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Abstract

In the realm of trade economics, Non-Tariff Measures (NTMs) have gained con-

siderable attention as their prevalence has grown and their impacts on trade and

other economic outputs are explored in the literature. NTM incidence data are

widely employed to estimate Ad Valorem Equivalents (AVE) to quantify the ef-

fects of NTMs on international trade. Currently, most studies rely on one of two

different NTM databases: TRAINs from UNCTAD (United Nations Conference

on Trade and Development) and WTO (World Trade Organization) notifications

from the Integrated Trade Intelligence Portal (ITIP). This research estimates time

varying AVEs from both datasets, compares results from the two sources, and cre-

ates a novel NTM database by combining information from WTO and TRAINS.

Static analyses typically favor TRAINS because it records NTM data with a high

degree of precision for select countries and snapshots of time. However, TRAINS

is constrained by its limited coverage of countries and years. Given that TRAINS

captures a snapshot of current NTMs, irregular data collection poses challenges

for time-based analysis. Conversely, WTO notification data offer broader country

and time coverage but lack withdrawal date information, specifically for measures

such as Sanitary and Phytosanitary (SPS) and Technical Barriers to Trade (TBT).

In addition, discrepancies between the notification year provided in the data and
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the actual implementation year of the NTM, along with the possibility that coun-

tries may not always notify correctly, can introduce biases in AVE estimation that

can lead to potential measurement errors. While the existing literature discusses

the merits and drawbacks of each database, overall performance in quantitative

analysis remains unexplored. This study fills this gap by quantitatively evaluating

whether AVE estimates derived from both databases align when using the price-

based method proposed by Ing and Cadot (2016) and Kravchenko et al. (2022). In

addition to the two primary NTM databases, we use trade data from the World In-

tegrated Trade Solution (WITS) and other country gravity characteristics from the

Centre for Prospective Studies and International Information (CEPII). We specif-

ically focus on comparing the mean and variance in AVEs obtained from both

databases. Given the accuracy of AVE estimates from the UNCTAD database, our

focus examines the potential measurement error inherent in estimating AVEs from

the WTO notification database. In addition, by estimating the measurement error

in the AVEs, we aim to understand its sources and identify the countries and prod-

ucts where it is most pronounced. We find that the measurement error, primarily

present in the WTO notifications database, likely stems from countries not notify-

ing correctly or other assumptions made when using the data. Furthermore, this

study develops a comprehensive database integrating NTM incidence information

from both WTO and UNCTAD to enhance coverage across years and countries,

providing improved data for future research.

I. Introduction

In recent years, economists have increasingly focused on non-tariff measures (NTMs)

as crucial elements affecting international trade barriers. While the use of traditional

tariffs has declined, implementation of NTMs has surged (Orefice, 2017). Recognizing

their growing significance, numerous studies have analyzed the effects of NTMs not only

on trade but also on various economic outcomes. However, quantifying the impact of

NTMs has posed challenges due to their heterogeneity and less straightforward effects

compared to tariffs. As defined by DITC et al. (2010), NTMs consist of “policy mea-
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sures other than ordinary customs tariffs that can potentially have an economic effect

on international trade in goods, changing quantities traded, or prices or both”. The

inherent ambiguity of this definition stems from the diverse range of policies classified

as NTMs. While NTMs impact trade similarly to tariffs, they operate through differ-

ent market channels. NTMs typically impose specific requirements for products to be

sold in domestic markets, often aimed at reducing market imperfections by standardizing

products, mitigating externalities such as risks to human and animal health, and ad-

dressing information asymmetries. Consequently, NTMs often introduce additional trade

costs that can impact both prices and trade quantities between countries (Ferrantino,

2006; Cadot, Gourdon, and Van Tongeren, 2018). To better understand the effect of

NTMs, economists have typically quantified these measures using Ad Valorem Equiv-

alents (AVEs). An AVE is the tariff rate that would have an equivalent effect on the

imported quantity as the non-tariff measure, making them comparable (Disdier, Fugazza

et al., 2020). By integrating AVEs into trade policy studies, we can effectively account

for the effect of NTMs. Presently, AVEs are derived from NTM incidence databases,

which track implemented NTMs by year, country, and type of measure. In response

to escalating concerns regarding NTM effects, international organizations have invested

substantial efforts in creating inventories of applied NTMs by importing countries. Nu-

merous databases offer qualitative insights into NTM implementation and incidence. Of

these sources, the UNCTAD TRAINS database and the WTO notification database are

frequently employed when estimating AVEs. Despite both databases cataloging existing

NTMs, their data collection methods differ, leading to potential discrepancies in AVE es-

timates. While the TRAINS database offers more precise information about implemented

Non-Tariff Measures, its use is constrained by limited data availability across countries

and time periods. Consequently, many studies resort to estimating static values of Ad-

Valorem Equivalents (AVEs) (Beghin, Maertens, and Swinnen, 2015; Cadot and Gourdon,

2016; Cadot, Gourdon, and Van Tongeren, 2018). Conversely, WTO notifications afford

broader coverage across countries and time frames, yet they pose a risk of containing

less reliable information, particularly for econometric analyses. Despite this drawback,
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the superior temporal coverage provided by WTO notifications has enabled some studies

to estimate time-varying AVEs, thereby extending the scope of analysis (Ghodsi et al.,

2017; Ghodsi and Stehrer, 2022).

Although previous studies have explored qualitative differences between the two databases

(Rau and Vogt, 2017; De Melo and Nicita, 2018), no studies, to our knowledge, have

looked at the quantitative difference between the two. In this study, we aim to fill this gap

by analyzing the statistical difference in the estimated Ad Valorem Equivalents (AVEs)

from both databases. NTM incidence information provided by the UNCTAD database is

more accurate than the WTO notifications because of the way data are collected. Hence,

we seek to estimate the measurement error by using the WTO notifications. In addi-

tion, we will examine unconditional differences while exploring heterogeneity by product

groups and product level, time periods, country characteristics, and methods of AVE es-

timation. The contribution of this paper is to offer enhanced insights into data utilization

when estimating AVE, thus providing valuable guidance for future analyses, particularly

those examining the effects of trade policy on international trade and other economic out-

comes. By exploring the trade-offs associated with using one database over another, we

also aim to lay the groundwork for future endeavors aimed at creating a unified database

integrating information from both TRAINS and WTO notifications

Due to data constraints, primarily within the UNCTAD database, our analysis will

concentrate on countries with data available for at least six consecutive years and present

in both databases. We have chosen to focus initially on South American countries due

to their relatively high time-coverage. Although we intend to analyze multiple countries,

this initial paper draft will center solely on Brazil. Our analysis will estimate time-varying

AVEs at the Harmonized System level 1 for two types of NTMs: Technical Barriers to

Trade (TBT) and Sanitary and Phytosanitary Measures (SPS).

Before delving into the quantitative analysis, we will compare the two databases

qualitatively and outline how the literature has quantified NTMs through AVE. Following

this, we will provide an overview of the data used. Section IV will thoroughly explain

our methodology, and the results will be presented in Section V.
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II. Related Literature

In this section, we will present the existing NTM incidence databases and the AVE esti-

mation method used in the literature. We additionally outline the benefits and limitations

of NTM data while comparing the country and time coverages of TRAINS and WTO

notifications.

II - I NTMs database

With the increasing concerns about the impact of NTMs, international organizations, and

governments have dedicated significant resources to establishing databases on NTMs. Nu-

merous sources provide qualitative insights into the implementation of NTMs. However,

to effectively assess the effect of NTMs, it becomes imperative to convert qualitative infor-

mation into quantitative estimates, which inherently requires making certain assumptions

when using the data. In this section, we will present the existing data on NTMs and how

they can be limiting when trying to understand their potential impacts on trade and

prices.

Rau and Vogt (2017) offer a comprehensive overview of existing sources of NTM infor-

mation. The paper identifies multiple types of sources, such as inventories and legislation,

reviews of legislation, notifications, surveys, import refusals, and other sources.

National legislation inventories emerge as the most pertinent among the array of avail-

able databases. These inventories meticulously catalog national legislation wherein mea-

sures can be indexed within the MAST classification 1. Notably, the TRAINS database,

jointly developed by UNCTAD and ITC (International Trade Centre), stands out as a

primary resource for researchers investigating NTM effects. This database meticulously

gathers and classifies all legal texts issued by countries into NTMs, along with bilateral

and plurilateral agreements. Indeed, it stems from an active collection of data contin-

gent on independent regulatory review by the UNCTAD. However, it does not include

private standards or international standards that are not part of national legislation.

1The Multi-Agency Support Team group (MAST), established under UNCTAD, has been instrumen-
tal in shaping the International Classification of Non-tariff Measures (NTMs). This classification system
is extensively used to categorize and grasp the diverse forms of NTMs impacting global trade.
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Moreover, the TRAINS database offers information at the 6 Harmonized System (HS)

code level for 103 countries. It furnishes details on the implementing country, affected

nations, regulation and product details, and the date of implementation and withdrawal.

Data collection began in 1994, but the TRAINS database underwent restructuring in

2006, with most current NTM data collected post-2008 (UNCTAD, 2018). The notable

strengths of this database include its traceability, comparability (across countries), trans-

parency, and open accessibility to data. However, a significant limitation arises from the

uneven collection of NTM data across countries on an annual basis, posing a potential

challenge in accurately estimating Ad-Valorem Equivalents (AVEs) for all nations and

over time. In panel-type analysis, only countries with multiple years of data collection

can be effectively incorporated, highlighting a constraint in the coverage of estimated

AVEs across diverse nations.

Another valuable source of NTM data is WTO notifications. As members of the WTO,

countries are required to notify the implementation of non-tariff measures to enhance the

predictability and transparency of trade policies. The current WTO notification data

encompasses NTMs for 140 countries (WTO members) since 1979, providing informa-

tion on the type of NTMs at the HS6 level, product and regulation details, the date

of notification, and occasionally the year of withdrawal (excluding TBT and SPS type

notifications). While this dataset covers more countries and periods than UNCTAD, the

WTO adopts a passive approach to gathering notifications submitted by countries. In-

deed, some countries do not always notify the WTO when directly implementing NTMs,

which could create a gap between the implementation and the notification years. Conse-

quently, NTM notifications often experience delays and occasional omissions. Therefore,

this database often complements the TRAINS database in economic analyses. Nonethe-

less, some studies leverage it for its broader country and temporal coverage.

Furthermore, business surveys and complaint portals serve as another possible source

of NTM data, offering insights from a business perspective. Examples include the ITC

NTM surveys and the EU market access database. However, survey data often represent

the views of firms affected by NTMS and, consequently, are more inclined to highlight
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NTMs perceived as restrictive, while potentially overlooking those that have minimal

impact. Hence, such data must be interpreted with caution, considering the inherent

biases and limitations associated with the perspective of surveyed businesses. We do not

focus on those databases in this analysis, as they tend to be country-specific.

II - II Limitations with NTMs database

Despite the extensive amount of information on NTMs, those databases show common

limitations when using them in quantitative studies. De Melo and Nicita (2018) mentions

six crucial aspects to consider when using data, such as the TRAINS or the WTO notifica-

tions databases. They are as follows: comprehensiveness, lack of precision, dimensionality

of the data, time dimension, product-specific requirements, and endogeneity. Comprehen-

siveness refers to omissions and double counting. As previously seen, there are multiple

sources of the NTM databases (at the national and international level), which can often

lead to missed information. Double counting, on the other hand, may occur when the

same NTM legislation is reported twice under different titles. The lack of precision arises

from the qualitative nature of the data, making it challenging to deduce the level of strin-

gency of trade regulations. Indeed, the data fails to elucidate the significance of measures

in terms of the importance of traded volume and sector economics. Dimensionality poses

challenges in disentangling the econometric effects of individual measures on products

due to the heterogeneous nature of measures classified as non-tariff measures (specifically

at the HS6 level). Often, the consequent collinearity across NTMs necessitates the aggre-

gation of measures into broader categories. Issues in the time dimension arise from data

collection. Conducting time series analyses is hindered by inaccuracies in the dates of

implementation and withdrawal of the measure. In WTO notification data, WTO mem-

bers are only required to notify new measures, potentially omitting long-existing NTMs

(as withdrawal data are not always present). In the TRAINS database case, as it is a

snapshot of existing NTMs at data collection time, we can only use data that are collected

for successive years. Product-specific requirements refer to the aggregation of products at

different HS code levels when analyzing the effects of NTM. We need to be careful when
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aggregating or disaggregating the effect of NTMs. Finally, Endogeneity poses challenges

in assessing the causal effects of NTMs on trade flows or prices, with reverse causality

being a significant concern. Countries may overcontrol domestically important sectors,

leading to excessive NTM implementation in sectors with significant trade flows. We will

go through this specific issue in detail in the method section.

II - III NTMs effect quantification

As seen in the previous section, we presented the existing NTM databases, which are

purely qualitative. These data do not provide any quantitative information on the strin-

gency of the measures. To provide a better indicator of the trade effects of NTM, re-

searchers have quantified them through AVE using various approaches: inventory ap-

proach, price gap, and econometric approaches. In this paper, we will focus on econo-

metric approaches as they provide the inferred effects of an additional NTM on trade.

In the literature, two main econometric approaches have been employed: quantity-

based and price-based. Both approaches leverage gravity models to discern the impact

of NTMs on either imported quantity or price. Bilateral trade quantities or prices are

regressed against importer-exporter characteristics and trade barrier variables, including

tariffs and non-tariff measures.

The quantity-based approach examines the impact of additional NTMs on traded

volume, converting it into trade costs using elasticities of substitution. This method

assesses whether the implementation of NTM results in changes in trade flow. Conversely,

the price-based approach analyzes the effect of additional NTMs on prices, expecting to

observe price changes if the NTM is associated with additional costs. This approach seeks

evidence indicating that NTMs result in domestic prices being higher than they would

be in the absence of NTMs (Cadot and Gourdon, 2016). Past studies have employed

both quantity-based (e.g., (Looi Kee, Nicita, and Olarreaga, 2009; Essaji, 2008; Beghin,

Maertens, and Swinnen, 2015; Ghodsi and Stehrer, 2022)) and price-based approaches

(e.g., (Cadot and Gourdon, 2016; Ing et al., 2016; Cadot, Gourdon, and Van Tongeren,

2018; Kravchenko et al., 2022)). The choice between the two is often made based on
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the available data and the models’ specifications. While both approaches have merits

and limitations, we will concentrate solely on the price-based approach for the purposes

of this study. Further details regarding the price-based approach and the estimation of

AVEs will be provided in the Methods section.

II - IV Comparing WTO and UNCTAD

As demonstrated in earlier sections, the two databases employ different collection meth-

ods. Hence, we believe that they might yield different estimates of AVE. While we hold

the view that the TRAINS database offers a more precise estimation of AVE, its restricted

country and time coverage present challenges in estimating a time-varying AVE.

Indeed, from 2010 to 2019, the WTO data cover a total of 120 countries for Technical

Barriers to Trade (TBT) and 103 countries for Sanitary and Phytosanitary Measures

(SPS), whereas UNCTAD covers only 92 countries for both TBT and SPS. Figure 1

illustrates the number of observed countries in each dataset per year. 2It is evident that

WTO notification provides considerably broader country coverage than the UNCTAD

data. Figure 2 and 3 provide the counts of observed distinct years from 2010 to 2020.

While country coverage may pose challenges when estimating specific country effects,

time coverage may present obstacles when estimating time-varying AVEs.

Figure 1: Country and time coverage of both TRAINS and WTO notifications

2In the TRAINS database, country coverage denotes the number of distinct countries for which
UNCTAD has collected NTM data for a specific year. Conversely, in the WTO data, country coverage
represents the number of distinct countries that have notified the implementation of an NTM during a
specific year.
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To date, most studies have focused on estimating static AVE of NTMs using UNCTAD

data Essaji (2008); Looi Kee, Nicita, and Olarreaga (2009); Kee and Nicita (2022). While

some papers have attempted to estimate time-varying AVE, they have been limited to

countries with data collected over multiple years. For instance, Niu et al. (2018) and Niu

et al. (2020) estimates AVE from 2003 to 2015 with a three years interval.

In contrast, the WTO notification database provides broader coverage across both

countries and time periods. Indeed, several papers have utilized WTO notifications to

estimate time-varying AVE for multiple countries Ghodsi and Stehrer (2022); Adarov

and Ghodsi (2023). However, this data comes with several caveats. Firstly, there are

instances of missing HS codes in the data, posing challenges when attempting to discern

the effects of NTMs at the product code level. To address this issue, we followed Ghodsi,

Reiter, and Stehrer (2015) recommendations by retrieving HS codes using product infor-

mation. Further elaboration will be provided in the data section. Secondly, the WTO

notifications are susceptible to self-notification bias, given that countries are responsi-

ble for reporting their NTMs, with no external verification process. While this may be

mitigated by other countries reporting NTMs through trade concerns, discrepancies in

the timing of notification and NTM implementation can arise. Currently, the available

data include information on both the date of implementation and the date of notification.

However, there are instances where the date of implementation is missing, necessitating

the use of the date of notification instead. Finally, it is important to note that WTO

notifications do not consistently record instances when an NTM is withdrawn. This issue

is particularly pronounced for NTMs falling under the categories of Sanitary and Phy-

tosanitary Measures (SPS) and Technical Barriers to Trade (TBT), where no withdrawal

records are available in the data.

These limitations inherent in WTO notifications are believed to introduce measure-

ment errors in AVE estimation. We will elucidate our strategies for circumventing these

issues through assumptions outlined in the data section.
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Figure 2: UNCTAD NTM (SPS) data country and time coverage

Figure 3: WTO NTM (SPS) data country and time coverage

III. Methods

In this section, we outline the methodology for estimating the Ad Valorem Equivalents

(AVE) using a price-based approach with both the TRAINS and WTO NTM databases.

We begin by detailing the procedure for calculating the AVE. Subsequently, we address

endogeneity issues and propose an alternative model incorporating instrumental variables.

We then compare the AVE obtained from TRAINS and WTO to see whether the two

estimates are statistically different.
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III - I Empirical model estimation

The method employed in this paper draws from the price-based approach used by Cadot

and Gourdon (2016) and Kravchenko et al. (2022). We express price as a function of

gravity variables, tariffs, and Non-Tariff Measures (NTMs), along with fixed effects.

Let us represent the importing country (here Brazil) by i and all exporting countries

by j, in period t and for product k.

ln pijkt = β1δi + β2δj + β3ρk + βθijtθij + β4kNTMSPS
ijkt + β5kNTMTBT

ijkt + β6ik(NTMSPS
ijkt × δi)

+ β7ik(NTMTBT
ijkt × δi) + β8kln(1 + tariffijkt) + β7τt + εijk

(1)

Where the variables are defined as follows:

pijkt : price specific to importer i and exporter j product k in year t

δi : importer fixed effect

δj : exporter fixed effect

τt : time fixed effect

ρk : product fixed effect

θij : gravity characteristics between importer i and exporter j (distance, contiguity, landlocked, common language, and RTA)

NTMSPS
ijk : count of imposed SPS measures by country i on imports from j on good k

NTMTBT
ijk : count of imposed TBT measures by country i on imports from j on good k

tariffijk : applied tariff imposed by country i on imports from j on good k

εijkt : error term

In this model, importer, exporter, and product fixed effects help mitigate omitted

variable bias by accounting for unobserved heterogeneity across these dimensions. How-

ever, in contrast to the approach taken by Cadot and Gourdon (2016) and Kravchenko
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et al. (2022), we further incorporated a time-fixed effect into our model. This additional

fixed effect enables us to capture and account for unobserved variations over time that

apply to all countries and trading partners, thereby reducing the potential for omitted

variable bias.

We run this model twice using either the TRAINS database or the WTO notification

database to account for NTMSPS
ijk and NTMTBT

ijk . In addition, we estimate the regression

for each product level k. Although k can represent HS6 levels, our current model employs

the broader product level HS1 due to computational limitations.

III - II Estimation of Ad Valorem Equivalents

To derive the Ad Valorem Equivalent (AVE), we follow the method proposed by Cadot

and Gourdon (2016), which involves using the previously estimated marginal effects of

NTMs. Specifically, we can express the change in pijkt after an additional unit of NTM

as:

∆ ln(pijkt) = ln

(
pijkt(NTMSPS

ijkt )

pijkt(NTMSPS
iikt − 1)

)
= β4k + β6ikδi (2)

We then get the marginal AVE on NTM imposed as (multiply by 100 to get percent-

ages):

AVESPS
ik =

∆ ln(pijkt)

pijkt(NTMSPS
iikt −1)

= [exp (β4k + β6ikδi)− 1]× 100 (3)

This latter represents the mean AVE for a product k and an importer i. Using the

previous equation, we can obtain the effect of the total number of NTMs imposed by

country i at time t.

AVESPS
ikt =

[
exp

(
β4k ×NTMSPS

ijkt + β6ikδi ×NTMSPS
ijkt

)
− 1
]
× 100 (4)

We obtain two types of AVE estimates, one from WTO notifications and one from

TRAINS NTM data estimates.
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III - III Accounting for Endogeneity

Although the previous model provides an estimation of AVE, it fails to address the

endogeneity inherent in Non-Tariff Measures (NTMs) and tariffs concerning trade volume

and prices. Notably, a reverse causality emerges wherein the significance of the traded

good may lead to trade policy implementation. Indeed, factors like import penetration

in industries influence NTM protection. When import penetration increases, it can lead

to policies that use NTMs to protect trade (Trefler, 1993; Lee and Swagel, 1997).

Although endogeneity poses a concern, we might assume that any bias resulting from

it affects both the estimation with TRAINS data and WTO notification data similarly (in

the same direction). If this is the case, adjusting for endogeneity might not be necessary.

However, employing instrumental variables (IVs) becomes essential if the magnitude and

the direction of the bias differ between the two models.

Papers have addressed this issue using instrumental variables (IVs), with a common

approach being the use of NTMs imposed by neighboring countries (Looi Kee, Nicita,

and Olarreaga, 2009; Cadot, Gourdon, and Van Tongeren, 2018; Kravchenko et al., 2022;

Kee and Nicita, 2022). We will, therefore, proceed with a two-step regression, where we

first regress Brazil’s NTM implementation on its neighbors’ implementation, and then

incorporate the predicted NTMs into the equation (1).

In the context of our analysis, we would want to use countries such as Argentina or

Uruguay to account for Brazil’s NTMs. However, this poses a problem when countries

are all part of a regional trade bloc with common external tariffs and NTMs. Indeed,

MERCOSUR could compel countries to harmonize their NTM application among its

members. Therefore, we will opt for Brazil’s neighbors outside of Mercosur (Ecuador,

Chile, Peru, Colombia, and Bolivia).

While we would prefer to employ the same model (equation (1)) as presented in

the previous section, we encounter multicollinearity issues. This arises because NTMs

are often not specific to an exporter but are instead applied uniformly to all trading

partners, being nondiscriminatory in nature. Hence, we will modify the previous model

by removing exporter specificity and use the following model instead: The First step
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consists of regressing NTM imposed by country i by all the neighboring countries of i.

Here, we call n all neighbouring countries, and j all the exporting countries that export

to n.

NTMikt =
5∑

n=1

J∑
j=1

ϕkjNTMnjkt + εikt (5)

As we are losing exporter specificity, we weight each NTM variable by their level of

imports (Mkj) from the exporting country j at the baseline time period3 . Here, it

consists of the first observed time period, 2012. We get the following weight:

ϕkj =
Mkj,t=0∑J
j=1 Mkj,t=0

(6)

We then use the estimated NTM at the product level k to determine the effects of the

NTM on trade.

lnPikt = β0γi + β1ρk + β2k
ˆNTMSPS

ikt + β3k
ˆNTMTBT

ikt + β4τtεikt (7)

We can then use the coefficients to estimate the Ad Valorem Equivalents using equation

(3).

IV. Data

IV - I Data used in the analysis

To run the models presented in the previous section, we need trade data on Brazil and

its partnering countries from 2012 to 2016, disaggregated at the HS6 level. We acquired

this information from the World Integrated Trade Solution (WITS) database. Trade

value and trade quantity data were used to compute prices (unit value). In addition,

Tariff data were sourced from the WITS TRAINS database, providing bilateral tariff

information. Regional Trade Agreement (RTA) data were obtained from Blöthner and

3We weight both the NTM variable from country i and from the neighboring county n. We then lose
the exporter specificity in our NTM variable.
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Larch (2022), while country gravity variables were acquired from the CEPII database

(Conte, Cotterlaz, and Mayer, 2022). We also gathered data from neighboring countries to

Brazil to construct instrumental variables for our analysis. Upon assembling all requisite

data, we constructed a panel dataset at the yearly and HS6 product levels, with bilateral

trade and country characteristics. Subsequently, this dataset was merged with the NTM

database for further analysis.

IV - II UNCTAD and WTO NTM databases

We use data from UNCTAD’s TRAINS database and the WTO notifications obtained on

the Integrated Trade Intelligence Portal (I-TIP). Both data provide the type of NTM, the

count of applied NTM, the implementing country, the affected country, the regulation,

and affected product details. While the UNCTAD database can be readily employed,

the WTO notifications require certain assumptions and rectifications to align with our

analysis. However, these assumptions could indeed contribute to measurement errors

when estimating AVEs. We will use recommendations provided by Ghodsi, Reiter, and

Stehrer (2015) to transform WTO data. First, to address missing HS codes, we leveraged

the methodology outlined by (Ghodsi et al., 2017), who retrieved all missing HS codes

using product descriptions and cross-referencing with other datasets. Consequently, we

must fully recover all missing HS codes at the HS6 level. Additionally, we addressed the

absence of withdrawal information by following the approach proposed by Ghodsi et al.

(2017); Ghodsi and Stehrer (2022), wherein it is assumed that countries do not retract

any NTMs once implemented. Thus, we assume that once an NTM is notified, it will

remain implemented by the country, providing us with the cumulative count of NTMs at

a specific year. Finally, it’s important to note that in the WTO notification database, the

observed NTMs are only those that are notified. Therefore, we assume that all notified

NTMs are the only NTMs implemented.

Next, we merge each NTM database with the bilateral trade and country characteristic

data. This process yields a bilateral panel dataset at the HS6 digit level, comprising
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prices, the count of NTMs imposed by an importer to an exporter, and other relevant

variables.

IV - III Summary analysis: Comparing UNCTAD and WTO NTM data

Before comparing the AVE estimates, it is essential to look at the differences between the

two datasets. Since potential measurement errors in estimating AVE may arise from the

assumptions made when using the WTO notifications data, it is prudent to review them

to see how reasonable they are.

To verify whether the assumption of no withdrawal of NTMs is overly restrictive in the

WTO notification data, we identified, from the UNCTAD database, the countries that

have permanently withdrawn an NTM from 2010 to 2020. Figure 4 shows the number of

countries repealing an NTM, where only 7 countries had a permanent withdrawal of SPS,

and 8 countries for TBT. Additionally, the blue bars represent the number of distinct HS

codes affected by these withdrawals at the HS6 level, proportionate to the total number

of HS codes affected by NTMs for that specific country (shown in orange). It appears

that India has substantial HS6 coverage affected by NTMs withdrawn compared to the

total number of HS6 codes affected by NTMs. However, for the remaining countries,

the number of withdrawals is relatively small. This observation suggests that while

withdrawals do occur, they may not be as common across all countries. This reinforces

the notion that the assumption of no withdrawal of NTMs may not be overly restrictive

for the majority of countries.

This preliminary analysis focuses specifically on Brazil. Thus, we aim to compare the

HS codes affected by NTMs in both databases. Figures 5 and 6 depict the number of

distinct HS codes (at HS6 levels) affected by NTMs over the years. Notably, for both

TBT and SPS NTMs, the number of distinct HS codes affected appears to have increased

over time, consistent with the assumption of no withdrawal. In the case of TBT NTMs,

the number of distinct HS codes seems relatively similar between the two databases.

However, concerning SPS NTMs, we observe a slightly larger gap, with more distinct HS

codes affected by NTMs in the UNCTAD database compared to the WTO notifications.
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Figure 4: Number of distinct HS codes (at HS 6 level) IN the two databases

This difference could potentially be attributed to Brazil not notifying the WTO or to the

challenges in identifying missing HS codes, with the latter scenario seeming more likely.

Figure 5: Number of distinct HS codes (at HS 6 level) iN the two databases (SPS)
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Figure 6: Number of distinct HS codes (at HS 6 level) iN the two databases (TBT)

Finally, we can examine the average number of NTMs imposed by Brazil at the

product (HS 6-digit level), exporter, and year level by looking at the summary of the

NTM variables in our panel data. Table 1 presents the mean, median, and quantiles of

the observed counts of SPS and TBT in both databases. TBT measures seem to exhibit

greater similarity between the two datasets compared to SPS measures. In addition, it is

worth noting that the maximum counts of imposed NTMs appear to be much higher in

the WTO data compared to the UNCTAD data. However, this discrepancy only pertains

to a few observations.

Table 1: Summary statistics of observed counts of NTMs imposed by Brazil

Min. 1st Qu. Median Mean 3rd Qu. Max.
UNACTD: number of observed SPS 0 0 2 4.633956 4 94
UNACTD: number of observed TBT 0 2 8 10.99333 14 97
WTO: number of observed SPS 0 0 0 9.114181 2 924
WTO: number of observed TBT 0 2 4 9.815389 14 273

Although there are still apparent differences between the two datasets, it is neces-

sary to estimate AVEs to evaluate the impact of the assumptions made in the WTO

notifications database.
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V. Results

The model described in the Methods section is applied twice, using the two different

sources of NTM data. We estimate the NTM effects at the HS1 digit level from 2012

to 2016 for Brazil and compare the resulting AVE from both datasets. In the first part

of this section, we examine the resulting AVE using the model without accounting for

endogeneity. Finally, we present the results obtained from using instrumental variables.

V - I AVE Estimates with endogeneity

The regression outputs of equation (1) using WTO notifications and TRAINS databases

are summarized in Tables 2 and 3 of the Annex. These regressions provide coefficients

for both TBT and SPS for each HS1 digit level (ranging from 0 to 9), which are then

utilized to calculate the mean Ad Valorem Equivalents (AVEs). The mean estimates and

confidence intervals for these AVEs are reported in Figures 7 and 8. The Figures report

AVE for both UNCTAD (in blue) and WTO (in red) for each HS products codes.

In the case of SPS, it is observed that for HS0 to HS5, as well as for HS8 and HS9,

the confidence intervals of the AVEs appear to intersect between the two databases,

suggesting potential similarity between the datasets. However, for HS6, the intervals do

not intersect, indicating possible differences. Similarly, in the case of TBT, the AVEs for

products HS4, HS5, and HS9 also show non-intersecting confidence intervals, suggesting

potential differences in estimates between the two databases.

The presented estimates reveal variations in means and variances between the two

databases across different HS codes. While some HS codes yield similar AVE estimates,

others exhibit significant differences between the databases. A possible explanation for

this inconsistency could lie in the number of observed NTMs at the HS6 level for each

HS1 level group. Figure 9 and 10 provide, for the two types of NTMs, the distinct number

of NTMs applied at the HS6 level for each HS1 level group from 2012 to 2016. In the

case of SPS, it’s observable that for HS0 to HS3, WTO shows a higher number of applied

NTMs. However, this might be attributed to the potential overcounting of NTMs in the

WTO database (as we assume no repeal of the NTMs). Conversely, HS8 appears to have
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Figure 7: Estimated mean AVE (SPS) from both databases

Figure 8: Estimated mean AVE (TBT) from both databases

a higher number of NTMs in the UNCTAD database. Hence, the discrepancy between

the two databases may not really stem from the no-repeal assumptions, but from NTMs
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being imposed and observed in UNCTAD but not notified to the WTO. In the TBT

case, it appears that the number of NTMs between the two databases is quite similar.

Therefore, it’s challenging to conclude that the number of applied NTMs is directly

affecting the estimates. However, we could speculate that the gap in AVEs is once again

due to certain NTMs not being notified for specific HS6 level codes. This speculation

could hold particularly true for HS 5 and 9, where UNCTAD shows the highest number

of imposed TBT measures. To further investigate the statistical differences between the

two databases, we would need to conduct a bootstrap analysis and test whether the AVEs

are statistically different in both means and variances.

Figure 9: Number of distinct SPS applied to the HS6 levels for each HS 1 product code
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Figure 10: Number of distinct TBT applied to the HS6 levels for each HS 1 product code

V - II total AVE Estimates accounting for NTM counts

In this section, we present the total AVE effects, estimated from equation (4), which

account for the total number of NTMs imposed by year. We present in figure 11 and

12 the estimated AVE for each HS1 group for the year 2012. As there is not much

variation from one year to another, we present the results for other years in the annex.

As observed, the gap between UNCTAD and WTO estimates has widened compared to

the estimates from the mean AVE, as we account for NTMs implemented counts. This

could be explained by the previous figures where, when more NTMs are applied in WTO

data due to the no repeal assumption, we obtain much higher estimates for WTO total

AVE. Conversely, the opposite case is also observed, where if there are more UNCTAD

NTM counts, the estimates for UNCTAD AVE would be greater than WTO. Indeed,

the count of NTMs becomes much more important when estimating total AVE effects,

as it directly influences the magnitude of the estimated AVE. The measurement error

stemming from the assumption of no NTM withdrawal also becomes more significant in

this context, as it can lead to overestimation or underestimation of the total AVE effects.
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Figure 11: Estimated total AVE (counts of SPS) in 2012

Figure 12: Estimated total AVE (counts of SPS) in 2012

V - III AVE Estimates using IVs

While the previous model appears to yield different AVE estimates between TRAINS

and WTO, the observed gap might be due to endogeneity issues. If the bias, stemming

from the reverse causality, affects both estimates differently, it could explain the observed
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discrepancy. Therefore, we plan to conduct the same analysis using instrumental variables

(IVs). The results for this section will be added in the future.

VI. Conclusion and next steps

In conclusion, the observed disparity in AVE between the two databases fluctuates no-

tably across different HS code categories at a one-digit level. This discrepancy could

potentially be attributed to some NTMs not being notified to the WTO but appearing

in the UNCTAD database. In addition, the observation that NTM counts matter more

when estimating total NTM effects underscores the significance of the assumption of no

withdrawal, making it more likely to introduce measurement errors. But the counts seem

to be less important when only measuring average AVE. This suggests a nuanced rela-

tionship that warrants deeper investigation. Future analysis should focus on comparing

these estimates using instrumental variables (IVs) across various HS code levels to un-

derstand this discrepancy better. It is also imperative to extend the comparison beyond

mean values and delve into the variances while using more robust statistical techniques

such as bootstrapping.

In future analyses, we aim to broaden this investigation to include various HS code

levels and incorporate countries beyond Brazil. As highlighted by Ing, Cadot, and Walz

(2018), certain countries demonstrate a higher propensity to notify NTMs to the WTO

compared to others, influenced by differing levels of transparency across nations. This

disparity could potentially lead to varying gaps between the AVE estimates derived from

the two databases, particularly in countries that are less transparent in their notification

practices, resulting in increased measurement errors when estimating AVEs from WTO

notifications.

Lastly, the idea of combining datasets from both the WTO and UNCTAD into a

single database presents an intriguing solution. This merger would expand country and

time coverage while reducing potential measurement errors, allowing for a more thorough

analysis. Such a unified database holds the promise of revealing deeper insights into
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the underlying dynamics of trade economics, ultimately enhancing our understanding of

global trade patterns and trends.
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Annex

Figure 13: TBT: UNCTAD NTM data country and time coverage

Figure 14: TBT: WTO NTM data country and time coverage
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Draft Do Not Cite

Figure 15: Estimated total AVE (counts of SPS) in 2013

Figure 16: Estimated total AVE (counts of SPS) in 2014
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Draft Do Not Cite

Figure 17: Estimated total AVE (counts of SPS) in 2015

Figure 18: Estimated total AVE (counts of SPS) in 2016
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Draft Do Not Cite

Figure 19: Estimated total AVE (counts of SPS) in 2013

Figure 20: Estimated total AVE (counts of SPS) in 2014
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Draft Do Not Cite

Figure 21: Estimated total AVE (counts of SPS) in 2015

Figure 22: Estimated total AVE (counts of SPS) in 2016
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