in trade discrepancies, which

is about 6% of the average trade discrepancies at the sample mean. Comparatively, a 10

percentage points increase in tari¤may only lead to a two percentage points increase in trade

discrepancies. This suggests that a signi�cant part of the widespread trade discrepancies

observed between countries can be attributed to NTM-induced trade frauds.

To illustrate the e¤ect of NTMs on the estimated trade elasticities, this paper runs gravity

regressions at HS 6 digit level, controlling for importer-product and importer-exporter �xed

e¤ects. Results show a statistically signi�cant increase in magnitude of the estimated trade

elasticity of tari¤, from -2.7 to -3. Jointly, when we allow NTMs to be part of the variable

trade costs, trade elasticity of trade policy could be as high in magnitude as -6.

This paper is related to several strands of literature. It relates to the literature on

trade discrepancies and trade frauds.8 Unlike the previous papers which mostly focus on a

single country imports or exports, this paper uses a detailed trade data from a wide range of

importing and exporting countries, which allow us to detect origin frauds and product frauds.

Most importantly, previous papers only focus on tari¤ evasion, while this paper studies the

e¤ect of NTM-induced trade frauds, controlling for the e¤ects of tari¤s. It should be noted

8This literature starts with Bagwati (1964) looking at the trade discrapencies between Turkey and its
trading partners. More recent papers include Fisman and Wei (2004) studies how tari¤ evasion lead to trade
discrepancies between Hong Kong and China. Ferrantino and Wang (2008), Ferrantino, Liu and Wang (2012)
�nd strong statistical evidence of under-reporting exports at the Chinese border to avoid paying value-added
tax. Javorcik and Narciso (2008) focuses on export of Germany to 10 Eastern European countries and �nds
evidence that di¤erentiated products have greater tari¤ evasion.
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that, overall, the marginal impact of AVEs on trade discrepancies is larger than that of

tari¤s. This paper is also related to the literature on estimating the e¤ects of trade policies,

particularly non-tari¤ measures, on trade �ows.9 Similar to the previous papers, our results

con�rm existing �ndings that NTMs are an important part of trade policies and should not be

overlooked when evaluating the impact of any trade agreements. Unlike the previous papers,

our AVE estimates are highly detailed and disaggregated, at HS 6 digit level that varies by

importers and exporters. Such detailed variations is very useful for future Computational

General Equilibrium (CGE) models to evaluate the impact of trade liberalizations. It is also

more informative for policy makers and trade negotiators who would like to know which

products and which trade partners to focus on for trade negotiations. This paper further

relates to the literature on evaluating trade elasticities and gains from trade.10 The negative

relationship between NTMs and tari¤s found in this paper provides an explanation to the

existing low trade elasticities estimates of the previous papers and our estimated AVEs

could be used jointly with tari¤ to evaluate the welfare gains from trade. Finally, this paper

uses novel econometric techniques in the estimation of AVEs which made it related to the

literature on the estimation of gravity models.11 Unlike the previous papers which used

aggregate bilateral import value as the dependent variables, our dependent variable for the

AVE estimations is product level bilateral import quantity, which is a count variable with a

large presence of zeros and huge overdispersion. This makes zero-in�ated negative binomial

model more suitable for our current application. We also address the endogeneity of tari¤

and NTMs in the estimation of AVEs with valid instruments.

The paper proceeds as follows. Section 2 provides a simple model to �x ideas and de�ne

9Lee and Swegal (1997), Broda and Weinstein (2006), Kee, Nicita and Olarreaga (2008, 2009) and Kee
and Nicita (2013).
10Baier and Bergstrand (1999), Arkolaskis et al. (2010), Caliendo and Parro (2015), Goldberg and Pavcnik

(2016).
11Santos Silva and Tenreyro (2006, 2011), Martin and Cong (2015).

5



trade discrepancies. Section 3 provides a data description for the paper. Section 4 presents

the empirical model to estimate AVEs of NTMs. Section 5 presents the results on the

estimation of AVEs. Section 6 shows the empirical evidence on NTM-induced trade frauds,

while Section 7 illustrates the bias in trade elasticities when NTMs are omitted. Section 8

concludes the paper.

2 Theoretical Model

In this section, we describe a simple model to show how the di¤erences between imports and

exports statistics could be related to tari¤ and non-tari¤ measures.

The observable country i0s import of product k from country j; is denoted as Mk
ij; which

equals to the observable country j0s export of product k to country i; Ekij; and an error term,

"kij :

Mk
ij

�
tkij
�
= Ekij

�
tkij
�
+ "kij; (1)

with tkij being the trade policies of country i
0s import of product k from country j: Restrictive

tari¤ and NTMs will both decrease imports and exports, such at

Mk
0

ij

�
tkij
�
< 0 and Ek

0

ij

�
tkij
�
< 0:

If the error term is purely idiosyncratic and random, we would expect E
�
"kij
�
= 0: This

will be the case when

Mk
0

ij

�
tkij
�
= Ek

0

ij

�
tkij
�
;

that is when trade policy changes induce the same responses in imports and exports. Thus

even if "kij 6= 0 for some observations, on average, E
�
"kij
�
= 0 if "kij is truly random.

However, in this paper, we postulate that trade policy changes may not induce the same
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responses in imports and exports

the error term is increasing with tari¤ and non-tari¤ measures, ttij; such that

E
�
"kijt

t
ij

�
> 0:

In other words, when face with a higher tari¤ or more restrictive non-tari¤measures, export-

ing �rms have incentives to misrepresent or underreport their exports and caused a wedge

between Mk
ij and E

k
ij:

When there is no fraudulent behavior, we expect

E
�
"kijt

t
ij

�
= 0:

Equation (1) shows that the discrepancy between imports and exports depends on an

error term that could be determined by trade policies:

GAP kij
�
tkij
�
�Mk

ij

�
tkij
�
� Ekij

�
tkij
�
= "kij

�
tkij
�
:

In the empirical section, we will measure GAP kij
�
tkij
�
relative to the average size of trade,

in minimize heteroskedasticity and the in�uence of large outliers:

Discrepancykij =
Mk
ij

�
tkij
�
� Ekij

�
tkij
�

0:5 � (Mk
ij

�
tkij
�
+ Ekij

�
tkij
�
)

(2)

3 Data

Data used in this study come from UN-Comtrade for HS 6 digit level import and export data,

and UNCTAD TRAINS for tari¤ and NTM data. Most of the NTM data were collected
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around 2011, so that determine the year coverage of the sample used in the analysis.

Trade discrepancies is constructed by matching import data with export data at HS 6

digit level according the equation (2) ; for both quantity and value. Quantity data have been

thoroughly examined and we only include observations when that both importer and exporter

are using the same quantity unit in their reporting, to make sure that the discrepancies are

not due to di¤erences in quantity units. In addition, quantity units remain the same for any

given HS 6 digit product. For the regression analysis below, we always control for product

�xed e¤ects so that we are not relying on di¤erences in quantity units across product to

estimate the coe¢ cients of interests. Figure 1 presents the sample distribution of trade

discrepancies. At the sample mean, trade discrepancies is about 85 percent suggesting that

most import records are larger than export records for both quantity and value.

Table 1 presents the list of importing countries included in our sample, together with

their coverage ratios of the two types of NTMs, namely the SPS/TBT measures and the

non-SPS/non-TBT measures. There are a total of 34 importing countries with 96 exporting

countries. Sample is largely determined by the availability of NTM data in TRAINS. There

are a wide range of variation in terms of coverage ratios across these di¤erent importing

countries. Some countries, such as Sri Lanka and Nepal, impose at least one NTMs on

all products from all exporting countries, while other countries, such as Peru, only impose

at least one NTM on less than 3 percent of its imported products. We exploit these wide

range of variation across countries to estimate the AVEs at HS 6 digit level. It should be

noted that in the UNCTAD focused mostly on SPS/TBT measures in this round of NTM

data collection. So even though both types of NTMs are collected, the quality of data on

SPS/TBT is higher. We will focus primarily on the SPS/TBT measures in our estimation

of AVEs and will include the other type of NTM as a control variable in our regressions.
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4 Estimation of the Ad Valorem Equivalent of NTMs

To estimate the ad valorem equivalent of NTM, we modi�ed Kee, Nicita and Olarreaga

(2009), to run the separate quantity-based gravity regressions for each of the nearly 5000 HS

6 digit level for 2011, based on cross-country bilateral import quantity data of 34 importing

countries and 96 exporting countries. Moreover, given that compliance costs of NTMs could

depend on the exporting country even if the NTMs are mostly multi-lateral in nature, we

use interaction terms to obtain bilateral AVE estimates.

4.1 Econometrics Issue I: Large Presence of Zeros and Over-Dispersion

To estimate the bilateral AVE of NTMs at HS 6 digit level, we �rst need to estimate howmuch

trade is reduced due to the presence of NTMs in a gravity-type regression at HS 6 digit level,

based on bilateral trade �ow between country pairs. To convert the estimated coe¢ cients to

AVE, we will also estimate the import demand elasticity, which is the percentage of trade

reduced due to the presence of tari¤, and use the estimated import demand elasticity to �re-

scale�the NTM coe¢ cient to obtain AVE. For this purpose, we use quantity imported as the

dependent variable. However, unlike Kee, Nicita and Olarreaga (2009), we treat quantity

imported as a discrete, non-continuous variable that is count in nature and use count data

regression technique for our estimations. This is necessary, because nearly 25 percent of

the observations has �Number of items�as the unit of measurement for quantity imported,

which clearly is discrete in nature. The rest of the 75 percent of the observations has �Weight

in kilograms�as the unit of measurement, which is often recorded as a discrete variable. As

such, nearly 100 percent of our observations recorded imported quantity as discrete integers.

So it is appropriate to use count data regression technique, such as Poisson or Negative

Binomial models for our estimation. Recent papers of Santos Silva and Tenreyro (2006,
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2011) have shown that Poisson pseudo-maximum likelihood (PPML) estimator usually used

for count data works well even when they used the value of aggregate bilateral imports,

which itself is not a count variable, as the dependent variable.

However, in our current data set, unlike Santos Silva and Tenreyro (2006, 2011), we are

focusing on HS 6 digit bilateral trade between country pair. For each HS 6 digit product,

there is an excessive number of bilateral country pair that do not trade. In fact, the average

share of positive quantity imported is only 6.8% in the sample. This leads to a large presence

of zero observations in the bilateral data set as shown in Figure 2. In this regards, the zero

in�ated models could be more appropriate than traditional count regression models, such as

PPML, for our regressions. Moreover, for country-pair that do trade, the volume of their

trade have a very large range which leads to extreme over-dispersion (large ratio of variance

over mean) as shown in Figure 3. The ratio of the variance of positive quantity and its mean

4.83e+08 in our data set. For this, negative binomial model could be more appropriate than

Poisson model, since Poisson model do not allow for over-dispersion. The large presence of

zero�s together with over-dispersion led us to use Zero-In�ated Negative Binomial (ZINB)

Model for our main estimation speci�cation. Nevertheless, for each HS 6 digit product, in

addition to ZINB, we also run Negative Binomial (NB), Zero-in�ated Poisson (ZIP), OLS

in log and Poisson Models, and will use model speci�cation test to picks the best �tted

regressions for our AVE estimates.

We assume that the observe trade data is the realization of the mixture of two distinct

distributions, one distribution governs the probability of zero trade (participation or exten-

sive margin) and the second distribution governs the realization of positive trade (volume or

intensive margin). Let Qnij be the quantity of product n imported by country i from country

j; and let h (Qnij; �jX) denote the negative binomial density with mean e (X�), dispersion

parameter �, and � includes both � and �: Here X is a vector of variables to explain positive
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import quantity, which are standard gravity variables, Zij; as well as tari¤ and NTMs:

Qnij �

8><>: 0, with probability pnij

~Qij; with probability 1� pnij
;

~Qnij = 0; 1; 2; ::: � h (Qnij; �jX) :

So the import quantity density distribution can be model as

pr (k) =

8><>: pnij + (1� pnij)h (Qnij = k; �jX) ; if k = 0

(1� pnij)h (Qnij = k; �jX) ; if k = 1; 2; :::
(3)

Parameter, pij; is used to increase the presence of zeros in the data set, could depend on

covariateW; and is commonly modelled to follow a logit function to ensure its range:

pnij =
exp (W)

1 + exp (W)
2 (0; 1) : (4)

In general, same set of variables could be included in bothW and X and we do not need to

identify additional variable for the participation equation (see Cameron and Trivedi, 1998).

4.2 Econometric Issue II: Endogeneity

Tari¤ and NTMs are set by the importers and could be endogenous to trading volume. In-

cluding tari¤and NTMs in the regressions will lead to inconsistent estimates. To address this

endogeneity issue, we use the tari¤ and NTMs presence of the 3 closest neighboring countries

as instruments. Trade policy of neighboring countries could be correlated with the trade pol-

icy of the importing country due to regional trading agreement or common cultural/history

background, but trade policy of neighboring countries should not a¤ect bilateral imports of
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the own country and hence satisfy the exclusion restrictions for instrumental variables. For

tari¤, we use the �tted value of the �rst stage IV regression in the ZINB regressions. For the

SPS/TBT NTMs, we ran a probit (selection) regression for the NTM variable and include

the inverse Mill�s ratios in the second stage ZINB regressions (because NTM variables are

discrete).

4.3 Econometric Issue III: Bilateral Coe¢ cients

While NTMs are mostly multilateral and not exporting country speci�c, the impact of NTMs

on bilateral trade �ows are likely to vary across exporting countries, due to compliance costs

and other importing, exporting country speci�c factors. To capture this in the estimation of

AVEs, we interact our NTM variable with variables that are speci�c to importing countries

and exporting countries. In addition, we also allow import demand elasticity, which depends

on the coe¢ cient on tari¤ to have bilateral variations. To this end, we interact tari¤ and

SPS/TBT measure with the following two variables: the share of the exporter in the world

trade of this HS 6 product, and the share of the importer in the world trade of this HS 6

product. Both variables capture the market powers of the exporter and importer in the world

market for each HS 6 product. We expect compliance cost to be lower if the exporter has a

larger share in the world trade of the product, which results in smaller trade impact due to

the presence of importing country�s SPS/TBT measures. However, it is also possible that the

exporter could easily divert their export to other market when face with burdensome NTMs

of a speci�c importer and the trade impact will be larger. Likewise, if the importing country

is an important market with a large market share of a product, it could be more di¢ cult to

comply with its SPS/TBT measures and the compliance cost for exporting countries could

be higher, and that lead to a larger trade impact. However, it is also possible that if the

market share of the importer is large, it is more di¢ cult for exporting countries to divert
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their products to other markets, so the trade impact of SPS/TBT measures could be lower.

The overall trade e¤ects of the market shares of importer and exporter in the world market

due to the presence of SPS/TBT depends on the speci�c products and country-pair and we

will let the data reveal the dominating force. Similar argument can be made for tari¤ and

the resulting bilateral import elasticities.

4.4 Overall Estimation Procedure and the Construction of AVE

Taking into account all the above econometric issues, we �rst run the �rst stage instrumental

variable regressions, then we run product level quantity-based gravity regressions based on

cross section data using �ve models: zero-in�ated negative binomial model, negative binomial

model, zero in�ated Poisson model, Poisson model and log-OLS.

4.4.1 First Stage Regressions

For the �rst stage regression for tari¤, we use the average tari¤ of 3 closest countries, �tnij;

as an instrument for tari¤, tnij; to get �tted tari¤, t̂nij :

t̂nij = Zij �̂+�̂
t�tnij; (5)

where �̂ and �̂t are the least squares estimates of the coe¢ cients of the second stage control

variables, Zij and the average tari¤, �tnij:

For the �rst stage regression for NTM, because NTM is a dummy variable that equals

one when there is at least one NTM presence, the �rst stage regression is a probit regression

with density function, f (:) ; which we use the average presence of NTM in the 3 closest
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countries, NTMnij; as an instrument for NTMnij :

NTMnij 2 f0; 1g ;

f
�
NTMnijjX;NTMnij

�
= �

�
Zij� + �

NTMNTMnij

�NTMnij
�
1� �

�
Zij� + �

NTMNTMnij

��1�NTMnij
;

invMillnij =
�
�
Zij �̂ + �̂

NTM
NTMnij

�
�
�
Zij �̂ + �̂

NTM
NTMnij

� ;

where we retrieve the inverse Mill ratio, invMillnij; constructed based on �̂ and �̂
NTM

;

the coe¢ cients of the second stage control variables, Zij and the average NTM presence,

NTMnij:

4.4.2 Second Stage Regressions

The main speci�cation of second stage regression for zero-in�ated negative binomial model

(ZINB), negative binomial model (NB), zero in�ated Poisson model (ZIP), Poisson model is

lnE (QnijjX) = �n + �
t
nij t̂nij + �

NTM
nij NTMnij + �

M invMillnij + Zij� + "nij; with (6)

�tnij = �tn + �
t
1shareni + �

t
2sharenj;

�NTMnij = �NTMn + �NTM1 shareni + �
NTM
2 sharenj:

Control variables included in Zij are the standard gravity variables: the log of GDP of im-

porter and exporter, bilateral distance between importer and exporter, landlocked indicators

for importer and exporter, and common border indicator. Bilateral coe¢ cients of tari¤ and

NTMs, �tnij and �
NTM
nij ; are obtained by using the interaction terms based on the share of

importer in the world market, shareni and the share of the exporter in the world market,

sharenj: For log-OLS, the second stage regression is similar to (6) but with the log of quantity

imported, ln (Qnij) ; as the dependent variable.
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For the zero-in�ated speci�cations, such as ZINB and ZIP, we also include a logit regres-

sion to explain the presence of excessive zeros in the bilateral trade. While it is not necessary

to have an extra variable to explain zeros (see Cameron and Trivedi, 1998), we still include a

common religion indicator in the zero regression, motivated by Helpman, Melitz and Rubin-

stein (2008), in addition to all the second stage control variables, Zij to formW in equation

(4) :

4.4.3 Construction of AVEs

Once all �ve versions of Equation (6) are estimated, we use Vuong tests to select the best

�t models to retrieve �̂
t

nij and �̂
NTM

nij for the construction of AVE. For all �ve models, �̂
t

nij

equals the log di¤erence in quantity imported (expected quantity for count models) if tari¤

increases by 1 percentage point, while �̂
NTM

nij equals the log di¤erence in quantity imported

(expected quantity for count models) if NTM increases from 0 to 1. The proportionate

change in quantity imported (or expected quantity imported for count models) due to NTM

is

lnE (QnijjX;NTMnij = 1)� lnE (QnijjX;NTMnij = 0) = �̂
NTM

nij ==> (7)

ln

�
E (QnijjX;NTMnij = 1)

E (QnijjX;NTMnij = 0)

�
= �̂

NTM

nij

E (QnijjX;NTMnij = 1)

E (QnijjX;NTMnij = 0)
= exp

�
�̂
NTM

nij

�
E (QnijjX;NTMnij = 1)� E (QnijjX;NTMnij = 0)

E (QnijjX;NTMnij = 0)
= exp

�
�̂
NTM

nij

�
� 1:
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Likewise, the proportionate change in quantity imported (or expected quantity imported for

count models) due to 1 percentage point increase in tari¤ is

lnE (QnijjX;tnij = t+ 1)� lnE (QnijjX;tnij = t) = �̂
t

nij ==>

ln

�
E (QnijjX;tnij = t+ 1)
E (QnijjX;tnij = t)

�
= �̂

t

nij

E (QnijjX;tnij = t+ 1)
E (QnijjX;tnij = t)

= exp
�
�̂
t

nij

�
E (QnijjX;tnij = t+ 1)� E (QnijjX;tnij = t)

E (QnijjX;tnij = t)
= exp

�
�̂
t

nij

�
� 1:

De�nition 1 The Ad Valorem Equivalent of NTM (AV Enij) of product n; in importing

country, i; from exporting country, j; measures the ad valorem tari¤ that induces the same

proportionate change in quantity imported as the presence of NTMnij, or12

AV Enij =
exp

�
�̂
NTM

nij

�
� 1

exp
�
�̂
t

nij

�
� 1

�=
�̂
NTM

nij

�̂
t

nij

for small �̂
NTM

nij ; �̂
t

nij: (8)

Finally, we bootstrap the above procedure 50 times to obtain the bootstrapped standard

errors of AV Enij:

5 Results on AVE Estimations

Figures 4 and 5 present the distribution of the �rst stage F-stats for tari¤ and NTMs. It is

clear that these IVs work very well, with a sample mean of 1718.692 for tari¤ and 6243.708

12There are other ways to de�ne AVE, such as the equivalent tari¤ that induces the same change in
quantity imported, or the equivalent tari¤ that induces the same rate ratio change in quantity imported.
In those cases, the formula of AVE could be slightly di¤erent. Kee, Nicita and Olarreaga (2009) uses the
import demand elasticity, "; and obtains the following:

AV E =
exp

�
�̂
NTM

�
� 1

"
:
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for NTM, indicating these are not weak instruments.

For second stage regressions, overall, ZINB works best for 62 percent of the products,

NB works best for 25 percent of the products, and the remaining 6 percent are using ZIP;

3 percent for OLS and only one percent for Poisson regressions. Figure 6 presents the

distribution of the estimated bilateral AVEs. At sample mean, when SPS/TBT measures

are present, the average AVE is 11.5%, whereas the mean tari¤ is 7.1%.

Moreover, NTMs and tari¤appear to be gross substitutes in our sample. We pool all AVE

estimates together and regress them on the bilateral tari¤s of the country-pairs. Results are

presented in Table 2. Column (1) shows that controlling for importer-exporter, importer-

product and exporter-product �xed e¤ects, lower bilateral tari¤s are associated with higher

AVEs. Column (2) further shows that when compare across exporting countries, controlling

for importer-product and exporter �xed e¤ects, exporters that face more restrictive NTMs

often has lower tari¤s. These results suggest that as a policy instrument, tari¤ and NTMs

are substitutes and should be considered jointly when we want to evaluate the impact of

trade policy on any economic outcomes.

6 Results on NTMs Induced Trade Frauds

6.1 Least Squares Downward Bias and Instrumental Variable Es-

timations

Table 3 presents the least squares results when we regress trade discrepancies on NTMs and

tari¤s. Dependent variables for Columns (1) - (3) are the quantity discrepancies, while the

dependent variables for Columns (4)-(6) are the value discrepancies. Both set of discrepan-

cies are constructed according to equation (2) : We also tried other ways of measuring the

dependent variables, but the results are very similar. For all the regressions in this table, we
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control for the full sets of �xed e¤ects: importer, exporter and product, and we cluster the

standard error by importer-product, which is the level of aggregation of most NTM variables.

Clustering is particularly necessary, since AVEs are estimated with errors.

Columns (1) and (4) regress trade discrepancies on the estimated AVEs of SPS/TBT

measures. Columns (2) and (5) include bilateral tari¤ in the regressions. Columns (3)

and (6) sum up AVE and tari¤ together as one variable, and included the presence of the

other NTMs as a control variable in the regressions. In all speci�cations, the least squares

estimated coe¢ cients on AVEs are very small and not statistically signi�cant.

However, there are reasons to believe that these least squares estimates for AVEs are

bias. First, larger trade frauds could be a result of corrupt customs o¢ cers and procedures,

which may also cause less restrictive NTMs due to the lack of enforcements. Such negative

simultaneity between trade discrepancies and AVE will bias the least squares estimates to-

wards zero. Moreover, a large part of trade discrepancies could be due to idiosyncratic and

random recording errors and not NTM-induced trade frauds which make it harder for us

to �nd any systematic relationship between trade discrepancies and NTMs, and will further

push the least squares estimates towards zero. Finally, there may be a concern that the AVE

are contaminated with estimation errors that could lead to systematic downward bias in the

least squares results presented in Table 3. We address all these concerns with the use of

instrumental variables, which are correlated with AVE but not necessarily correlated with

trade. For importing country, i; product n and exporting country j; we use the average AVE

of exporting country j of the product n in the non-i markets, AV En~ij; as the instrument

for AV Enij: This is a valid instrument, because it captures the compliance cost of exporting

country j for product n; facing the similar SPS/TBT measures in the other markets. So

potentially it could be positively correlated with AV Enij; and yet it should not a¤ect the
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trade discrepancies between country i and j on product n:13

Table 4 presents the �rst stage regression results for the IV estimations. Similar to the

previous table, Columns (1)-(3) are for the quantity discrepancies, Columns (4)-(6) are for

the value discrepancies, and standard errors are clustered by importer-product. Across all

speci�cations, the coe¢ cients on the average AVE of exporting country, AV En~ij; is positive

and statistically signi�cant. Together with the high �rst stage F-statistics, con�rming that

AV En~ij is a valid instrument.

Table 5 presents the second stage regression results. Similar to Table 3, dependent

variables for Columns (1) - (3) are the quantity discrepancies, while the dependent vari-

ables for Columns (4)-(6) are the value discrepancies, and we cluster the standard errors by

importer-product. Compare to Table 3, the results in this table is much stronger and bet-

ter, con�rming the downward bias in the previous least squares estimates. The coe¢ cients

for AVE are consistently larger and statistically signi�cant across all columns. Overall, a

10 percentage points increase in AVE could lead to a 6 percentage points increase in trade

discrepancies, while a 10 percentage points increase in tari¤ only lead to a 2 percent increase

in trade discrepancies. This suggests that a signi�cant part of the trade discrepancies are in

fact NTM-induced trade frauds.

6.2 Sources of Trade Frauds: Origin Frauds and Product Frauds

What can explain the positive relationship between trade discrepancies and AVEs? It could

be that �rms mis-declared the country of origin of the products in order to avoid the burden-

some NTMs. This would be consistent with origin frauds. If this is the case, we will expect

that, given a speci�c importing country and product, exporting countries that have higher

AVEs are also those that have larger trade discrepancies with the importing country. Tables

13We have also tried using the trade weighted average AVE of exporting country j of product n in the
non-i markets as the instrument. The results are very similar.

19



6 and 7 test the origin frauds hypothesis with least squares and IV regressions, respectively.

First stage regressions are presented in Table 8. Instead of controlling for a full set of �xed

e¤ects, we control for importer-product �xed e¤ects and exporter �xed e¤ects. As such we

rely on the variation of AVE of exporters in the same importing market with the same prod-

uct to identify the coe¢ cient of AVE. Similar to the previous tables, dependent variables for

Columns (1) - (3) are the quantity discrepancies, while the dependent variables for Columns

(4)-(6) are the value discrepancies, and we cluster the standard errors by importer-product.

Both LS and IV results show that comparing among exporters within importer-product pair,

exporters that face more burdensome AVEs are those that have larger trade discrepancies

with the importers. This is consistent with origin frauds, suggesting that �rms from ex-

porting countries with high AVEs mis-declared their country of origin as countries with low

AVEs and caused the large discrepancies.

Another type of trade frauds is when products crossing borders are mis-declared as other

products in order to avoid facing burdensome NTMs. If this type of trade frauds exists,

we will expect that, given a speci�c importing-exporting countries pair, products that have

higher AVEs are also those that have larger trade discrepancies. Tables 9 and 10 test the

product frauds hypothesis with least squares and IV regressions, respectively. First stage

regressions are presented in Table 11. Instead of controlling for a full set of �xed e¤ects, we

now control for importer-exporter �xed e¤ects and product �xed e¤ects. In other words, we

rely on the variation of AVE across products within importer-exporter pair to identify the

coe¢ cient on AVE. Similar to the previous tables, dependent variables for Columns (1) - (3)

are the quantity discrepancies, while the dependent variables for Columns (4)-(6) are the

value discrepancies, and we cluster the standard errors by importer-product. Both tables

show that comparing among products within importer-exporter pair, products that face more

burdensome AVEs are those that have larger trade discrepancies. This is consistent with
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product frauds, suggesting that �rms mis-declared products with high AVEs with products

with low AVEs and caused the large discrepancies.

Overall, evidence presented in Tables 3 to 10 are consistent with the NTM-induced trade

frauds, with �rms either mis-declared their country of origin or their product codes in order

to avoid the burdensome NTMs of the importing countries. Based on the results of Table 5,

one standard deviation increase in AVE could lead to 3%~6% increase in trade discrepancies.

This is not a very large impact in terms of size, nevertheless it is statistically di¤erent from

zero, indicating that part of the widespread and large trade discrepancies can be attributed

to �rms deliberately misrepresent themselves to avoid burdensome NTMs which lead to trade

frauds.

7 Trade Elasticities and NTMs

In this section, we will demonstrate that omitting the AVE of NTMs from a trade �ows

regression may lead to downward bias in the trade elasticities of tari¤, given that AVEs

and tari¤s are negatively correlated and both variables are themselves negatively correlated

with trade. A few caveats before we proceed. First, unlike most papers in this area, our

current data set is based on bilateral trade �ows at HS 6 digit level for a wide range of

importers and exporting. The estimated trade elasticities at this disaggregate level may

be signi�cantly di¤erent from any estimates based on aggregate trade �ows which are used

for welfare gains calculations. Second, we only focus on the positive trade �ows and are

ignoring the zeros in trade �ows. Third, we rely on �xed e¤ects to control for variables that

are speci�c to country-pairs and do not include all the country speci�c geography variables

in the regressions.
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Table 12 presents the results of some variations of the following regression:

ln (Mnij) = �ij + �ni + �t ln(1 + tnij) + �AV E ln (1 + AV Enij) + �nij: (9)

In equation (9) ; Mnij is the value of imports of product n of importing country i from ex-

porting country j; tnij is the applied bilateral tari¤ of product n in i from j; and AV Enij is

the ad valorem equivalent of NTM of product n in i from j: In one of the speci�cations in

Table 12 we also add tari¤ with AVE to form a new regressor, ln(1 + (tnij + AV Enij) =100):

In all regressions, we control for importer-exporter �xed e¤ect, �ij; which will pick up mul-

tilateral resistant between i and j; and any other country speci�c geography variables, such

as bilateral distance, language, culture, border, landlocked and institutions/colonial history.

We also control for importer-product �xed e¤ect, �ni; which will absorb factors such as

preference, market competition, market structure and MFN tari¤s. All standard errors are

clustered by importer-product.

Column (1) only includes all the �xed e¤ects and tnij in the regression. The coe¢ cient

on tari¤ is -2.7 and is statistically signi�cant. Column (2) adds AV Enij in the regression,

which is instrumented with AV En~ij. Now the coe¢ cient on tari¤ increases in magnitude

to -3.0, which is statistically larger than the previous estimate based on the robust standard

error. This illustrates that omitting NTMs in the estimation of trade elasticities may lead to

estimates that are bias towards zero, given that tari¤s and AVEs are negatively correlated

and both policy variables are themselves negatively correlated with trade �ows. Columns (3)

and (4) allow AVEs to be part of the variable trade costs in the estimation of trade elasticity.

Column (3) presents the second stage result when we add tari¤ and AVE together to form a

new trade policy variable, while Column (4) imposes the restriction that trade elasticity from

tari¤ and AVE must be the same. In both cases, the estimated trade elasticity is around
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-6.6. All the �rst stage results have the right signs and high F-statistics and are available

upon requests.

Overall, these results highlight that it is important to consider the AVEs of NTMs as part

of trade policies, which along side with tari¤, have signi�cant impacts in deterring trade.

8 Concluding Remarks

This paper studies the wide spread and large discrepancies of detailed product trading be-

tween importing and exporting countries. We attribute part of the discrepancies to trade

frauds whereby �rms deliberately mis-declared their country of origin or product code in

order to avoid the burdensome non-tari¤ measures, such as certi�cations and inspection re-

quirements of the importing countries. Our approach utilized a detailed product level trade

statistics of a wide range of importing and exporting countries. We �rst estimate the ad

valorem equivalents of the non-tari¤measures of the importing countries, with variations at

product and exporting country level. We then relate the estimated ad valorem equivalents to

the existing trade discrepancies, both in terms of quantity and value discrepancies. We found

that exporters or products that have larger trade discrepancies tend to face more restrictive

non-tari¤measures, suggesting mis-declaration of product codes or misrepresentation of the

country of origin, in order to circumvent the cumbersome and opaque non-tari¤ measures.

Our ad valorem equivalent estimates at product level with bilateral variations for a wide

range of countries �ll an important void in the trade policy literature, which so far has been

focusing on tari¤s. Given that tari¤s have been steadily declining for the past few decades,

recent trade negotiations and agreements are mostly focusing on non-tari¤ measures. Our

estimates could inform future works on evaluating the impacts of trade agreements. In ad-

dition, our �nding that AVEs and tari¤s are substitutes suggesting that it is important to
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include NTMs in the estimation of trade elasticities and the evaluation of gains from trade.

Lastly, this paper presents a novel methodology to estimate the ad valorem equivalent of

NTMs. With new and more detailed data being systematically collected and made avail-

able, the methodology developed in this paper could be re�ned to estimate the AVEs for

subcategories of NTMs, which will be more useful for policy makers and trade negotiators.
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Figure 2: Proportion of Positive Quantity
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Figure 3: Over Dispersion: Ratio of Variance over Mean of Positive Quantity

0
5.

00
0e

0
8

1.
00

0e
0

7
D

en
si

ty

0 10000000 20000000 30000000
ratio

kernel = epanechnikov, bandwidth =  1.2e+06

Kernel density estimate

Figure 4: Sample Distribution of First-Stage F-Statistics for Tari¤
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Figure 5: Sample Distribution of First-Stage F-Statistics for SPS/TBT NTMs.
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Figure 6: Distribution of the Estimated AVEs for SPS/TBT Measures

0
.0

5
.1

.1
5

D
e

n
si

ty

0 10 20 30 40 50
A ve SPS/TBT 1typ e _contro l

k erne l =  e pa ne chn ikov, ban dw id th =  0.5 11 2

Kerne l density estim ate

28



Table 1: Coverage Ratio of Non-Tari¤ Measures by Importing Countries
Importing Country SPS/TBT Others

AFG 100.00 46.85
ARG 47.47 89.44
BOL 2.09 2.35
BRA 55.78 8.34
CHL 33.43 7.63
COL 3.03 4.65
CRI 19.00 25.93
ECU 25.62 27.57
EGY 92.55 47.03
EUN 87.36 13.27
GTM 18.59 95.97
IDN 28.48 24.66
IND 63.01 99.99
JPN 36.86 7.86
KAZ 88.22 75.52
KEN 86.13 55.61
KHM 14.03 24.55
LBN 7.73 1.17
LKA 100.00 100.00
MDG 66.24 22.06
MEX 47.83 33.62
MUS 19.90 15.78
NAM 50.97 51.05
NPL 100.00 100.00
PAK 29.83 99.86
PER 2.58 0.83
PRY 23.28 11.89
SEN 17.42 18.30
SLV 25.59 95.24
SYR 32.97 87.40
TUN 18.59 19.62
TZA 37.16 2.70
UGA 92.32 81.32
URY 3.78 0.29

Data Source: UNCTAD TRAINS. Coverage Ratio measures the percentage of HS 6 digit products
that are subjected to at least one NTMs in the importing country.
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Table 2: NTMs and Tari¤ are Substitutes
Dependent Variable Estimated Ad Valorem Equivalent of NTMs

(1) (2)
Tari¤ -0.034** -0.075***

(0.017) (0.014)

Fixed E¤ects
Importer-exporter Yes No
Importer-product Yes Yes
Exporter-product Yes No

Exporter Yes
Observations 652,226 707,217

Notes: Robust standard errors are clustered by importer-product;
* and *** indicate that coe¢ cients are signi�cant at 95% and 99% levels.

Table 3: Downward Bias Least Squares Regressions
Dependent variables Quantity Discrepancies Value Discrepancies

(1) (2) (3) (4) (5) (6)
AVE 0.006 0.005 0..003 0.002

(0.005) (0.005) (0.005) (0.005)
Tari¤ 0.204*** 0.193***

(0.067) (0.060)
AVE+Tari¤ 0.024*** 0.020***

(0.005) (0.005)
Other NTMs -2.892*** -1.570**

(0.662) (0.654)
Fixed E¤ects

Importer Yes Yes Yes Yes Yes Yes
Exporter Yes Yes Yes Yes Yes Yes
Product Yes Yes Yes Yes Yes Yes

Observations 583,929 575,823 575,823 571,778 563,671 563,671
Notes: Standard errors are clustered by importer-product
*, ** and *** indicate that coe¢ cients are signi�cant at 90%, 95% and 99%, respectively
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Table 4: First Stage Instrumental Variable Regressions
Dependent variables AVE AVE+Tari¤ AVE AVE+Tari¤

(1) (2) (3) (4) (5) (6)
Average AVE of exporter 0.082*** 0.081*** 0.087*** 0.086***

(0.021) (0.022) (0.023) (0.023)
Tari¤ 0.011* 0.012*

(0.007) (0.006)
Average AVE of exporter 0.407*** 0.421***

+Tari¤ (0.073) (0.074)
Other NTMs 4.383*** 4.312***

(0.405) (0.403)
Fixed E¤ects

Importer Yes Yes Yes Yes Yes Yes
Exporter Yes Yes Yes Yes Yes Yes
Product Yes Yes Yes Yes Yes Yes

Importer-Product No No No No No No
Importer-Exporter No No No No No No

F-Statistics 14.53 13.94 30.85 14.74 14.11 32.40
Observations 583,929 575,823 575,823 571,778 563,671 563,671

Notes: Standard errors are clustered by importer-product
, ** and *** indicate that coe¢ cients are signi�cant at 90%, 95% and 99%, respectively

Table 5: Second Stage Instrumental Variable Regressions
Dependent variables Quantity Discrepancies Value Discrepancies

(1) (2) (3) (4) (5) (6)
AVE 0.573*** 0.580*** 0.584*** 0.593***

(0.201) (0.206) (0.202) (0.209)
Tari¤ 0.200*** 0.186***

(0.065) (0.058)
AVE+Tari¤ 0.252*** 0.244***

(0.074) (0.069)
Other NTMs -3.981*** -2.631***

(0.751) (0.730)
Fixed E¤ects

Importer Yes Yes Yes Yes Yes Yes
Exporter Yes Yes Yes Yes Yes Yes
Product Yes Yes Yes Yes Yes Yes

Observations 583,929 575,823 575,823 571,778 563,671 563,671
Notes: Standard errors are clustered by importer-product
*, ** and *** indicate that coe¢ cients are signi�cant at 90%, 95% and 99%, respectively
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Table 6: Origin Frauds: Downward Bias Least Squares Regressions
Dependent variables Quantity Discrepancies Value Discrepancies

(1) (2) (3) (4) (5) (6)
AVE 0.023*** 0.024*** 0.022*** 0.023***

(0.006) (0.006) (0.005) (0.005)
Tari¤ 1.766*** 1.782***

(0.201) (0.206)
AVE+Tari¤ 0.056*** 0.054***

(0.007) (0.006)
Other NTMs 28.159*** 24.759***

(6.036) (5.623)
Fixed E¤ects

Importer-Exporter No No No No No No
Importer-Product Yes Yes Yes Yes Yes Yes
Exporter-Product No No No No No No

Exporter Yes Yes Yes Yes Yes Yes
Observations 568,699 595,094 595,094 591,017 582,438 582,438

Notes: Standard errors are clustered by importer-product
*, ** and *** indicate that coe¢ cients are signi�cant at 90%, 95% and 99%, respectively

Table 7: Origin Frauds: Second Stage IV Regressions
Dependent variables Quantity Discrepancies Value Discrepancies

(1) (2) (3) (4) (5) (6)
AVE 0.398*** 0.422*** 0.445*** 0.466***

(0.136) (0.137) (0.136) (0.138)
Tari¤ 1.803*** 1.817***

(0.222) (0.228)
AVE+Tari¤ 0.991*** 1.014***

(0.129) (0.131)
Other NTMs 7.716 1.935

(7.026) (6.446)
Fixed E¤ects

Importer-Exporter No No No No No No
Importer-Product Yes Yes Yes Yes Yes Yes
Exporter-Product No No No No No No

Exporter Yes Yes Yes Yes Yes Yes
Observations 568,699 560,407 560,407 556,431 548,151 548,151

Notes: Standard errors are clustered by importer-product
*, ** and *** indicate that coe¢ cients are signi�cant at 90%, 95% and 99%, respectively
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Table 8: Origin Frauds: First Stage Instrumental Variable Regressions
Dependent variables AVE AVE+Tari¤ AVE AVE+Tari¤

(3) (5)
Average AVE of exporter 0.106*** 0.106*** 0.111*** 0.111***

(0.018) (0.018) (0.019) (0.019)
Tari¤ -0.058*** -0.055***

(0.014) (0.014)
Average AVE of exporter 0.161*** 0.168***

+Tari¤ (0.021) (0.022)
Other NTMs 12.269*** 11.602***

(1.268) (1.156)
Fixed E¤ects

Importer No No No No No No
Exporter Yes Yes Yes Yes Yes Yes
Product No No No No No No

Importer-Product Yes Yes Yes Yes Yes Yes
Importer-Exporter No No No No No No

F-Statistics 35.02 34.38 59.34 35.20 34.56 59.44
Observations 568,699 560,407 560,407 556,431 548,151 548,151

Notes: Standard errors are clustered by importer-product
, ** and *** indicate that coe¢ cients are signi�cant at 90%, 95% and 99%, respectively

Table 9: Product Frauds: Downward Bias Least Squares Regressions
Dependent variables Quantity Discrepancies Value Discrepancies

(1) (2) (3) (4) (5) (6)
AVE 0.008* 0.005* 0.006 0.005

(0.004) (0.004) (0.004) (0.005)
Tari¤ -0.018 -0.020

(0.017) (0.021)
AVE+Tari¤ 0.009*** 0.005

(0.004) (0.004)
Other NTMs -3.403*** -2.117***

(0.600) (0.569)
Fixed E¤ects

Importer-Exporter Yes Yes Yes Yes Yes Yes
Importer-Product No No No No No No
Exporter-Product No No No No No No

Product Yes Yes Yes Yes Yes Yes
Observations 618,555 610,140 586,200 606,043 597,624 573,672

Notes: Standard errors are clustered by importer-product
*, ** and *** indicate that coe¢ cients are signi�cant at 90%, 95% and 99%, respectively
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Table 10: Product Frauds: Second Stage IV Regressions
Dependent variables Quantity Discrepancies Value Discrepancies

(1) (2) (3) (4) (5) (6)
AVE 0.771*** 0.781*** 0.759*** 0.773***

(0.233) (0.239) (0.230) (0.239)
Tari¤ -0.039* -0.041

(0.021) (0.028)
AVE+Tari¤ 0.083** 0.081***

(0.033) (0.029)
Other NTMs -3.334*** -2.225***

(0.663) (0.646)
Fixed E¤ects

Importer-Exporter Yes Yes Yes Yes Yes Yes
Importer-Product No No No No No No
Exporter-Product No No No No No No

Product Yes Yes Yes Yes Yes Yes
Observations 583,722 575,607 575,607 571,578 563,461 563,461

Notes: Standard errors are clustered by importer-product
*, ** and *** indicate that coe¢ cients are signi�cant at 90%, 95% and 99%, respectively

Table 11: Product Frauds: First Stage Instrumental Variable Regressions
Dependent variables AVE AVE+Tari¤ AVE AVE+Tari¤

(3) (6)
Average AVE of exporter 0.083*** 0.082*** 0.088*** 0.087***

(0.022) (0.022) (0.023) (0.023)
Tari¤ 0.012* 0.013*

(0.007) (0.007)
Average AVE of exporter 0.397*** 0.410***

+Tari¤ (0.076) (0.077)
Other NTMs 4.318*** 4.225***

(0.412) (0.411)
Fixed E¤ects

Importer No No No No No No
Exporter No No No No No No
Product Yes Yes Yes Yes Yes Yes

Importer-Product No No No No No No
Importer-Exporter Yes Yes Yes Yes Yes Yes

F-Statistics 14.86 14.27 27.24 15.04 14.40 28.59
Observations 583,722 575,607 575,607 571,578 563,461 563,461

Notes: Standard errors are clustered by importer-product
, ** and *** indicate that coe¢ cients are signi�cant at 90%, 95% and 99%, respectively
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Table 12: Trade Elasticities of Tari¤ and NTMs
Dependent Variable ln(imports)

(1) (2) (3) (4)
ln(1+tari¤) -2.654*** -2.960*** -6.604***

(0.153) (0.161) (0.266)
ln(1+AVE) -9.856*** -6.604***

(0.595) (0.266)
ln(1+tari¤+AVE) -6.734***

(0.276)
Fixed E¤ects

Importer-Product Yes Yes Yes Yes
Importer-Exporter Yes Yes Yes Yes

Observations 657,510 657,510 657,510 657,510
Notes: Standard errors are clustered by importer-product
, ** and *** indicate that coe¢ cients are signi�cant at 90%, 95% and 99%, respectively
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