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Abstract

Modern trade agreements contain a large number of provisions besides tariff reductions,

in areas as diverse as services trade, competition policy, trade-related investment measures, or

public procurement. Existing research has struggled with overfitting and severe multicollinearity

when trying to estimate the effects of these provisions on trade flows. In this paper, we build

on recent developments in the machine learning and variable selection literature to develop

data-driven methods for selecting the most important provisions and quantifying their impact

on trade flows and apply them to a recent database with highly detailed information on the

provisions included in trade agreements. We find that provisions related to technical barriers to

trade, antidumping, competition policy, subsidies, trade facilitation, sanitary and phytosanitary

measures, and export taxes are associated with enhancing the trade-increasing effects of trade

agreements. Interestingly, we find that the majority of the 305 provision variables in our data

have no measurable impact on goods trade, including virtually all provisions that fall within

commonly included policy areas such as services, labor markets, and public procurement.
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1 Introduction

International trade is of vital importance for modern economies, and governments around the world

try to shape their countries’export and import patterns through numerous interventions. Given the

increasing diffi culties facing the World Trade Organization (WTO), the usual forum for multilateral

trade negotiations, over the last several decades, countries have become increasingly reliant on

preferential trade agreements (PTAs) involving only one or a small number of partners. At the

same time, modern PTAs have increasingly shifted their focus from the reduction of tariffs to instead

targeting non-tariff barriers and behind-the-border policies, and they now often explicitly include

a number of provisions addressing issues such as differences in technical standards, competition

regulations, and intellectual property rights.

Against this background, researchers and policy makers interested in the effects of trade agree-

ments face diffi cult challenges. In particular, recent research has tried to move beyond estimating

the overall impact of PTAs and to establish the relative importance of individual trade agreement

provisions in determining an agreement’s overall impact (e.g., Kohl, Brakman, and Garretsen,

2016, Mulabdic, Osnago, and Ruta, 2017, Dhingra, Freeman, and Mavroeidi, 2018, Regmi and

Baier, 2020, and Falvey and Foster-McGregor, 2022). However, such attempts face the diffi culty

that the large number of provisions, and the fact that similar provisions appear in different trade

agreements, create severe multicollinearity problems, which make it very diffi cult to identify the

effects of individual PTA provisions. Traditional methods such as gravity regressions of trade flows

on dummies for individual provisions are not able to deal with such multicollinearity. Instead,

researchers have grouped or aggregated provisions in different ways. For example, Mattoo, Mulab-

dic, and Ruta (2017) use the count of provisions in an agreement as a measure of its depth, hence

implicitly giving equal weight to each measure, whereas Dhingra, Freeman, and Mavroeidi (2018)

overcome multicollinearity problems by grouping provisions into a small number of bundles.

In this paper, we provide more detailed evidence on which types of trade agreement provisions

are most important for trade. We do so by using data-driven methods that build upon recent

developments in the machine learning and variable selection literature. Specifically, we incorporate

variable selection methods based on the lasso (Least Absolute Shrinkage and Selection Operator;

see, e.g., Hastie, Tibshirani, and Friedman, 2009) into a panel data gravity model, considered

standard in the analysis of how PTAs affect trade flows; see, e.g., Yotov, Piermartini, Monteiro,

and Larch (2016) and Larch, Shikher, and Yotov (2025). By estimating gravity models with
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high-dimensional fixed effects using a Poisson pseudo-maximum likelihood (PPML) estimator with

an added lasso penalty on the provision-variable coeffi cients, we show that the trade-enhancing

effects of PTAs are concentrated in only a small number of policy domains. In particular, we

find that provisions related to technical barriers to trade, anti-dumping procedures, competition

policy, subsidy policies, trade facilitation and customs procedures, sanitary and phytosanitary

measures, and export taxes collectively have the largest impacts on trade, whereas provisions falling

within domains less directly related to goods trade– such as services, labor markets, and public

procurement– are much less likely to be selected by our methods and have a much smaller aggregate

trade impact. Broadly, our findings therefore suggest that what matters for trade is not simply

how many provisions a PTA contains, but rather which policy areas those provisions address.

To carry out our analysis, we use a high-resolution data set on the provision content of PTAs

recently made available by the World Bank (Mattoo, Rocha and Ruta, 2020). Importantly, this

database is very detailed, to the point where the number of provision variables we consider is larger

than the number of PTAs we observe in our data. In addition, in many cases groups of provisions,

even seemingly unrelated provisions, appear together with high frequency due to common templates

and other similarities across PTAs. These features of the data are crucial for understanding how to

frame our results: even with lasso-based methods, it is not possible for us to identify the impact of

each specific provision in the presence of such strong multicollinearity. Nonetheless, our methods

are still able to provide some clear answers to the question of which provisions matter for trade

that are new to the literature. In particular, we find that the majority of provision types (more

than two-thirds of the 305 provision variables in our data) have no measurable impact on trade.

Moreover, we do not find any evidence that some provisions reduce trade while others increase it;

a small number collectively increase it while most have little to no measurable effect.

The starting point for our empirical approach is a standard gravity specification with exporter-

time, importer-time, and country-pair fixed effects, following established best practices in the em-

pirical trade literature for addressing multilateral resistance and pair-specific heterogeneity. To ad-

dress the high dimensionality of our provision variables, we augment the PPML estimator normally

used in this setting with a lasso penalty that selects the subset of provision variables that are most

strongly associated with trade flows. Since implementing the lasso requires careful consideration

of how to choose the parameters that govern the penalty term, we consider two main approaches:

cross-validation, which involves maximizing out-of-sample fit, and the plug-in (or theory-driven) ap-

proach of Belloni, Chernozhukov, Hansen, and Kozbur (2016), which has the important advantage
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that it accounts for heteroskedasticity and clustered errors.1 Because of the high multicollinearity

in our data, we find that the number of provisions selected when using the PPML-lasso with the

tuning parameter chosen by cross-validation is too large for the model to have a meaningful inter-

pretation and that, in contrast, the number of provisions identified when using the plug-in penalty

is too small to allow us to be confident that it includes the majority of relevant provisions.2

To address these issues, we introduce two additional methods that seek to identify potentially

important variables that may have been missed in an initial lasso step based on the plug-in penalty.

Our preferred approach, which we call the bootstrap lasso, augments the set of variables selected

by the plug-in lasso with the variables selected with suffi ciently high frequency when the plug-in

lasso is applied to many bootstrap samples. In the spirit of both Meinshausen and Bühlmann

(2010) and Wang et al (2011), who each apply a similar principle to the standard lasso, this type

of resampling procedure exploits the instability of variable selection in finite samples and thereby

allows us to identify additional provisions that can act as close substitutes for the ones selected using

the original sample. As a complementary approach, we also propose what we call the iceberg lasso,

which involves regressing each of the provisions selected by the plug-in lasso on all other provisions.

The advantage of the latter method is that it explicitly aims to detect relevant variables that were

missed in the initial step due to collinearity. However, unlike the bootstrap lasso, it does not offer

information about the stability of selection or about the combined effects of groups of selected

regressors. The bootstrap lasso can, for example, recover the aggregate effects of the selected

provisions that fall within each of the provision classifications used by Mattoo, Rocha and Ruta

(2020), which serve as the categories emphasized in our main results.

Our work contributes to several different literatures. Most directly, we contribute to the large

and growing literature on the effects of PTAs on trade flows. As previously discussed, recently this

literature has tried to decompose the overall PTA effect by disentangling the effects of individual

trade agreement provisions, but problems related to multicollinearity and high dimensionality have

led researchers to group or aggregate provisions before estimation. By contrast, our approach

1An R package (penppml) implementing penalized PPML regressions with high-dimensional xed effects

is available from CRAN and can be installed with install.packages("penppml"). For more details see

https://github.com/tomzylkin/penppml.

2Our simulation results in Section 4 suggest that the lasso with a penalty parameter chosen by the plug-in method

often fails to select the relevant regressors. A similar result, in a different context, is reported by Wüthrich and Zhu

(2021).
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allows us to select the most important provisions and to quantify their impact on trade flows while

avoiding the need to make essentially arbitrary assumptions about how to aggregate individual

provisions (see Mattoo, Mulabdic, and Ruta, 2017; Dhingra, Freeman, and Mavroeidi, 2018).

In addition, we contribute to a small existing literature that has used machine learning and

other related methods to study the effects of trade agreements in a gravity context. For example,

Regmi and Baier (2020) use an unsupervised learning method to group PTAs by textual similarity,

so as to provide a more nuanced notion of PTA depth. Following from a similar motivation,

Hofmann, Osnago, and Ruta (2017) propose an earlier depth measure for PTAs based on principal

components analysis applied to their provisions data. In contrast, Baier, Yotov, and Zylkin (2019)

use a two-step methodology where pair-specific PTA effects are estimated in a first stage and then

predicted out of sample using country- and pair-specific variables.

Finally, we make a contribution to the methodological literature interested in variable selection.

In particular, we extend and adapt existing work by Belloni, Chernozhukov, Hansen, and Kozbur

(2016) on the use of the lasso in the presence of heteroskedasticity and clustered errors to make

it applicable to the context of international trade flows and trade agreements. This requires an

extension of their original method to the estimation of nonlinear models with high-dimensional fixed

effects using PPML. The bootstrap lasso and iceberg lasso that we propose build on the results

obtained using the plug-in penalty and identify additional sets of provisions that may have a causal

effect on trade. Both methods add to the information provided by the standard lasso approaches

and, as illustrated in our simulations, are better able to identify the provisions that have a causal

effect.

The rest of this paper is structured as follows. Section 2 presents the data on PTA provisions

and provides a descriptive analysis of these data, highlighting a number of stylized facts about the

provisions present in recent trade agreements. Section 3 introduces the variable selection problem

in the three-way gravity model context and explains how we implement PPML-lasso estimation

with high-dimensional fixed effects. Section 4 presents the results of a simulation study comparing

the relative performance of different lasso methods in a simplified setting with high correlation

between regressors. Section 5 applies our methods to our database on PTA provisions and shows

which provisions have the strongest impact on trade flows. Section 6 concludes and technical details

are gathered in an Appendix.
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2 Data

Our analysis combines data on international trade flows from Comtrade with the database on

the content of PTAs that has been collected by Mattoo, Rocha and Ruta (2020). On trade, we

use four-yearly merchandise exports between 1964 and 2016 from 220 exporters to 270 importers.

Flows for country pairs without export information are considered as zeros. The database on the

content of trade agreements includes information on 282 PTAs that have been signed and notified

to the WTO between 1958 and 2017. The data focus on the sub-sample of 17 policy areas that are

most frequently covered in the trade agreements mapped in Hofmann, Osnago, and Ruta (2017).

These policy areas range from environmental laws and labor market regulations, that are covered

in roughly 20 percent of the PTAs, to areas such as rules of origin and trade facilitation that are

present in over 80 percent of the agreements (see Figure 1).3

For each agreement and policy area, the database provides granular information on the specific

provisions covering stated objectives and substantive commitments, as well as aspects relating to

transparency, procedures and enforcement. The coding exercise focuses on the legal text of the

agreements and therefore excludes information on the actual implementation of the commitments

included in the agreements.4

To alleviate the problems caused by the high dimensionality of the data and the high level of

correlation across the provisions included in the agreements, the analysis presented in this paper

focuses on the sub-set of essential provisions. This includes the set of substantive provisions (those

that require specific integration/liberalization commitments and obligations) plus the disciplines

among procedures, transparency, enforcement or objectives, which are viewed as indispensable and

complementary to achieving the substantive commitments. Non-essential provisions are referred

to as corollary.5 The share of essential provisions in the total number of provisions included in an

agreement ranges from less than 10 percent for public procurement, movement of capital and visa

and asylum, to more than 50 percent for policy areas such as environmental laws and labor market

3All data is publicly available and can also be obtained from the authors upon request.

4 In this data set, information coming from secondary law (the body of law that derives from the principles and

objectives of the treaties) has not been coded. This is of particular importance for agreements such as the EU, since

most policy areas covered have used secondary law such as regulations, directives, and other legal instruments to

pursue integration.

5The classification into essential and corollary in the database is based on experts’knowledge and, hence, has an

element of subjectivity.
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regulations. Overall, the sub-set of essential provisions represents almost one-third (305/937) of

the total number of provisions coded in this exercise (see Table 1).

One important caveat regarding this data set is that it does not cover all of the trade agreements

that have been in force during the period under study. Specifically, our information on provisions is

limited to agreements that are currently in effect, i.e., excluding any agreements that are no longer

in effect. For this reason, we drop observations associated with agreements no longer in effect. This

means that the effects of newer agreements are identified by changes in trade relative to when that

pair did not have any agreement rather than relative to pre-existing agreements. The majority of

the observations that are dropped are due to pre-accession agreements that new European Union

(EU) members sign before joining the EU. Thus, to use one of these cases as an example, Italy-

Croatia is included in our data for years 1992-2000 (after Croatian independence and before the

initial EU-Croatia PTA in 2001) and for year 2016 (after Croatia joins the EU in 2013). For this

reason, in our analysis we experiment with treating the EU differently, as discussed further in

Section 5. To identify agreements no longer in effect, we consult the NSF-Kellogg database created

by Jeff Bergstrand and Scott Baier crosschecked with data from the WTO. The EU and the earlier

European Community are treated as the same agreement for these purposes, though it is allowed

to evolve as new provisions are added.

Figure 1: Share of PTAs that cover selected policy areas

Note: Figure shows the share of PTAs that cover a policy area. Source: Mattoo, Rocha and Ruta (2020).
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Table 1: Distribution of essential provisions by policy area

Number of Number of

Policy Area provisions Essential provisions Share

Anti-dumping and Countervailing Duties 53 11 28.8%

Competition Policy 35 14 40.0%

Environmental Laws 48 27 56.3%

Export Taxes 46 23 50.0%

Intellectual Property Rights 120 67 55.8%

Investment 57 15 26.3%

Labor Market Regulations 18 12 66.7%

Movement of Capital 94 8 8.5%

Public Procurement 100 5 5.0%

Rules of Origin 38 19 50.0%

Sanitary and Phytosanitary Measures 59 24 40.7%

Services 64 21 32.8%

State-Owned Enterprises 53 13 24.5%

Subsidies 36 13 36.1%

Technical Barriers to Trade 34 19 55.9%

Trade Facilitation and Customs 52 11 21.2%

Visa and Asylum 30 3 10.0%

Total 937 305 32.6%

3 Determining Which Provisions Matter for Trade

We now outline the methodology we use to identify which PTA provisions are most likely to have

an impact on bilateral trade. To preview our approach, we will first specify a typical panel data

gravity model for trade flows. Following the latest recommendations from the methodological liter-

ature (Yotov, Piermartini, Monteiro, and Larch, 2016, Weidner and Zylkin, 2021, Larch, Shikher,

and Yotov, 2025), we will use a multiplicative model where expected trade flows are given by an

exponential function of our covariates of interest plus three sets of fixed effects. Drawing on this

standard framework, we will then consider the estimation challenges that arise when the number

of covariates (here, provision variables) is allowed to be very large. As we will discuss, it will be

convenient to reformulate the usual estimation problem as a “variable selection”problem, where

we suppose that many of the provisions have zero or approximately zero effect.
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Bringing together these elements will require that we extend recent computational advances

in high-dimensional fixed effects estimation to incorporate lasso and lasso-type penalties. It will

also require that we introduce our own innovations, the bootstrap lasso and iceberg lasso methods,

which we will motivate as providing a balance between cross-validation approaches that tend to

select too many variables and more parsimonious plug-in methods that may select too few.

3.1 The Gravity Model

Our starting point for estimation is the following multiplicative gravity model:

µijt := E(yijt|xijt, αit, γjt, ηij) = exp(x′ijtβ + αit + γjt + ηij). (1)

Here, i, j, and t respectively index exporter, importer, and time. Bilateral trade flows from exporter

i to importer j at time t are therefore given by yijt, xijt are our covariates of interest, and αit,

γjt, and ηij are, respectively, exporter-time, importer-time, and exporter-importer (“pair”) fixed

effects.

Because of the three fixed effects, the model in (1) is often called the “three-way gravity model”.

Intuitively, the exporter-time and importer-time fixed effects αit and γjt may be thought of as

controlling for changes over time in the “gravitational pull” that the exporter and importer each

exert on world trade flows. More formally, these fixed effects can be shown to depend on the market

sizes of the two countries as well as on what Anderson and van Wincoop (2003) call “multilateral

resistance”, a theoretical measure of each country’s connectedness to the overall trade network. A

variety of trade models can be shown to give rise to these fixed effects; see Head and Mayer (2014)

for a comprehensive review. The inclusion of the pair fixed effect ηij was suggested by Baier and

Bergstrand (2007), who convincingly argue that estimates of the effect of trade agreements and

other similar variables would otherwise be biased due to omitted cross-sectional heterogeneity. In

terms of a trade model, this omitted heterogeneity is often motivated as coming from unobserved

trade costs.

An important point about (1) is that it motivates estimating the model in its original nonlinear

form using PPML; see Gourieroux, Monfort and Trognon (1984). In principle, one could instead

use a linear model after taking logs, but Santos Silva and Tenreyro (2006) have pointed out that

this estimator is generally inconsistent and recommend that (1) should instead be estimated by

PPML. Though the resulting model is nonlinear with three sets of high-dimensional fixed effects,

estimation is feasible due to recent computation innovations by Correia, Guimarães, and Zylkin
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(2020) and others.6 Weidner and Zylkin (2021) have recently established the consistency and

asymptotic distribution of the three-way PPML estimator, and Yotov, Piermartini, Monteiro, and

Larch (2016) and Larch, Shikher, and Yotov (2025) recommend it as the workhorse method for

estimating the effects of trade policies. It is frequently applied in the context of trade agreements

in particular.

Having established these details, our focus is on the set of covariates, xijt. In most applications

in the trade agreements literature, xijt is often either a single variable– i.e., a dummy for the

presence of a trade agreement– or minor variants thereof, such as interactions of a trade agreement

dummy with either the depth of the agreement or the bilateral characteristics of the two countries

(Baier, Bergstrand, and Feng, 2014; Baier, Bergstrand, and Clance, 2018). Instead of using a

single PTA dummy, we include 305 dummies, one for each of the provisions contained in our data.

Therefore, a major estimation challenge that arises in our setting is that we must treat the number

of provisions as being very large. As we show in Appendices D and E, in our data set this high

dimensionality, combined with the relatively small number of PTAs, creates strong multicollinearity

that results in implausibly large and uninterpretable estimates when a standard estimator is used.

Furthermore, the estimated model has poor predictive performance due to overfitting. We therefore

must discuss how the standard gravity estimation approach must be modified in order to deal with

this additional source of high dimensionality.

3.2 Variable Selection and Gravity

The starting point for our methodological innovation is the fact that it is very likely that some

provision variables will have a causal effect on trade flows, but the number of such provisions is

small. To be more precise, we have p = 305 essential provision variables, coded as dummies, of

which a subset 0 < s < p are assumed to have non-zero effects, where s is typically small with

respect to the sample size.7 We do not know s beforehand, nor do we know the identities of any of

6Correia, Guimarães, and Zylkin (2020) and Stammann (2018) have each proposed algorithms for estimating

nonlinear fixed effects models based on iteratively re-weighted least squares (IRLS). Heuristically, this type of algo-

rithm exploits the linearity of the weighted least squares step in the IRLS algorithm to wipe out the fixed effects in

each iteration, then uses an application of the Frisch-Waugh-Lovell theorem to update the weights, repeating until

convergence. For a different approach, see Larch, Wanner, Yotov, and Zylkin (2019).

7Note that of the 305 provisions in our data, 8 are always equal to zero. Therefore, the effective number of

provisions we consider is 297.
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the s provisions that substantively affect trade. Our goal then is to use statistical methods along

with the model described in (1) in order to identify these provisions.

Because of the high dimensionality of xijt, experimenting with different subsets of provisions

to see which has the best performance is unlikely to be fruitful. Instead, we adopt a penalized

regression (or “regularization”) approach that involves appending a penalty term to the Poisson

pseudo-likelihood one would use to estimate the unpenalized gravity model. The idea is that

the penalty term “shrinks”all estimated coeffi cients towards zero and forces some of them to be

exactly equal to zero. The higher the penalty, the fewer the variables that are found to have non-

zero coeffi cients and are therefore “selected”. By design, the variables that are selected should be

those that exert the strongest influence on the fit of the model; coeffi cients for variables that are

not as relevant should end up getting shrunken to zero completely.

Because of its computational feasibility, the most frequently used approach to this type of

variable selection problem is the lasso, introduced by Tibshirani (1996). In our setting, the penalized

objective function that defines the three-way PPML-lasso is

PL(β, α, γ, η) = 1

n

∑
i,j,t

(
µijt − yijt lnµijt

)
︸ ︷︷ ︸
−1×PPML pseudo likelihood

+
1

n

p∑
k=1

φ̂kλ|βk|︸ ︷︷ ︸
Lasso penalty

, (2)

where n is the number of observations,8 as in (1) above, µijt = eαit+γjt+ηij+x
′
ijtβ is the conditional

mean, and λ ≥ 0 and φ̂k ≥ 0 are tuning parameters that determine the penalty. As indicated in

(2), the first term in this expression is the standard PPML objective function one would minimize

in order to estimate the three-way gravity model. Thus, the PPML-lasso nests PPML as a special

case when λ is set to zero.

The second term in (2) is a modified lasso penalty that allows for regressor-specific penalty

weights as opposed to having λ as the only tuning parameter as in the standard lasso. Intuitively,

larger penalties increasingly shrink the estimated β-coeffi cients towards zero. The coeffi cients for

any variables that do not suffi ciently increase the likelihood are set to exactly zero, thereby giving

us a way of identifying which variables to include in the final model. For some illustration, if we

choose a large enough λ, the only way to minimize PL is to set all β̂ks equal to zero, meaning that

no variables are selected. As in Belloni, Chernozhukov, Hansen, and Kozbur (2016), we will use the

regressor-specific φ̂k penalty terms, which are explained in more detail below, to iteratively refine

8Naturally, the number of observations will depend on the number of countries for which we have data and on the

number of years we observe them. For simplicity, we do not make that relation explicit.
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the model while also reflecting any heteroskedasticity and within-cluster correlation featured in the

data.

Importantly, the fixed effects parameters α, γ, and η are not penalized because there is no reason

to believe that most of these parameters are actually zero. In addition, it turns out they do not pose

special issues for computation. This is because the estimation of the fixed effects does not depend

directly on the penalty. As such, for any given β, the fixed effects estimates can be obtained by

solving their usual PPML first-order conditions from the standard unpenalized regression approach.

In practice, this means that the fixed effects can actually be dealt with in the exact same manner as

in Correia, Guimarães, and Zylkin (2020). More details on the computational methods are provided

in Appendix B, but, basically, we use the original HDFE-IRLS algorithm of Correia, Guimarães,

and Zylkin (2020) to take care of the fixed effects but replace the weighted linear regression step

from that algorithm with a weighted lasso regression.9

3.3 Implementing the Lasso

The next question of course is how to determine the tuning parameters λ and φ̂k. As a starting

point, we will examine the traditional cross-validation approach and the plug-in lasso of Belloni,

Chernozhukov, Hansen, and Kozbur (2016), both of which we have modified to fit the demands

of the three-way PPML setting. As we will discuss, each of these methods has its strengths and

weaknesses. Therefore, we will then turn to describing two extensions of the plug-in lasso, which

we call the “bootstrap lasso”and “iceberg lasso”, that are intended to address one of the plug-in

lasso’s key shortcomings in this context. The performance of the proposed methods is evaluated in

the next section using a simulation experiment. Appendices B and C present additional details on

their implementation and properties, including the proof that our proposed plug-in estimator has

a near-oracle property in spite of the fixed effects.10

9For the lasso regression step, we use the coordinate descent algorithm of Friedman, Hastie, and Tibshirani (2010).

10The oracle property of estimators such as the adaptive lasso of Zou (2006) refers to their ability to correctly

recover which parameters are zero and non-zero in a setting where the number of potential regressors is fixed and the

number of observations is large. The near-oracle property of the plug-in lasso is similar, but its rate of convergence

is slower and depends on the number of potential regressors because in the setting considered by Belloni, Chen,

Chernozhukov, and Hansen (2012) the number of potential regressors is allowed to grow with the sample size.
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Plug-in Lasso

The plug-in lasso is so-named because it specifies appropriate functional forms for the penalty pa-

rameters based on statistical theory and then uses plug-in estimates for these parameters. It is

therefore a “theory-driven” approach to the variable selection problem, whereas cross-validation,

discussed next, is a more traditional machine learning method that relies on out-of-sample predic-

tion. The plug-in lasso was first proposed by Belloni, Chen, Chernozhukov, and Hansen (2012),

though the specific implementation we build on is the “cluster lasso” method of Belloni, Cher-

nozhukov, Hansen, and Kozbur (2016), which allows for correlated errors within clusters.

Without delving too much into technical details, which we defer to Appendices B and C, variable

selection using the plug-in lasso can be thought of as involving the following three ingredients:

i. The absolute value of the score for each βk when evaluated at 0,

ii. The standard error of the score for each βk, i.e., φ̂k,

iii. A value for λ such that the absolute value of the score for βk must be large relative to its

standard error (as captured by φ̂k) in order for regressor xijt,k to be selected.

Intuitively, the value of the score reflects the impact that a small change in βk has on the fit

of the model. When evaluated at 0, it tells us how much the fit of the model improves when we

make βk non-zero. The standard logic of the lasso is that this improvement in fit must be large

relative to the penalty in order for β̂k to be non-zero. One of the main innovations of the plug-in

lasso is to allow the regressor-specific penalty φ̂k to reflect the standard error of the score.
11 This

way, we counteract the possibility that regressors could be mistakenly selected due to estimation

noise rather than because of their true impact on the model. These regressor-specific penalties play

an important role in the presence of heteroskedasticity, which of course is an important feature of

trade data. Because the provision sets in xijt vary by agreement, and because we expect errors

to be serially correlated over time, we use the cluster lasso approach to constructing these weights

as in Belloni, Chernozhukov, Hansen, and Kozbur (2016). Specifically, we cluster all observations

belonging to pairs that form agreements by the agreement they eventually belong to, including

before the agreement begins. Other observations are clustered by pair.

11The standard error of the score for each βk is defined as the square root of its sample variance. It is closely

related to the heteroskedasticity correction that would normally be used for computing a cluster-robust sandwich

estimator for the standard errors of the coeffi cient estimates. See Appendix B for more details.
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An important advantage of the plug-in lasso is that it is very parsimonious in terms of the

number of variables it selects. As shown by Drukker and Liu (2019), the plug-in method offers

superior performance versus cross-validation approaches in finite samples, in large part because

these other methods tend to select too many variables. Furthermore, Theorem 1 in Appendix C

proves that the “post-lasso”estimates obtained using unpenalized PPML on the covariates selected

by our implementation of the plug-in lasso have a near-oracle property, in the sense that the L1

norm of estimation error, for the selected variables, goes to zero at a suffi ciently fast rate (see also

Belloni, Chen, Chernozhukov, and Hansen, 2012).12

However, the plug-in lasso’s parsimony can also be a weakness in that it may select too few

variables. In general, it attempts to select a small number of variables that are most useful for

predicting the outcome. However, in data settings where there is a substantial number of regressors

that are highly correlated, as is the case with our provisions data, it is possible that the plug-in

lasso will wrongly select a regressor that does not affect the outcome but is strongly correlated with

another regressor that does, since either can have similar predictive value for fitting the model. We

discuss this issue in more detail when we introduce our extensions of the plug-in lasso.

Cross-Validation

As an alternative to the plug-in method, we also consider a more traditional approach based on

cross-validation. Under cross-validation, one repeatedly holds out some of the data and chooses

λ in order to maximize the predictive performance of the model when evaluated on the held-out

data. The regressor-specific φ̂k do not play a role and are set equal to 1.

Because of the size of the data and the nature of our model, implementing this approach

presents some interesting challenges. A standard implementation would be a “k-fold” approach

that randomly partitions the sample into k folds and then uses k − 1 subsets to estimate the

parameters and the excluded subset to evaluate the predictive ability of the model. To adapt this

idea to our setting, we validate our model by repeatedly dropping the observations corresponding

to randomly selected groups of agreements in our data when they are in effect, and then use their

provisions to predict trade for the dropped observations, similar to the approach taken by Baier,

Yotov, and Zylkin (2019). In this case, all fixed effects are always present in each practice sample,

12Specifically, we show that, despite the nonlinearity of the model, the bias of the three-way PPML estimator

documented in Weidner and Zylkin (2021) does not alter the usual near-oracle convergence rate of the plug-in lasso

method.
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so that we can always form the necessary predictions for the omitted trade flows associated with

the PTA that have been dropped.13

The main advantage of cross-validation is that it is explicitly designed to optimize predictive

performance. Thus, it may offer a conceptual advantage where forecasting tasks are concerned.

However, a known weakness of the standard lasso with cross-validation is that it often errs on the

side of selecting too many variables that are not relevant.14 Furthermore, it does not take into

account heteroskedasticity when performing the selection, and it generally does not have either

an oracle or near-oracle property in large samples. For these reasons, cross-validation is not our

preferred method for answering the question of which provisions matter for trade; we consider it

mainly to illustrate the basic mechanics of the lasso and as a check on our plug-in results.15

Extensions of the plug-in lasso

One important feature of the lasso is that it selects variables that are good predictors of the outcome,

but these are not necessarily variables that have a causal impact on the outcome and may just be

correlated with regressors or with unobserved factors that have a causal impact. Indeed, Zhao and

Yu (2006) show that only when the so-called “irrepresentability condition” is valid can we expect

the variables selected by lasso to have a causal interpretation; the condition essentially imposes

limits on the degree of collinearity between the variables with a causal effect on the outcome and

the candidate regressors with no causal effect (see also Wainwright, 2009).

As we have noted, in the case of our data set, there is a very high degree of collinearity between

some of the variables, and therefore we cannot expect the irrepresentability condition to hold.

13 It may, however, happen that some provisions are not included in the agreements used in the estimation sample.

This is less likely to happen if k is large, and therefore we use k = 25.

14 In linear models, tuning λ using cross-validation is analogous to selection based on the Akaike information

criterion, which ensures that the probability of selecting too few variables goes to zero but does not eliminate the

possibility of selecting too many. Relatedly, Drukker and Liu (2019) find that selecting λ using cross-validation also

leads to the inclusion of too many regressors in Poisson regressions. In our own application, we too find that the

cross-validation method selects many more provisions than the plug-in method.

15Alternatively, we could consider the adaptive lasso (Zou, 2006), which adds a second tuning parameter and is

known to deliver consistent variable selection, i.e, it has the oracle property. However, in our application we have

found that the adaptive lasso is similar to the standard cross-validation lasso in that it is much too lenient and it

keeps too many regressors that are not relevant. The simulations reported in the next section suggest that this is

likely to be the case in relatively small samples.
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Furthermore, for the plug-in lasso especially, which tends to select a very parsimonious model, we

should be worried whether the selected provisions mask the effects of a potentially more complex

set of other provisions that are often included in the same agreements as the provisions that are

selected.

To address this complication, we consider two extensions of the plug-in lasso: the bootstrap

lasso and the iceberg lasso. Both approaches expand the initial set of plug-in-selected provisions

by adding variables that may help predict trade but are omitted by the more parsimonious plug-

in method. The motivation in each case is that, although the reverse is not true, variables with

a significant causal impact should be good predictors of the outcome. Therefore, expanding the

selected set in this way may help uncover additional relevant provisions whose effects are otherwise

masked by their collinearity with the variables selected in the first step.

The Bootstrap Lasso It is well documented that in small to moderate samples the set of

variables selected by the lasso can be somewhat unstable, in the sense that it is very sensitive to

perturbations of the sample (see, e.g., Meinshausen and Bühlmann, 2010; Mullainathan and Spiess,

2017). We use this feature of the lasso to try to alleviate the tendency of the plug-in lasso to select

too few variables. In what we call the bootstrap lasso, we apply the plug-in lasso to an additional

set of B− 1 samples obtained by bootstrap, and define the set of variables selected by this method

as the variables that are most frequently selected in the B samples considered. Doing so has several

conceptual benefits.

First, because this method is likely to uncover variables that substitute for the originally selected

variables in approximating the patterns found in the data in different versions of the sample, the

augmented set of variables it selects is likely to contain more of the relevant variables than the initial

set selected by the plug-in lasso. Second, the frequency with which each variable is selected provides

useful information about the stability of its selection and thus the degree of confidence we should

have in its importance to the model. Third, when multiple provisions from a natural grouping of

provisions, such as those from a common policy area, are selected with low to moderate frequency,

the post-lasso estimates from each bootstrap sample can be aggregated across samples to obtain

an estimate of the trade effect associated with the provision grouping as a whole. This feature
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provides a feasible way of ranking, for example, how provisions on trade facilitation collectively

affect trade as compared to provisions relating to investment or services.16

Naturally, the performance of the bootstrap lasso will depend on B and on the frequency

cutoff used to select the variables, with lower cutoffs increasing the probability of selecting relevant

variables but also the number of irrelevant variables included in the model. In our application, we

use B = 250 and restrict our attention to variables that are selected with a frequency exceeding

5% or 1%.17

The Iceberg Lasso Simply put, the iceberg lasso involves performing a subsequent set of plug-in

lasso regressions in which each of the provisions selected by the plug-in lasso estimator is regressed

on all of the provisions that were excluded; the set of variables selected by the iceberg lasso is the

union of the set selected in the first step with the sets selected in each of the regressions of the

second step. The purpose of the second-step regressions is to identify bundles of provisions that

are highly correlated with the ones selected in the first step, and therefore may be representable by

them, in the sense of Zhao and Yu (2006). That is, each of the variables selected by the PPML-lasso

with the plug-in tuning parameter may be just “the tip of the iceberg”of a bundle of variables that

have a causal impact on trade, and the lasso regressions in the second step is designed to identify

these bundles.18

3.4 Discussion and caveats

Having described the ideas behind our methods, several further caveats are in order. First, by

construction, not all of the provisions selected by lasso-based methods can be said to have causal

16This averaging is related to the idea of bootstrap aggregation, or “bagging,” in the machine learning literature;

see, e.g., Hastie, Tibshirani, and Friedman (2009). As shown in the Appendix, averaging estimates and predictions

across bootstrap samples may also reduce overfitting by averaging out some of the sampling error in the original data.

17 In the simulations reported in Section 4 we use B = 20 and use only the 5% cutoff.

18As such, the iceberg lasso may be interpreted as a data-driven alternative to the method used in Dhingra,

Freeman, and Mavroeidi (2018) to construct provision bundles. The iceberg lasso also complements the approach

adopted by Regmi and Baier (2020), who use machine learning tools to construct groups of provisions and then use

these clusters in a gravity equation. The main difference between the two approaches is that Regmi and Baier (2020)

use what is called an unsupervised machine learning method, which uses only information on the provisions to form

the clusters. In contrast, the iceberg lasso selects the provisions using a supervised method that considers the impact

of the provisions on trade, and then adds another step which can be interpreted as unsupervised learning.
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effects. Whether or not the plug-in lasso and the extensions we introduce are more informative

than other methods that are already known to over-select regressors (such as the cross-validation

approach described earlier) is an empirical matter and the answer will depend on the application.

Second, the causal interpretation of our results depends on the maintained assumption that the

three-way gravity model isolates the relevant variation in trade flows. Under this assumption, and

provided that some provisions do in fact affect trade, our approach is designed to select a group of

variables that is likely to contain the provisions with causal effects. The three-way gravity model

has the considerable advantage that it isolates a particular variation in the data that is empirically

relevant for the study of trade agreements, namely the within-pair variation that is time-varying

and independent of country-specific changes in trade. At the same time, the strong collinearity

among the provisions in our data means that the selected variables should not be interpreted as a

definitive list of causal provisions. The initial PPML-lasso with the tuning parameter selected by

the plug-in method is likely to omit relevant variables, while the bootstrap lasso and iceberg lasso

are designed to recover additional provisions whose effects may be masked by their collinearity with

those selected in the first step. The broader sets of variables selected by the latter two methods

are therefore more likely to include the relevant provisions, but at the cost of also selecting some

provisions that may have little or no direct causal impact on trade.

4 Simulation Evidence

In this section we report the results of a simulation exercise investigating the finite-sample properties

of the variable-selection methods discussed before. The simulation design we use covers a range of

scenarios that, to different degrees, combine two important features of our application: a relatively

small sample and a high degree of collinearity between several potential explanatory variables. The

results we obtain, therefore, provide information on the performance of the different methods in

conditions similar to those we face. They also illustrate how these performances change when we

progressively move towards either more or less challenging environments.

In all experiments, the n observations of the dependent variable are generated as

y = exp (1 + βx1 + z + σε) ,

where β and σ are parameters and x1, z, and ε are independent random draws from the standard

normal distribution. In the estimation, performed by PPML-lasso, ε is not included as a regressor

(it is the error term), z is always included as a regressor whose coeffi cient is not penalized, and
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we use different methods to select other regressors from a set of p potential explanatory variables

x1, . . . , xp. Therefore, in this design, x1 plays the role of the presumably small number of provisions

that effectively affect trade, x2, . . . , xp represent the provisions that have no impact on trade, and

z mimics the role of the fixed effects that explain a significant share of the variation of trade and

are included without penalty.19

The parameters β and σ determine the relevance of x1 and the signal-to-noise ratio: because

gravity equations typically have an excellent fit, we set β = 0.2 and σ = 0.3, which ensures that

model has a reasonably high R2 and that the effect of x1 is neither too small (which makes its role

very diffi cult to detect) nor too large (in which case all approaches have an excellent performance).

The p potential explanatory variables are obtained as random draws from the normal distri-

bution; the first κ variables x1, . . . , xκ are equicorrelated with correlation coeffi cient ρ, and the

remaining ones are independent of all other variables. All regressors have zero mean and variance 1

and we perform simulations with κ ∈ {5, 10, 20}, ρ ∈ {0.90, 0.95, 0.99}, n ∈ {250, 1000, 4000}, and

set p to 5 d
√
ne, where d·e denotes the ceiling function; that is, depending on the value of n, p is

either 80, 160, or 320. Note that, although only x1 actually influences y, we include all p potential

explanatory variables in our regressions and check whether our methods can find the one variable

that matters.20

In these simulations we considered each of the four methods presented before: cross-validation

lasso, plug-in lasso, the bootstrap lasso and the iceberg lasso. The bootstrap lasso is performed

with B = 20 and we include in the set of selected variables any variable that is selected in at

least one sample (that is, we use a cutoff of 5%). Additionally, we also considered the adaptive

19Abstracting from the full specification of fixed effects in this way greatly facilitates computation and enables us

to conduct a more focused demonstration of how the different variable selection approaches we consider are affected

by collinearity. Our Appendix C provides some formal discussion of how the estimation of the full set of fixed effects

affects the selection properties of the PPML plug-in lasso, which provides the basis for several of these methods.

20A noticeable difference between the simulation design we use and our application is that in the simulations the

potential explanatory variables have a continuous distribution whereas in the application they are dummies. We

preformed some experiments where the potential explanatory variables are dummies generated using the method

described by Lunn and Davies (1998) and found broadly comparable results. However, we prefer to report the results

obtained using the normally distributed variables because when dummies are used we frequently encounter numerical

issues and cases of perfect collinearity that make it more diffi cult to keep track of the variables selected.
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lasso of Zou (2006), with the penalty parameter chosen by cross-validation in both steps.21 Unlike

the other methods we consider, the adaptive lasso has the so-called oracle property, implying that

asymptotically it will choose the right set of regressors, and therefore it provides an interesting

benchmark against which the performance of the other methods can be judged.22 We repeat the

simulations 1, 000 times to study the ability of each method to correctly select x1 as a regressor. In

Appendix E, we use the same simulations to also assess the predictive performance of each method.

For each of the cases considered, Table 2 presents the percentage of times the regressor x1 is

selected and, in parentheses, the average number of regressors selected by each method. The results

in Table 2 reveal that the various methods can have very different performances.

Starting with the ability of each method to correctly select x1 as a regressor, we find that for

n = 250 the lasso with penalty chosen by the plug-in method (PI) is the method with the worst

results, and its performance deteriorates quickly as κ and ρ increase. The standard lasso with

the penalty chosen by cross-validation (CV) and the adaptive lasso (AL) lead to better results,

but their performances also degrade as ρ increases, becoming very poor in the extreme case where

ρ = 0.99. Both the bootstrap lasso (BL) and the iceberg lasso (IL) are at least competitive across

all settings. BL is the most accurate overall method for the cases with ρ = 0.90 or ρ = 0.95 but is

outdone by IL for ρ = 0.99.23

The performance of all methods improves for the larger sample sizes, but the IL maintains its

advantage in the more challenging cases with ρ = 0.99, with BL having a very similar performance.

Overall, these results confirm that both the BL and IL lead to greatly improved ability of identifying

the relevant regressor versus the other variable selection approaches we consider. Other than the

extreme cases where n = 250 and ρ = 0.99, where the IL has a clear advantage, there is generally

little to choose between them.

The results for the average number of variables selected are also interesting.24 In all cases

considered, CV tends to lead to a high average number of selected regressors. On the other extreme,

21We also performed simulations using Zou and Hastie’s (2005) elastic-net. However, that method does not lead

to particularly good results and we do not reported them to conserve space and to simplify the exposition.

22This property improves on the related near-oracle property we have noted for the plug-in method by guaranteeing

a faster rate of convergence.

23Part of the reason why in some cases IL does not perform well is that sometimes PI selects no regressors at all,

and in those cases IL cannot improve on it but BL can.

24Recall that there is only one regressor, x1, with a causal impact on the outcome.
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PI is generally the most parsimonious except for when n is large, in which case the oracle property

of AL starts to become salient. Turning to the performance of the BL and IL, we observe that the

average number of regressors selected by BL is always reasonably high and that, for the values of

ρ we consider, the average number of variables selected by the IL increases with κ, suggesting that

the latter method performs as intended: it identifies the set of variables highly correlated with the

relevant ones. Naturally, this behavior will be less pronounced for lower values of ρ, and we have

confirmed that in unreported simulations.

In summary, for very large samples, the adaptive lasso with penalty parameter selected by

cross-validation would be the preferred method; this is justified both by our simulation results and

Table 2: Percentage of times x1 is selected & average number of variables selected

ρ = 0.90 ρ = 0.95 ρ = 0.99

n κ=5 κ=10 κ=20 κ=5 κ=10 κ=20 κ=5 κ=10 κ=20

250 CV 96.6
(8.87)

91.8
(8.66)

85.5
(8.64)

86.9
(8.78)

77.9
(8.65)

67.0
(8.45)

55.2
(8.52)

37.7
(8.22)

23.4
(7.93)

AL 93.9
(7.34)

87.4
(7.21)

80.4
(7.05)

78.7
(7.22)

67.2
(7.07)

56.0
(6.77)

45.3
(6.99)

29.4
(6.72)

17.7
(6.26)

PI 80.6
(1.45)

72.1
(1.73)

63.7
(2.06)

67.2
(1.43)

54.3
(1.65)

44.1
(1.90)

41.1
(1.23)

26.8
(1.33)

16.9
(1.41)

BL 96.6
(11.31)

98.4
(13.25)

96.7
(15.66)

98.5
(11.42)

95.7
(13.26)

88.8
(15.30)

90.4
(11.27)

79.2
(12.77)

64.2
(14.03)

IL 95.9
(4.81)

95.8
(9.43)

93.0
(17.00)

95.5
(4.81)

95.1
(9.40)

88.8
(16.81)

95.3
(4.78)

93.4
(9.32)

80.1
(15.65)

1000 CV 100.0
(9.76)

100.0
(10.10)

99.9
(10.69)

99.8
(10.01)

99.0
(10.32)

97.6
(10.90)

81.0
(9.92)

69.8
(10.11)

56.4
(10.51)

AL 100.0
(4.71)

99.7
(5.22)

99.7
(5.85)

98.5
(5.20)

96.2
(5.91)

93.6
(6.51)

68.3
(5.37)

54.8
(5.97)

40.8
(6.22)

PI 99.2
(1.63)

98.4
(2.02)

97.5
(2.57)

96.8
(1.78)

93.2
(2.26)

88.9
(2.78)

71.4
(1.75)

55.9
(2.02)

41.4
(2.34)

BL 100.0
(9.26)

100.0
(11.67)

100.0
(15.23)

100.0
(9.35)

100.0
(11.96)

99.6
(15.65)

98.0
(9.36)

93.70
(11.85)

87.1
(14.81)

IL 100.0
(5.00)

100.0
(10.01)

100.0
(19.69)

100.0
(5.01)

100.0
(10.01)

99.9
(19.79)

100.0
(5.01)

100.0
(10.01)

98.8
(19.72)

4000 CV 100.0
(10.78)

100.0
(11.28)

100.0
(11.88)

100.0
(10.94)

100.0
(11.59)

100.0
(12.29)

99.0
(11.18)

97.8
(12.06)

94.9
(12.63)

AL 100.0
(1.03)

100.0
(1.00)

100.0
(1.03)

100.0
(1.03)

100.0
(1.10)

100.0
(1.17)

91.9
(1.18)

86.0
(1.30)

79.1
(1.70)

PI 100.0
(1.53)

100.0
(1.96)

100.0
(2.42)

100.0
(1.73)

99.9
(2.27)

99.8
(2.83)

98.0
(2.00)

93.9
(2.60)

88.1
(3.18)

BL 100.0
(8.44)

100.0
(11.04)

100.0
(14.94)

100.0
(8.67)

100.0
(11.53)

100.0
(15.75)

100.0
(8.93)

99.9
(11.94)

99.8
(16.27)

IL 100.0
(5.00)

100.0
(10.00)

100.0
(20.00)

100.0
(5.00)

100.0
(10.01)

100.0
(20.00)

100.0
(5.01)

100.0
(10.00)

100.0
(20.00)
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by its oracle property. However, for small to medium samples, and especially with high correlation

between potential explanatory variables, the adaptive lasso is outperformed by other methods. In

these cases, the choice of method depends on whether we favor selecting the relevant regressors

or having a parsimonious model. If parsimony is paramount, the lasso with penalty parameter

selected by the plug-in method is diffi cult to beat. However, since the goal in our application is

to identify the relevant regressors, even at the cost of selecting some irrelevant ones, the bootstrap

lasso and iceberg lasso emerge as the preferred methods. Which of the two approaches has the

best performance will depend on the nature of the data, and therefore we see the two methods as

complements.

5 Empirical Results

We now present the results obtained when applying the methods studied in the previous sections

to our real world dataset of trade flows and trade provision dummies, as described in Section 2. We

first present results for the plug-in method and then turn to the bootstrap and iceberg lasso results,

which each build in their own way on the selection done by the plug-in lasso. To conserve space,

the results obtained using cross-validation are reported in Appendix D, and Appendix E includes

a brief discussion of using these methods for prediction.

5.1 Plug-in Lasso Results

Table 3 presents results for the plug-in lasso and post-lasso regressions. As discussed before, we

should expect these results to capture provisions that are highly predictive of larger PTA effects

and that are at least correlated with the causal ones. They will also serve as a precursor to the

bootstrap lasso and iceberg lasso, which should be better suited for identifying all of the provisions

that are likely to have a causal impact. Both the plug-in lasso estimates and the PPML standard

errors account for clustering, which is done at the agreement level for observations that correspond

to agreements, and at the pair level for the remaining observations.

In column (1), we start by presenting the results of a traditional PPML gravity estimation with

a dummy for the presence of a PTA between the trading partners. This shows that we can replicate

the usual finding that PTAs lead to a significant increase in trade flows. Specifically, we find that

the PTAs in our data increase trade by 14% (exp (0.131)− 1 = 0.14).
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Column (2) then shows the results of the plug-in PPML-lasso regression, showing only the coef-

ficients that are found to be non-zero.25 Using this approach, the lasso selects 8 provisions related

to anti-dumping, competition policy, technical barriers to trade (TBT), and trade facilitation.26 As

explained above, the selection of these 8 provisions does not indicate that these are the provisions

that causally impact trade, or that there are only 8 such provisions, but rather that the inclusion

of these provisions is especially predictive of larger PTA effects. Nonetheless, broadly speaking, all

these variables can be rationalized as having intuitive effects on trade. The selected anti-dumping

and competition policy provisions create more certainty as to how disciplinary investigations and

proceedings will be carried out in these policy areas.27 This increased certainty may increase entry

by foreign exporting firms. The inclusion of provisions related to technical barriers to trade and

trade facilitation is likewise intuitive, but the selection of TF45, which facilitates obtaining certifi-

cates of origin, seems of particular note in that it highlights the costs of complying with rules of

origin. It is also worth noting that the plug-in PPML-lasso selects TBT2 and TBT29, two provi-

sions that are perfectly collinear in our data set. This illustrates both the ability of the method to

select variables that are perfectly collinear as well as the challenges faced when trying to interpret

the results in this setting.

We next estimate a “post-lasso”PPML regression– a standard PPML regression using only the

provisions that were selected in the previous step. These post-lasso PPML results, presented in

column (3), show that some of the selected provisions have large predictive effects when estimated in

the conventional way. For example, the inclusion of anti-dumping provision AD14, which requires

that anti-dumping proceedings establish “material injury” to domestic producers, is associated

with an increase in trade flows of about 42% (exp (0.349) − 1 = 0.42).28 Interestingly, not all of

the provisions selected by the lasso step are found to be statistically significant in the post-lasso

step. This arises for two reasons. First, the lasso focuses on the contribution of each variable to the

pseudo-likelihood function, which is not the same as testing whether its coeffi cient is statistically

25More detailed descriptions of all variables highlighted in our analysis can be found in Table A1, in Appendix A.

26Note that only 7 coeffi cients are reported because TBT2 and TBT29 are perfectly collinear with each other, and

therefore are counted as two selected provisions.

27For more on the effect of anti-dumping provisions, see Prusa, Teh, and Zhu (2022).

28 It should be reiterated that we do not interpret this as the causal effect of AD14 on trade; our interpretation is

that the presence of AD14 is predictive of a larger PTA effect because it is, at the very least, strongly correlated with

provisions that have causal effects. We explore this further when discussing the bootstrap and iceberg lasso results.
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different from zero. Second, because the lasso shrinks the coeffi cients on all variables towards zero,

it reduces the influence of the collinearity between them and can allow individual provisions that

are not significant in the conventional regressions to speak more loudly.

In column (4), we re-estimate the model using the same covariates as column (3) but now adding

our original PTA dummy from column 1. In this case, the coeffi cient on PTA captures any effect

on trade flows that is not already captured by the provision variables that were selected by the

lasso. With this in mind, we take the insignificant and near-zero coeffi cient on PTA in column (4)

as an encouraging indication that the selected provisions completely explain the average PTA effect

reported in column (1).

Finally, we check whether the selected provisions are simply capturing the trade effects that are

actually specific to the EU.29 This is a natural concern because the EU contains six of the eight

provisions selected by the plug-in lasso (all except AD14 and TBT7) and because its institutional

features and secondary law process may generate trade effects not fully captured by the provision

coding in our data. To investigate this possibility, column (5) adds an EU dummy to the original

simple model from column (1). As the unpenalized PPML results in column (5) show, the estimated

EU effect is large, several times that of non-EU PTAs in fact. However, when we include the EU

dummy as a possible predictor in the lasso, we find that it is not selected. Consequently, the set

of selected provision variables when the EU is included is identical to that in column (2), which is

our preferred set to work with in the subsequent bootstrap lasso and iceberg lasso analyses.

5.2 Bootstrap Lasso Results

Tables 4 and 5 summarize the results obtained from the bootstrap lasso, using 250 bootstrap sam-

ples. To be consistent with the sampling assumptions used in constructing the plug-in lasso penalty,

the resampling process for each bootstrap sample treats pairs belonging to the same agreement as

belonging to the same resampling block and treats each remaining pair as its own resampling block.

In each replication, we perform selection using plug-in lasso and record which variables are selected

and their post-lasso PPML coeffi cient estimates.

Table 4 presents the average coeffi cients (on the left) as well as the selection frequencies (on

the right) for the 30 provisions selected at least 5% of the times by the bootstrap lasso. Expanded

versions of these results showing all 75 provisions selected at least 1% of the time are provided

29We use EU as shorthand for the EU and European Community agreements.
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in Appendix D. Before turning to the selected provisions in more detail, the first main takeaway

is that, regardless of the cutoff used, the bootstrap lasso finds that more than two-thirds of the

provisions in our data are not relevant for trade. That is, they are not selected by the plug-in lasso

as being predictive of changes in trade flows, nor are they found by the bootstrap lasso to be close

substitutes for the ones initially selected by the plug-in lasso. This does not literally mean that

the remaining 230 provisions in our data have no effect on trade. It does, however, indicate that

these provisions are likely to have small effects, and thus a highly selective trade agreement that

focuses mainly on the most trade-promoting provisions can in principle produce most of the same

trade effect as a more comprehensive agreement.

Another immediate takeaway that stands out from Table 4 is that even the provisions that are

selected most frequently in relative terms are selected less that half of the time. For example, AD14

is the most commonly selected provision, and it has the largest coeffi cient estimate of the variables

selected by the plug-in lasso (see Table 3), but it is only selected in 37% of replications. This

Table 4: Bootstrap Lasso results: largest average coeffi cients and selection frequencies

Provisions with largest average coeffi cients Provisions selected most frequently

AD14 0.079 SUB10 0.020 AD14 0.372 ET09 0.100

CP23 0.065 MOC27 0.019 CP23 0.320 MOC27 0.084

CP22 0.063 ET43 0.013 TBT07 0.308 SUB13 0.080

AD05 0.055 TF45 0.012 SPS06 0.228 TF42 0.076

TBT07 0.054 SUB13 0.011 TBT08 0.208 SUB10 0.072

TBT02/29 0.048 ENV33 0.011 SUB12 0.184 ET43 0.072

TBT08 0.037 TBT15 0.010 TBT02/29 0.168 MIG14 0.068

SUB12 0.030 MIG14 0.010 TBT33 0.160 STE32 0.068

TBT34 0.028 STE32 0.008 CP22 0.156 TBT15 0.064

SPS06 0.028 ET09 0.007 TBT34 0.152 ROR04 0.060

TF42 0.028 SUB11 0.005 TBT06 0.148 SUB11 0.056

AD07 0.027 ROR04 0.005 AD05 0.140 SUB09 0.056

TBT33 0.023 SUB09 0.004 CP21 0.124 STE30 0.056

TBT06 0.021 STE30 0.003 TF45 0.116 AD07 0.052

CP21 0.020 ENV33 0.116

Notes: Bootstrap plug-in lasso performed using cluster-bootstrap resampling with 250 replications. The

numbers shown are (left) average coeffi cient estimates for the provisions selected at least 5% of the time

across all replications and (right) selection frequencies for the same set of provisions. Both lists are ordered

from greatest to least. A description of the provisions in this table can be found in Appendix A.
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illustrates that, as discussed before, we should only have limited confidence that AD14 is the

provision the delivers the effect indicated by the original plug-in estimates for AD14. At the same

time, since these frequencies can be interpreted as measures of selection stability, AD14 is found to

be more likely to matter than other provisions.

Overall, the results in Table 4 expand on the results we found earlier using the plug-in lasso

in several ways. Though the bootstrap lasso generally confirms that many of the same provisions

shown in the plug-in lasso results in Table 3 are among those most likely to be relevant– indeed,

AD14, CP23, and TBT7 are the three most frequently selected variables– there are a wide variety

of other variables not selected by the plug-in lasso that nonetheless emerge as being selected a

comparable amount of the time in the bootstrap lasso analysis. Notably, the latter set of variables

not only includes some provisions from the same policy areas (e.g., AD05, CP21, CP22, TBT34),

but also draws from some areas not represented in Table 3, such as sanitary and phytosanitary

standards (SPS06), subsidy policies (SUB12 and SUB13), environmental protection (ENV33), and

export taxes (ET09 and ET43).

Table 5 further summarizes the bootstrap lasso results by documenting the broad provision

categories in which provisions were most likely to be selected as well as the sum of the average

coeffi cients within each category.30 These results, therefore, show which provision categories, when

taken as a whole, are likely to have the biggest impact on trade. These results can therefore inform

policymakers about which general areas in trade agreements are most worth their efforts if their goal

is to increase trade. Interestingly, these results are not quite what one would expect based on our

earlier plug-in lasso results in Table 3, which would tend to suggest that anti-dumping is the category

with the most trade-increasing potential. As shown in the last column of Table 5, the category with

the biggest total trade impact turns out to be TBTs, which arguably makes sense since provisions

in this category explicitly target so-called non-tariff trade barriers. The next two largest impacts

are for anti-dumping and competition policy, followed by subsidies, trade facilitation, sanitary and

phytosanitary measures, and export taxes. Notably, the differences between categories seem to

comport with intuition (very small impacts for services and labor markets, for example).

Finally, one last interesting finding from our bootstrap lasso results is that, even for the ex-

panded set of selected provisions shown in Table A2, all provisions that are selected as having

non-zero coeffi cients are estimated to have positive effects. Using the results from Table 5 for

30For example, the value 0.171 reported for the anti-dumping category in Table 5 is the sum of the average post-lasso

effect of the provisions within the AD category that are selected in any of the bootstrap samples.
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Table 5: Bootstrap lasso results: Summarizing results by provision category

Number of provisions Number of provisions Sum of average

selected more than selected more than post-lasso effects

5% of the time 1% of the time across categories

Anti-dumping 3 5 0.171

Competition Policy 3 5 0.151

Environment 1 5 0.017

Export Taxes 2 5 0.049

Investment 0 2 0.020

IPR 0 5 0.019

Labor Markets 0 0 0.000

Migration 1 1 0.012

Movement of Capital 1 2 0.023

Public Procurement 0 1 0.013

Rules of Origin 1 4 0.021

Services 0 1 0.004

SPS 1 10 0.062

State aid 2 2 0.011

Subsidies 5 7 0.076

TBTs 8 13 0.237

Trade Facilitation 2 5 0.064

Total 30 75 0.951

Note: The table documents the categories in which provisions were most likely to be selected and

the total of the average coeffi cients of each provision within each category.

illustration, it is notable that we do not find, for example, that environmental or labor market

provisions reduce trade. Again, this results should not be construed as definitively saying that

none of the trade agreement provisions in our data reduce trade. It does, however, suggest that

any such negative effects are likely to be small.

5.3 Iceberg Lasso Results

As a complementary exercise, Table 6 reports the results from the iceberg lasso. This method takes

the eight provisions selected by the initial plug-in lasso as starting points and then, for each of them,

uses a second-step plug-in lasso regression to identify other provisions that help predict the initially
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selected provision.31 The first row of Table 6 lists the provisions selected in the first step. The

remaining rows list the additional provisions selected in the second step, with the raw correlation

between each provision and the corresponding first-step provision reported in parentheses. The

final row reports the R2 from each second-step regression.

The main value of the iceberg lasso is that it provides a transparent way to examine the

collinearity structure behind the initial plug-in lasso results. In total, the procedure identifies 42

distinct provisions: the eight selected by the initial plug-in lasso and 34 additional provisions that

help predict them. This number is again far smaller than the 133 provisions selected by cross-

validation, but larger than the initial plug-in set. Thus, as in the bootstrap lasso results, the

iceberg lasso points to a relatively concentrated set of provisions that may be diffi cult for the initial

plug-in lasso to distinguish from one another.

The results also underscore why we do not treat the iceberg lasso as our preferred empirical

method. The additional provisions selected in the second step should not be interpreted as pro-

visions with independently estimated positive effects on trade. Rather, they are provisions that

help explain the cross-agreement variation in the provisions selected by the plug-in lasso. In some

cases this interpretation is straightforward. For example, AD14 is strongly associated with other

anti-dumping provisions, suggesting that the initial anti-dumping result should be interpreted as

evidence for the importance of this broader policy area rather than as evidence that AD14 itself is

uniquely responsible for the estimated trade effect. Similarly, several of the TBT provisions selected

in the first step are associated with other TBT-related provisions, as well as with other types of

provisions, consistent with the idea that the lasso is identifying broader clusters of provisions aimed

at reducing technical barriers to trade.

In other cases, however, the selected provisions are more diffi cult to interpret. Some provisions

selected in the second step belong to policy areas that are not obviously related to the first-step

provision, and several have small or even negative raw correlations with the first-step provision

they help predict. These cases are best understood as reflecting the complex template structure of

the data rather than as evidence that these provisions have negative trade effects or that they are

close substitutes in a simple bivariate sense. Because the second-step regressions are multivariate

prediction exercises, a provision can be selected because it helps distinguish between overlapping

31These linear plug-in lasso regressions are performed using only the 34, 370 observations for which PTAs are in

force. This is because the provisions are identically zero for the remaining observations, which therefore are not

informative about the relations of interest. As a consequence, the clustering is by agreement.
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agreement templates even when its raw correlation with the first-step provision is weak or negative.

This feature is useful for diagnosing multicollinearity, but it also limits the substantive interpretation

of the iceberg lasso results.

Reassuringly, the main qualitative conclusions from the iceberg lasso overlap with those from the

bootstrap lasso. Both methods point to TBTs, anti-dumping, competition policy, trade facilitation,

and subsidies as areas where the initial plug-in lasso appears to be capturing broader clusters of

related provisions, and the iceberg lasso provides little reason to revise the main conclusion from

the bootstrap lasso that the trade effects of PTAs are concentrated in a relatively small number

of policy domains. Moreover, though the correspondence between the provisions selected by the

iceberg lasso and those selected by the bootstrap lasso is not exact, in many cases the additional

provisions shown in Table 6 are also found in our selection results for the bootstrap lasso (especially

in the expanded set of results shown in Tables A2 and A3 in Appendix D). At the same time, the

iceberg lasso surfaces some additional provisions not identified by the bootstrap lasso as being

potentially important, such as CP14, CP21, STE31, and TBT32. Again, the selection of these

additional variables does not change any of our main conclusions.

6 Conclusions

In this paper, we have proposed new methods for assessing the impact of individual trade agreement

provisions on trade flows. While other work in this area has relied on summary measures of

agreement depth or on specific provision bundles of interest, our approach is instead to study the

rich provision content of PTAs as a variable selection problem. By combining the three-way PPML

estimator that is popular in the study of PTAs with lasso methods for variable selection, we are

able to identify a relatively parsimonious set of provisions that are most likely to impact trade.

Specifically, using our bootstrap lasso we identify between 30 and 75 (out of 305) provisions that

are likely to have a trade-enhancing effect, while with the iceberg lasso the number of provisions

selected is 42. These numbers are in sharp contrast with the results obtained by the two benchmark

lasso methods that we consider, which vary between 8 when using the plug-in PPML-lasso, and

133 when cross-validation is used to select the penalty. While the provisions we identify with the

bootstrap and iceberg lasso approaches span a range of policy areas, the results using our preferred

method, the bootstrap lasso, support the conclusion that a select number of provisions related to

technical barriers to trade, antidumping, competition policy, subsidies, trade facilitation, sanitary
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and phytosanitary measures, and export taxes are likely to be the most effective at promoting trade

as compared to other types of provisions that appear in PTAs.

As we have emphasized, the high collinearity among provision variables means that the pro-

visions selected by our methods should not be interpreted as a definitive list of individual causal

provisions, but rather as a data-driven set of provisions likely to include those most relevant for

the trade effects of PTAs. The results obtained with our methods therefore clearly suggest that

the trade effects of modern PTAs are driven not by the sheer number of provisions they contain,

but by a relatively small set of provisions in policy areas closely connected to goods trade.
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Appendix B: More details on implementation

This Appendix describes how we implement our PPML-Lasso methods from a computational and conceptual
perspective. Our procedures and code are available to use via the R package penppml (Garrucho, Zylkin,
Cruz and Apfel, 2021). Additionally, we provide some heuristic discussion of the bootstrap lasso and iceberg
lasso, and present a simple example that illustrates the selection performance advantages of these methods
over the plug-in lasso when we have high correlation between regressors.

Details on HDFE-PPML-lasso estimation

The minimization problem that defines the three-way PPML-lasso is

(α̂, γ̂, η̂, β̂) := arg min
α,γ,η,β

 1

n

∑
i,j,t

exp(x′ijtβ + αit + γjt + ηij)

− 1

n

∑
i,j,t

yijt
(
x′ijtβ + αit + γjt + ηij

)
+

1

n

p∑
k=1

φ̂kλ|βk|

 , (1)

where x′ijt = (x1,ijt, . . . , xp,ijt) and φ̂k, to be precisely defined below, is identically equal to 1 except when
the plug-in method is used.

The first-order conditions (FOCs) for this problem are

α̂it :
1

n

∑
j

yijt − µ̂ijt = 0, ∀i, t,

γ̂jt :
1

n

∑
i

yijt − µ̂ijt = 0, ∀j, t,

η̂ij :
1

n

∑
t

yijt − µ̂ijt = 0, ∀i, j,

β̂k :


1
n

∑
i,j,t

(
yijt − µ̂ijt

)
xk,ijt − 1

n φ̂kλsign
(
β̂k

)
= 0 if β̂k 6= 0,∣∣∣ 1

n

∑
i,j,t

(
yijt − µ̂ijt

)
xk,ijt

∣∣∣− 1
n φ̂kλ ≤ 0 if β̂k = 0.

k = 1 . . . p,

where µ̂ijt denotes µijt := exijtβ+αit+γjt+ηij evaluated at α̂, γ̂, η̂, β̂. The condition in the FOC for β̂k
captures the possibility that some variables may not improve the fit of the model enough to justify their
impact on the penalty. Notice that the penalty only affects the FOCs for the main covariates of interest. The
FOCs for the fixed effects are exactly the same as they would be in unpenalized PPML. That said, further
simplification is still needed because it is generally not practical to estimate all of the parameters directly,
with or without the penalty. Instead, we first need to “concentrate out”the fixed effect parameters. That
is, instead of minimizing (1) over all of the parameters, we treat α̂it, γ̂it, and η̂it as functions of β̂ that are
implicitly defined by their FOCs. The resulting “concentrated”minimization problem is

β̂ := arg min
β

 1

n

∑
i,j,t

exp
(
x′ijtβ + α̂it (β) + γ̂jt (β) + η̂ij (β)

)

− 1

n

∑
i,j,t

yijt
(
x′ijtβ + α̂it (β) + γ̂jt (β) + η̂ij (β)

)
+

1

n

p∑
k=1

φ̂kλ|βk|

 , (2)

such that β is now the only argument we need to solve for. The FOC for each non-zero β̂k associated with
this modified problem is:

β̂k :
1

n

∑
i,j,t

(
yijt − exp

(
x′ijtβ̂ + α̂it

(
β̂
)

+ γ̂jt

(
β̂
)

+ η̂ij

(
β̂
)))

x̃k,ijt −
1

n
φ̂kλsign

(
β̂k

)
= 0,
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where

x̃k,ijt := xk,ijt +
dα̂it,k
dβ

+
dγ̂it,k
dβ

+
dη̂ij,k
dβ

(3)

captures both the direct and indirect effects of a change in β on the conditional mean of yijt. Similarly, the
associated FOC in instances where β̂k = 0 is∣∣∣∣∣∣ 1n

∑
i,j,t

(
yijt − exp

(
x′ijtβ̂ + α̂it

(
β̂
)

+ γ̂jt

(
β̂
)

+ η̂ij

(
β̂
)))

x̃k,ijt

∣∣∣∣∣∣− 1

n
φ̂kλ ≤ 0.

To explain how we deal with the fixed effects, assume for the moment that we know the true values of
µijt that we will eventually estimate. If that is the case, then the penalized PPML solution (β, α, γ,η) is also
the solution to the following weighted least squares problem

min
β

 1

2n

∑
i,j,t

µijt
(
zijt − αit − γjt − ηij − x′ijtβ

)2
+

1

n

p∑
k=1

φ̂kλ |βk|

 ,
where

zijt =
yijt − µijt

µijt
+ lnµijt

is the transformed dependent variable that is used to motivate estimation via iteratively re-weighted least
squares (IRLS). The convenient thing about this representation of the problem is that we can rewrite it as

min
β

1

2

∑
i,j,t

µijt
(
z̃ijt − x̃′ijtβ

)2
+

p∑
k=1

λφ̂k |βk|

 , (4)

where z̃ijt and x̃ijt are respectively defined as the “partialled-out” versions of xijt and zijt, which are
obtained by within-transforming xijt and zijt with respect to it, jt, and ij and weighting by µijt. The
within-transformation steps involved in computing z̃ijt and x̃ijt are the same as in Correia, Guimarães, and
Zylkin (2020) and can be computed quickly using the methods of Gaure (2013). Furthermore, one can show
that the x̃ijt that appears in (4) is consistent with the definition given for x̃k,ijt in (3).

The nice thing about expressing the problem as in (4) is that it now resembles a simple penalized
regression problem. It can thus be quickly solved using the coordinate descent algorithm of Friedman,
Hastie, and Tibshirani (2010). Furthermore, though we do not know the correct estimation weights (the
µijts) beforehand, we can follow the approach of Correia, Guimarães, and Zylkin (2020) by repeatedly
updating them until convergence after each new estimate of β, as in IRLS estimation. Altogether, our
algorithm closely follows Correia, Guimarães, and Zylkin (2020) and otherwise only involves swapping out
their weighted least squares step for a penalized weighted least squares step, as shown in (4). In principle,
this algorithm can be easily adapted to other settings that feature multi-way fixed effects in order to simplify
estimation.

Details on cross-validation

Cross-validation (CV) is the traditional method to choose the penalty parameter. The idea behind CV is
to repeatedly hold out a subset of the sample during estimation and then use it to validate the resulting
estimates. In our setup, rather than holding out observations in an unstructured way, we keep together all
observations for which a given agreement is in effect, and hold out subsets of agreements. Doing so allows
us to obtain estimates for the all the fixed effects in the model.

To describe the implementation of CV, suppose that the observations associated with trade agreements
are partitioned into G subsets indexed by g = 1, . . . , G. Each resulting hold-out sample g will have ng
observations, where ng is the number of observations associated with agreements that are held out in partition
g. Because our variables of interest are all dummies, a problem that may occur is that over some subsamples
some regressors may not be present, but that is less likely to happen when G is large.
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The CV approach sets all regressor-specific penalty weights φ̂k equal to 1. Let β̂g(λ) be the lasso
estimator obtained via the minimization of (2) when holding out the ng observations contained in partition
g. Then, the CV bandwidth is defined as

λCV = arg min
λ∈Λ

 1

G

G∑
g=1

1

ng

∑
(i,j,t)∈g

(
yijt

− exp
(
x′ijtβ̂g(λ) + αit

(
β̂g(λ)

)
+ γjt

(
β̂g(λ)

)
+ ηij

(
β̂g(λ)

)))2

 .
Since λCV is based on the minimization of the average out-of-sample mean square error over different

subsamples, we expect it to deliver a much more lenient variable selection. There is some disagreement in the
literature over whether dummy variables, such as the ones used in our application, should be standardized
before applying the CV lasso. This consideration is in contrast to the plug-in lasso, since standardization
of the covariates simply causes the φ̂k terms to be re-scaled without otherwise affecting estimation in that
case. We have computed CV lasso results with and without first standardizing and found that the results
with standardization are noticeably more similar to the plug-in lasso results. Thus, our preference is to work
with standardized dummy covariates.

Details on plug-in lasso

Rather than relying on out-of-sample performance, the Belloni, Chernozhukov, Hansen, and Kozbur (2016)
“plug-in”lasso method chooses the penalty parameters λ and φ̂k using statistical arguments. Their specific
framework is a simple linear panel data model, but their reasoning involves modifying the standard lasso
penalty to reflect the variance of the score. These concepts are quite general; thus, we can modify their
approach to take into account the more complex case of a nonlinear model with multiple fixed effects.

The key condition in choosing these penalty parameters is that, for all k and for some c > 1, they should
satisfy the following inequality with probability tending to one

λφ̂k
n
≥ c

∣∣∣∣∣∣ 1n
∑
i,j,t

(yijt − exp(x′ijtβ + αit + γjt + ηij))x̃k,ijt

∣∣∣∣∣∣ ∀k. (5)

Intuitively, ∣∣∣∣∣∣ 1n
∑
i,j,t

(yijt − exp(x′ijtβ + αit + γjt + ηij))x̃k,ijt

∣∣∣∣∣∣
is the absolute value of the score for βk. When evaluated at βk = 0, it tells us to what degree moving each
βk away from zero will affect the fit of the model. If it does not produce a suffi cient improvement in fit as
compared to the penalty λφ̂k, then regressor xk,ijt will not be selected.

Next, suppose again that the observations associated with trade agreements are partitioned into G
clusters, and let o = (i, j, t) serve as the unique index for each observation. Set

φ̂
2

k =
1

n

∑
g

(∑
o∈g

x̃k,oε̂o

)2

=
1

n

∑
g

∑
o∈g

∑
o′∈g

x̃k,ox̃k,o′ ε̂oε̂o′ ,

where ε̂o = ε̂ijt = yijt− exp(x′ijtβ̂+ α̂it+ γ̂jt+ η̂ij), but can also be obtained as ε̂o = ε̂ijt = µ̂ijt(z̃ijt− x̃′ijtβ̂).
By inspection, this expression provides an estimate of the variance of the score for βk allowing the errors

to be correlated within their respective clusters. Under suitable regularity conditions, φ̂
2

k −
(
φ0
k

)2
= op(1)

uniformly in k, where φ0
k is the analogue of φ̂

2

k evaluated at the true values of εijt. By choosing φ̂k in this
way we ensure that the score for βk when evaluated at zero must be large as compared to its standard error
in order for regressor k to be selected.
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The choice of λ then involves selecting a value that is suffi ciently large to ensure that the probability of
an irrelevant regressor being selected is small. By the maximal inequality for self-normalized sums (see Jing,
Shao, and Wang, 2003), it follows that

Pr
(
φ̂
−1

k
1√
n

∑
i,j,t x̃k,ijtεijt ≥ m

)
Pr (N(0, 1) ≥ m)

= o(1),

for |m| = o(n1/6), thus establishing a bound for the tails of the normalized sum. This suggests that by
choosing a λ that is suffi ciently large to dominate a p-dimensional standard normal, the inequality in (5) is
satisfied. Hence, following Belloni, Chernozhukov, Hansen, and Kozbur (2016), we set

λ = λplug = 2c
√
nΦ−1 (1− γ/2p) , (6)

where c = 1.1 and γ = 0.1/ ln(n).
As discussed in the main text, after the lasso step, we then perform an unpenalized PPML estimation

using the selected covariates, a so-called “post-lasso”regression. Let β̂PL be the estimator of the parameters
associated with the s selected covariates. Such an estimator is said to have the “oracle property” if the
asymptotic distribution of β̂PL coincides with that of the estimator we would obtain if we knew exactly
which coeffi cients were equal to zero, i.e., for large enough samples we would have β̂PL,k = 0 if and only if
β0
k = 0 for k = 1, . . . , p, where we use the superscript 0 to signify the true values. Hence, for estimators with
the oracle property, asymptotically the post-lasso model is indeed the right model. In general, the lasso does
not satisfy the oracle property. Nevertheless, under some additional conditions, the use of the plug-in lasso
method just described ensures the following “near-oracle”property for β̂PL,∥∥∥β̂PL − β0

∥∥∥
1

= Op

(√
s2 ln (n)

n

)
,

and hence the post-lasso estimates are consistent at a rate that differs from the oracle rate only up to the
log factor ln (n). In Appendix C below, we establish that this property holds in our setting.

In practice, the plug-in lasso method mainly requires adding one additional step to the procedure used
for the estimation of the PPML-lasso with high-dimensional fixed effects described before. Though the φ̂k
penalty terms are not known beforehand, they, too, can be iterated on in the same fashion as µijt. Simply
use the most recent values of ε̂ijt (obtained using post-lasso PPML) in each iteration to construct new values
for φ̂k. It also requires an initial value for µ̂ijt. For this, we first estimate a three-way gravity model with a
single dummy for PTA using PPML.

Bootstrap lasso and iceberg lasso

When two or more regressors are highly collinear, the plug-in lasso may select only one variable from a set
of close substitutes. This reflects a well-known property of the lasso: in the presence of a group of variables
with very high pairwise correlation, it tends to select only one variable from the group rather than selecting
the entire group (see, e.g., Zou and Hastie, 2005).1 As we have noted, this issue is highly relevant for our
setting because the high collinearity we observe between many of the provision variables in our provisions
data.

Our primary approach to addressing this issue is the bootstrap lasso, which uses bootstrap resampling
to exploit the instability of variable selection in finite samples to recover additional relevant variables. This
idea is closely related to the stability-based selection method of Meinshausen and Bühlmann (2010) and to
the random lasso approach of Wang et al. (2011). We share with Wang et al. (2011) the idea of using
resampling as a way of identifying additional variables in the presence of multicollinearity.

The key intuition behind the bootstrap lasso is that when two or more regressors are highly correlated,
small changes in the sample, such as those induced by resampling, can lead the lasso to select different

1To put in formal terms, consider our Assumption A.4 in the preceding theoretical discussion that minimum
(sparse) eigenvalue of the design matrix Mn = 1

n

∑
i,j,t µijtx̃ijtx̃

′
ijt to be bounded above zero. If two or more

regressors are very highly correlated, the smallest eigenvalue can be close to zero.
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members of the same group. This can be framed as a finite sample issue because, when a relevant variable is
highly correlated with an irrelevant one (or with a group of irrelevant ones), the variable that gets selected is
likely to depend narrowly on the sampling error in the data we observe. More practically speaking, it is likely
to depend on a small number of influential observations that determine the sample correlation between any
irrelevant variables that are highly correlated with relevant ones and the noise in the data. By reshuffl ing the
data, we may uncover more relevant variables previously hidden by their correlations with other variables,
though at the expense of selecting additional irrelevant ones.

For simplicity, we ignore cross sectional correlation in the following, though our empirical implementation
does allow for correlation across certain pairs. In this case, at each replication, we can make N(N − 1)
independent draws of the full time series for each pair, thereby allowing for arbitrary time dependence
within pairs.2 Let Ŝ0 denote the set of variables originally selected by plug-in lasso, and let Ŝb denote the
set of variables selected by the plug-in lasso using bootstrap sample b, with b = 1, . . . , B − 1. The final set
of variables selected by the bootstrap lasso, denoted ŜB , is the set of variables selected in at least a fraction
α of the B samples considered, i.e.,

ŜB =

{
k :

(
1

B

B−1∑
b=0

1
[
k ∈ Ŝb

])
≥ α

}
.

The use of α as a threshold ensures that the procedure does not mechanically select all variables as B →∞.
We still prefer a relatively low value for α to ensure that we can recover the variables that are selected
with low frequency across all samples. In our empirical implementation, we have used α = 0.01 and 0.05 as
thresholds.3

As a complementary approach, we also introduce what we call the iceberg lasso, which directly searches
for variables that are highly predictive of those selected by the plug-in lasso. Again, let Ŝ0 denote the set
of variables selected by plug-in lasso and let ŝ be the cardinality of Ŝ0. For k = 1, . . . , ŝ, we estimate an
auxiliary plug-in lasso regression of the k-th element of Ŝ0 on the set of non-selected variables. That is, for
each k = 1, . . . , ŝ, we estimate

δ̂
(k)

n = arg min
δ(k)

1

n

∑
i,j,t

xk,ijt − ∑
k′ /∈Ŝ0

δ
(k)
k′ xk′,ijt

2

+
λ

n

∑
k′ /∈Ŝ0

ψ̂
(k)

k′

∣∣∣δ(k)
k′

∣∣∣ ,
where ψ̂

(k)

k′ =
∑
i,j

(∑
t xk′,ijtê

(k)
ijt

)2

, with ê(k)
ijt being the residual from the k-th regression.4

Let Ŝk denote the set of variables selected in the k-th regression. Then, the final selected set of variables
is ŜIL = ∪ŝk=0Ŝk; that is, the union of the set of variables in Ŝ0 with the sets of those selected in each of
the ŝ regressions in the second step. The variables selected in these regressions are good predictors of at
least one of the variables in Ŝ0, and this may have led to their exclusion from Ŝ0 even if they have a causal
impact on the outcome yijt. At the same time, similar to how we interpret the results from the bootstrap
lasso, the iceberg lasso is agnostic about which of the variables in ŜILk are relevant for yijt; by construction,
it will include irrelevant variables that are closely associated with the relevant ones.

A simple example

To illustrate how the bootstrap lasso and iceberg lasso can help recover important variables not selected by
the plug-in lasso, suppose that

E(yijt|x1,ijt, . . . , xp,ijt, α
0
it, γ

0
jt, η

0
ij) = exp

(
α0
it + γ0

jt + η0
ij + x1,ijt

)
, (7)

2More precisely, a typical bootstrap sample is (y∗ij , x
∗
ij , α

∗
i , γ
∗
j , η
∗
ij), with y

∗
ij =

(
y∗ij,1, . . . y

∗
ij,T

)
, and y∗ij,t = yIij ,t

with Iij being independent discrete uniform on [1, . . . , N(N − 1)]; x∗ij,t, α∗i,t, γ∗j,t, η∗ij are defined analogously. We
treat the fixed effects no differently than any other regressor when re-sampling.

3Though the bootstrap does not provide a valid approximation to the limiting distribution of post-selection
estimators in this setting (see, e.g., Chatterjee and Lahiri, 2010), our goal here is not to conduct inference but rather
to use selection frequencies as a diagnostic for variable relevance under multicollinearity.

4Again, for simplicity, we ignore cross-sectional correlation in our presentation here, but we do allow for
this type of correlation in our implementation.

9



where x1,ijt, . . . , xp,ijt are potential explanatory variables with zero mean and unit variance. Moreover,
assume that x2,ijt is the only potential regressor correlated with x1,ijt, which is the only variable with a
non-zero coeffi cient in (7).

Using the plug-in penalty, the decision of whether to include a certain variable is based on the value
of its score, evaluated after taking into account the contributions of the regressors already included in the
model. When x1,ijt and xijt,2 are highly collinear, the scores of x1,ijt and xijt,2 are very close, and thus
which of these variables gets selected is likely to be driven by the small number of observations where the
differences between x1,ijt and xijt,2 are larger.

This explains why the bootstrap lasso can be an effective remedy in this setting. In cases where the
difference between the scores of x1,ijt and xijt,2 is disproportionately determined by only a small number
of observations, bootstrap resampling changes the weight placed on the observations that contribute more
to this difference. Therefore, which of the variables is selected will change from one sample to another.
Consequently, the bootstrap lasso is likely to select both x1,ijt and x2,ijt if the correlation between them is
suffi ciently high, which is desired outcome in this setting. Additionally, some of the remaining, irrelevant,
regressors x3,ijt, . . . , xp,ijt, may also be selected by chance in some samples, but our use of a threshold
rule should help to screen out variables whose selection is driven by idiosyncratic noise as opposed to the
systematic instability caused by multicollinearity.

The iceberg lasso also has straightforward implications in this simple setting. To illustrate the different
possibilities, suppose first that the plug-in lasso selects only x1,ijt or x2,ijt. Then, we proceed to the second
step of the iceberg lasso and we are very likely to select the variable correlated with the one selected in the
first step. It is also possible that the plug-in lasso selects both x1,ijt or x2,ijt, in which case the second step
is unlikely to select further variables. Therefore, as with the bootstrap lasso, in these situations the iceberg
lasso is likely to select both x1,ijt and x1,ijt, which is the desired outcome. It is, of course, possible that
some of the remaining variables are also selected, but this is less likely when they have low correlation with
x1,ijt. A third possibility is that the plug-in lasso does not select neither x1,ijt nor x2,ijt. If this happens,
the second step is unlikely to help and we may end up not selecting any of the relevant variables. However,
this is not the only case where the iceberg lasso fails.

For example, consider a case where there are three or more highly correlated variables in the original
set, and only one of them affects the outcome. In this case, if the plug-in lasso selects one of the irrelevant
variables, then the second step may choose another of the irrelevant variables, and then the variable with
causal effect is not selected by the two-step procedure. In these situations, the bootstrap lasso is more likely
to be able to select the entire group but, as noted above, the usefulness of the bootstrap lasso will depend
on making a wise choice of the threshold parameter α so that only the relevant variables and those highly
correlated with it are selected, while the other regressors are not.
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Appendix C: Validity of plug-in lasso for the three-way gravity
model

In this appendix, we prove that, in spite of the incidental parameter bias documented in Weidner and Zylkin
(2021), our PPML lasso estimator has the same “near-oracle”property as in Belloni, Chernozhukov, Hansen,
and Kozbur (2016) for the setting of a three-way gravity model.

To add some needed precision, we will henceforth maintain that a 0 superscript denotes a true parameter
value or, analogously, a function evaluated at the true parameter values. The gravity model with origin-time,
destination-time, and pair fixed effects may therefore be written as

yijt = exp
(
x′ijtβ

0 + α0
it + γ0

jt + η0
ij

)
u0
ijt = µ0

ijtuijt = µ0
ijt + ε0ijt, (8)

where x′ijt = (x1,ijt, . . . , xp,ijt) and it is assumed that E
(
u0
ijt|xijt, α0

it, γ
0
jt, η

0
ij

)
= 1. Equivalently,

E
(
ε0ijt|xijt, α0

it, γ
0
jt, η

0
ij

)
= 0.

As in the definition for zijt in Appendix B, let

z0
ijt =

yijt − µ0
ijt

µ0
ijt

+ lnµ0
ijt.

Similarly, let z̃0
ijt and x̃

0
ijt be the corresponding partialled-out versions of z

0
ijt and xijt, i.e., after partialling

them out with respect to the fixed effects.5 The data is assumed to be a balanced panel with i = 1, . . . N ,
j = 1, . . . N , t = 1, . . . T , and we define n = N(N−1)T . To simplify proofs, we allow only for time dependence
within pairs, whereas in our application we allow for cross-sectional dependence across certain pairs.

One key difference with Belloni, Chernozhukov, Hansen, and Kozbur (2016) is that, in our nonlinear
setting, we need to estimate the fixed effects rather than simply difference them out. Thus, we will proceed
by first establishing an infeasible estimator that will allow us to build a bridge between their setting, which
assumes a linear model, and our setting of an exponential gravity model with three-way fixed effects estimated
via PPML. Accordingly, let β̃n be the infeasible estimator that treats α

0
it, γ

0
jt, η

0
ij , and µ

0
ijt as known rather

than as quantities to be estimated. Using a weighted least squares (WLS) representation of the PPML-lasso
estimator, we can express β̃n as

β̃n = arg min
β

 1

n

∑
i,j,t

µ0
ijt

(
z̃0
ijt − x̃0′

ijtβ
)2

+
λ

n

p∑
k=1

φ̃k |βk|

 , (9)

where
λ = 2c

√
nΦ−1 (1− γ/2p) , (10)

with c > 1 and γ = 0.1/ ln (n). Furthermore, let

φ̃
2

k =
1

n

∑
i,j

(∑
t

x̃0
k,ijtε̃ijt

)2

, (11)

where φ̃k is constructed following the Appendix in Belloni, Chernozhukov, Hansen, and Kozbur (2016), with
ε̃ijt = µ0

ijt

(
z̃0
ijt − x̃0′

ijtβn
)
, and βn is some preliminary estimator; for example, βn may be obtained in a

previous step by setting φ̃k = 1. As explained before, the construction of φ̃k has been simplified relative to
the earlier derivation used in Appendix B by allowing for time dependence only.

An example of a feasible estimator is computed using estimated weights, i.e.,

β̂
(2)

n = arg min
β

 1

n

∑
i,j,t

µ̂
(1)
ijt

(̂̃z(1)

ijt − ̂̃x(1)′
ijt β

)2

+
λ

n

p∑
k=1

φ̂
(1)

k |βk|

 . (12)

5Recall that we weight by µijt when partialling out both zijt and xijt. Thus, it is necessary to specify that, e.g.,
x̃0ijt is the partialled-out version of xijt that uses µ

0
ijt as weights.
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Here, µ̂(1)
ijt = exp

(
α̂it

(
β̂

(1)

n

)
+ γ̂jt

(
β̂

(1)

n

)
+ η̂ij

(
β̂

(1)

n

)
+ x′ijtβ̂

(1)

n

)
where we make it explicit that the fixed

effects estimates used to construct µ̂(1)
ijt are obtained using the chosen preliminary estimate β = β̂

(1)

n . The

term ̂̃z(1)

ijt represents the partialled-out version of

ẑ
(1)
ijt =

yijt − µ̂(1)
ijt

µ̂
(1)
ijt

+ ln µ̂
(1)
ijt ,

̂̃x(1)

ijt is correspondingly the partialled-out version of xijt, and φ̂
(1)

k is constructed in the same manner as φ̃k

in (11). Both ̂̃z(1)

ijt and ̂̃x(1)

ijt use µ̂
(1)
ijt as weights when partialling out.

This feasible estimator differs from the full PPML-lasso estimator because we have only specified two

steps, a preliminary estimate β̂
(1)

n and a single update β̂
(2)

n . The full iterative algorithm, which we allow for
in our proof, uses the following IRLS-like updating step for each iteration r ≥ 2:

β̂
(r)

n = arg min
β

 1

n

∑
i,j,t

µ̂
(r−1)
ijt

(̂̃z(r−1)

ijt − ̂̃x(r−1)′
ijt β

)2

+
λ

n

p∑
k=1

φ̂
(r−1)

k |βk|

 , (13)

which is the same as the feasible estimator we gave previously in (12) using β̂
(1)

= β̂
(r−1)

, µ̂(1) = µ̂(r−1),
and so on, where the (r − 1)s denote calculations made using the estimates from the previous iteration.
As r → ∞, the iterative procedure based on the penalized WLS estimator in (13) converges to the same
estimates as the PPML-lasso estimator of (8), like in Correia, Guimarães, and Zylkin (2020); that is,

β̂n = lim
r→∞

β̂
(r)

n , (14)

with φ̂ = limr→∞ φ̂
(r−1)

as its associated vector of penalty loading terms.6 Furthermore, the feasible WLS-

based estimator in (12) also produces the PPML-lasso estimate if we define the preliminary estimate β̂
(1)
as

the next-to-last update from the full algorithm before numerical convergence is achieved.
To proceed, we need to state some assumptions on the data generating process. Noting that it fol-

lows from Correia, Guimarães, and Zylkin (2020) that ε0ijt = µ0
ijt

(
z̃0
ijt − x̃0′

ijtβ
0
)
, hereafter let φ0

k =

1
n

(∑
i,j

(∑
t x̃

0
k,ijtε

0
ijt

)2
)1/2

and

$0
k =

E

∣∣∣∣∣
(

1√
T

T∑
t=1

x̃0
k,ijtε

0
ijt

)∣∣∣∣∣
3
1/3

.

Also, let M̂n = 1
n

∑
i,j,t µ̂ijt

̂̃xijt̂̃x′ijt, Mn = 1
n

∑
i,j,t µ

0
ijtx̃

0
ijtx̃

0′
ijt, and note that Mn = M̂n + op(1), with Mn

being a p× p matrix. It is suffi cient to require that blocks of Mn of size depending on the degree of sparsity
have eigenvalues bounded below and above. Following Belloni, Chernozhukov, Hansen, and Kozbur (2016),
we define the minimal and maximal m-sparse eigenvalue of Mn as

ϕmin(m) (Mn) = min
δ∈∆(m)

δ′Mnδ and ϕmax(m) (Mn) = max
δ∈∆(m)

δ′Mnδ,

where

∆(m) =

{
δ ∈ Rp : 1

{
p∑
k=1

δj 6= 0

}
≤ m and ‖δ‖2 = 1

}
.

Assumption A4 below controls the sparse eigenvalues of subsets of Mn.
To state all of our assumptions together, our results are obtained under the following conditions.

6Because φ̂ is obtained by iterating on φ̂
(r−1)

, it again is constructed in the same manner as φ̃ in (11). Each φ̂k
therefore has the same form as the earlier generic formula given for φ̂k in Appendix B but here is specialized to the
case of cross-sectional independence across pairs (while still allowing for time dependence within pairs).

12



A1: (i) E
(
yijt|xijt, αit, γjt, ηij

)
= exp

(
x′ijtβ

0 + α0
it + γ0

jt + η0
ij

)
,

(ii) yijt|αit, γjt, ηij , xijt is independently distributed across i, j but not across t,7
(iii) E

(
y8
ijt

)
<∞, and xijt has bounded support,

(iv) for all i, j, and t,
(
β0, α0

it, γ
0
jt, η

0
ij

)
belongs to a compact set,

(v) for all k, E(φ0
k) is bounded below and above, where as in Appendix B, φ0

k is the analogue of φ̂k
evaluated at ε0ijt, the true values of εijt.

A2:
∑p
k=1 1 {βk 6= 0} = s, with p = o(n), s ln (n) = o (

√
n), where n = N(N − 1)T .

A3: (i) For k = 1, . . . , p,
(

1
T

∑
t=1 E

[(
x̃0
k,ijtε

0
ijt

)2
])

+

(
1
T

∑
t=1 E

[(
x̃0
k,ijtε

0
ijt

)2
])−1

= O (1),

(ii) 1 ≤ maxk=1,...,p φ
0
k/mink=1,...,p φ

0
k = O (1),

(iii) 1 ≤ maxk=1,...,p$k

/√
E
(
φ0
k

)2
= O (1),

(iv) maxk=1,...,p

∣∣∣∣φk −√E
[(
φ0
k

)2]∣∣∣∣/√
E
[(
φ0
k

)2]
= o(1),

(v) maxk=1,...,p

∣∣∣∣ 1
N2−N

∑
i,j

1
T

(∑
t µ

0
ijtx̃

0
k,ijtz̃

0
ijt

)2

− E

[
1
T

(∑
t µ

0
ijtx̃

0
k,ijtz̃

0
ijt

)2
]∣∣∣∣/E

[(
φ0
k

)2]
= op(1),

(vi) maxk=1,...,p

∣∣∣∣ 1
N2−N

∑
i,j

1
T

(∑
t x̃

0
k,ijtε

0
ijt

)2
∣∣∣∣/E

[(
φ0
k

)2]
= Op(1),

(vii)
(

maxk=1,...,p µ
0
ijt

(
x̃0
k,ijt

)2
/

E
[(
φ0
k

)2]) s ln(n)
N(N−1)ιT

= op(1) with ιT = T if there no time depen-

dence or weak dependence within each ij, while ιT = 1 if there is strong or perfect dependence.

A4: For any constant C there exists κL and κU , possibly dependent on C but independent of n, such that
κL ≤ ϕmin(Cs) (Mn) ≤ ϕmax(Cs) (Mn) ≤ κU .

Note that A4 is violated when there is perfect collinearity among the variables with predictive power,
since in that case ϕmin(Cs) (Mn) would be zero. Moreover, in order to properly define blocks of size Cs, we
need to rule out strong dependence between relevant and irrelevant variables. Note that we do not make
any assumption on the type of dependence within ij pairs, i.e., strong versus weak. Nor do we require
T →∞, though we do require N →∞ for consistency. Finally, note that φ0

k is not a nonrandom population
parameter but rather is the infeasible sample analogue of φ̂k that uses the true conditional mean and true
error term. Thus, expectations involving φ0

k are taken over the sampling variation in the true error terms.
The following Lemma establishes the near-oracle property of Belloni, Chen, Chernozhukov and Hansen

(2012) for the infeasible estimator in (9).

Lemma 1 Let β̃n be defined as in (9) and λ be defined as in (10), and let Assumptions A1-A4 hold. Then
as N →∞, ∥∥∥β̃n − β0

∥∥∥
1

= Op

(√
s2 ln (n)

N(N − 1)ιT

)
. (15)

The same statement applies to the post-lasso counterpart of β̃n. Given A2, the infeasible estimator in
(9) is consistent provided N → ∞ and, as usual, the convergence rate is faster in the case of weak (or no)
time dependence in which case ιT = T .

We then have the following result for β̂n, as defined in (14).

Theorem 1 Let λ be defined as in (10) and let Assumptions A1-A4 hold.
(a) If both N,T →∞ and ιT = T , then∥∥∥β̂n − β0

∥∥∥
1

= Op

(√
s2 ln (n)

N(N − 1)T

)
+Op

( s

NT

)
, (16)

7Recall again that, in the our empirics, we instead allow for some cross sectional correlation across certain pairs.
We use A1(ii) to simplify the proof of Theorem 1 below.
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(b) Let S =
{
k : β0

k 6= 0
}
and Sc be the complement of S : for all k ∈ S,

∣∣β0
k

∣∣ ≥ N−(1−δ) and for any k ∈ Sc,∣∣β0
k

∣∣ ≤ N−(1+δ) with 0 < δ < 1/2. Then, if either ιT = T and T is fixed or ιT = 1, as N →∞,

∥∥∥β̂n − β0
∥∥∥

1
= Op

(√
s2 ln (n)

N(N − 1)

)
+Op

( s
N

)
. (17)

Note that in the case of either T fixed or strong time dependence, as in part (b) of the theorem, we need
a beta-min type condition, requiring that the coeffi cients of the relevant variables and irrelevant variables
are suffi ciently apart. This additional condition is due to the incidental parameter bias that arises in these
cases. It ensures that this bias does not affect variable selection, i.e., no variable can be selected or discarded
just because of the bias due to incidental parameter bias. On the other hand, when we have weak time
dependence and T → ∞, as in part (a) of the theorem, such a condition is not required since in this case
the incidental parameter bias becomes negligible.

The following comments apply to statements (a) and (b) in Theorem 1. For the plug-in lasso we cannot

establish the variable selection oracle property, according to which
{
k : β0

k = 0
}

=
{
k : β̂k,n = 0

}
; see, e.g.,

Zou (2006). However, note that the plug-in lasso cannot fail to select a variable with a suffi ciently large

coeffi cient. Suppose that s ≤ s < ∞. If for some constant c and for some ψ > 0,
∣∣β0

1

∣∣ > c
(

ln(n)
N

) 1
2−ψ

then

β̂1,n cannot be set equal to zero, since otherwise the statement in (16) or in (17) would have been violated

because
(

ln(n)
N

) 1
2−ψ

>
(√

ln(n)
N(N−1)ιT

)
+Op

(
1

NιT

)
. In fact,

Nψι
1/2
T Pr

(
β̂1,n = 0

∣∣∣∣∣∣∣β0
1

∣∣ > c

(
ln(n)

N

) 1
2−ψ

)
→ 0.

On the other hand, if β0
1 = 0, then also the probability of selecting β̂1,n > c

√
ln(n)

N(N−1)ιT
will go to zero.

Finally, the second term on the right-hand side of equations (16) and (17), which does not appear in Lemma
1, reflects the bias due to the incidental parameter problem described in Weidner and Zylkin (2021). In both
cases, it should never dominate the first term.

Proof of Lemma 1: For µ0
ijt known, β̃n is a weighted version of the OLS estimators in equation (2.1) in

Belloni, Chernozhukov, Hansen, and Kozbur (2016). Hence, the statement in the Proposition follows once we
show that their Assumptions are satisfied. Assumptions A2 and A4 correspond to their assumptions ASM
and SE and to (iv) of their Condition R. Assumptions A3(i)-(iii) correspond to (i)-(iii) of their Condition
R and A3(iv) corresponds to (v) of their Condition R. Finally, Assumptions A3(v)-(vii) correspond to their
Condition R’, which is needed to ensure that, for all k, lφ̂k ≤ φ0

k ≤ uφ̂k for l, u→ 1 as the sample increases.
Since p < n, the law of large numbers would apply and ensure that φ̂k − φ0

k = op(1). �
Proof of Theorem 1: Let

β∗(r)n = arg min
β

 1

n

∑
ijt

µ
(r−1)
ijt

(
z̃

(r−1)
ijt − x̃′(r−1)

ijt β
)2

+
λ

n

p∑
k=1

φ
∗(r−1)
k |βk|

 , (18)

where z̃(r)
ijt and x̃

(r)
ijt are the partialled-out analogs of

z
(r)
ijt =

yijt − µ(r)
ijt

µ
(r)
ijt

+ lnµ
(r)
ijt ,

and xijt, φ
∗(r−1)
k has been computed using z̃(r−1)

ijt − x̃′(r−1)
ijt β∗(r−1)

n , and

µ
(r)
ijt = exp

(
x′ijtβ + αit

(
β∗(r)n

)
+ γjt

(
β∗(r)n

)
+ ηij

(
β∗(r)n

))
,
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with αit
(
β∗(r)n

)
being the probability limit as N,T → ∞ of α̂it (β) when evaluated at β = β∗(r)n , the same

applies to γjt
(
β∗(r)n

)
and ηij

(
β∗(r)n

)
.

Also, note that the difference between β̂
(r)

n , as defined in (13), and β
∗(r)
n is that the latter is based on

pseudo-true fixed effects and thus is not influenced by the bias caused by the estimation noise in the fixed
effects estimates. Now,∥∥∥∥β̂(r)

n − β0

∥∥∥∥
1

=

∥∥∥∥(β̂(r)

n − β∗(r)n

)
+
(
β∗(r)n − β̃n

)
+
(
β̃n − β0

)∥∥∥∥
1

,

so that

lim
r→∞

∥∥∥∥β̂(r)

n − β0

∥∥∥∥
1

=
∥∥∥β̂n − β0

∥∥∥
1
≤ lim
r→∞

∥∥∥∥β̂(r)

n − β∗(r)n

∥∥∥∥
1

+ lim
r→∞

∥∥∥β∗(r)n − β̃n
∥∥∥

1
+
∥∥∥β̃n − β0

∥∥∥
1
, (19)

and by Lemma 1, ∥∥∥β̃n − β0

∥∥∥
1

= Op

(√
s2 ln (n)

N(N − 1)ιT

)
.

The remainder of the proof is thus dedicated to characterizing the other two terms on the RHS of (19). We
first prove that

lim
r→∞

∥∥∥β∗(r)n − β̃n
∥∥∥

1
= op

(√
s2 ln (n)

N(N − 1)ιT

)
, (20)

with β̃n defined as in (9). The proof of (20) is the same for ιT = T or ιT = 1, and T fixed or T → ∞.
Second, we prove that

lim
r→∞

∥∥∥∥β∗(r)n − β̂
(r)

n

∥∥∥∥
1

= Op

(
s

NιT

)
. (21)

The proof of (21) requires the additional beta-min condition in part (b), for the case of either ιT = 1 or T
fixed. Given (20) and (21), the statements in the Theorem then follow from Lemma 1.

We begin by proving (20). In the sequel, we shall also need the following result

lim
r→∞

(
β∗(r)n − β0

)
= op(1). (22)

Thus, we first need to show (22). Let

β(r) = arg min
β∈B

E

 1

n

∑
ijt

µ
(r−1)
ijt

(
z̃

(r−1)
ijt − x̃′(r−1)

ijt β
)2

+
λ

n

p∑
k=1

φ
∗(r−1)
k |βk|

 ,

where by A1(iv) B is a compact set. Also, note that given A1-A4, and recalling that p < n, we have that by
the uniform law of large numbers,

sup
β∈B

∣∣∣∣∣∣ 1n
∑
ijt

µ
(r−1)
ijt

(
z̃

(r−1)
ijt − x̃′(r−1)

ijt β
)2

+
λ

n

p∑
k=1

φ
∗(r−1)
k |βk|

−E

 1

n

∑
ijt

µ
(r−1)
ijt

(
z̃

(r−1)
ijt − x̃′(r−1)

ijt β
)2

+
λ

n

p∑
k=1

φ
∗(r−1)
k |βk|

∣∣∣∣∣∣ = op(1).

Hence, since the arg min is a continuous operation,

arg min
β∈B

 1

n

∑
ijt

µ
(r−1)
ijt

(
z̃

(r−1)
ijt − x̃′(r−1)

ijt β
)2

+
λ

n

p∑
k=1

φ
∗(r−1)
k |βk|


− arg min

β∈B
E

 1

n

∑
ijt

µ
(r−1)
ijt

(
z̃

(r−1)
ijt − x̃′(r−1)

ijt β
)2

+
λ

n

p∑
k=1

φ
∗(r−1)
k |βk|

 = op(1).
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Since the objective function is convex and so there is a unique minimum, it follows that

limr→∞

(
β∗(r)n − β(r)

)
= op(1). From Nelder and Wedderburn (1972), it follows that

lim
r→∞

(
β(r) − β(r−1)

)
= 0.

To proceed, let µβijt = exp
(
αit (β) + γjt (β) + ηij (β) + x′ijtβ

)
, where β denotes a generic vector of para-

meters, define zβijt =
yijt−µβijt
µβijt

+ ln
(
µβijt

)
, and let z̃βijt and x̃

β
ijt be defined accordingly. To show (22), we first

show that

lim
r→∞

arg min
β∈B

E

 1

n

∑
ijt

µ
(r−1)
ijt

(
z̃

(r−1)
ijt − x̃′(r−1)

ijt β
)2

+
λ

n

p∑
k=1

φ
∗(r−1)
k |βk|


− arg min

β∈B
E

 1

n

∑
ijt

µβijt

(
z̃βijt − x̃

′β
ijtβ

)2

+
λ

n

p∑
k=1

φ0
k |βk|

 = 0.

This occurs since we first fix β(r) and minimize over β ∈ B to obtain β(r+1), which we then use to maximize
over β ∈ B, and get β(r+2) and so on. Thus, by iterating, since β(r) − β(r−1) shrinks to zero, it is as if we
solved (1) directly. Finally, note that

arg min
β∈B

E

 1

n

∑
ijt

µβijt

(
z̃βijt − x̃

′β
ijtβ

)2

+
λ

n

p∑
k=1

φ0
k |βk|


− arg min

β∈B
E

 1

n

∑
ijt

µ0
ijt

(
z̃0
ijt − x̃′0ijtβ

)2
+
λ

n

p∑
k=1

φ0
k |βk|

 = 0,

which establishes (22).
Note that, (22) implies that

lim
r→∞


 1

n

∑
ijt

µ
(r)
ijt x̃

(r)
ijt x̃

(r)′
ijt

−1

−

 1

n

∑
ijt

µ0
ijtx̃

0
ijtx̃

0′
ijt

−1
 = op(1), (23)

and
plimr→∞s

(r) = s. (24)

We now can prove (20). For all r, the probability order of β∗(r)n − β̃n is given by the probability order
of the difference of the respective scores evaluated at β0, which, ignoring for the time being the penalization
term, are

n−1
∑
ijt

µ
(r−1)
ijt x̃

(r−1)
ijt

(
z̃

(r−1)
ijt − x̃(r−1)′

ijt β0
)

and
n−1

∑
ijt

µ0
ijtx̃

0
ijt

(
z̃0
ijt − x̃0′

ijtβ
0
)
,

respectively. Let ε(r−1)
ijt = µ

(r−1)
ijt

(
z̃

(r−1)
ijt − x̃(r−1)′

ijt β0
)
and, as before, ε0ijt = µ0

ijt

(
z̃0
ijt − x̃0

ijtβ
0
)
, then

n−1
∑
ijt

x̃
(r−1)
ijt ε

(r−1)
ijt − n−1

∑
ijt

x̃0
ijtε

0
ijt

≈ n−1
∑
ijt

(
x̃

(r−1)
ijt − x̃0

ijt

)
ε0ijt + n−1

∑
ijt

x̃0
ijt

(
ε
(r−1)
ijt − ε0ijt

)
+ smaller order term,
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where ≈ means of the same probability order and where the smaller order term captures the product(
x̃

(r−1)
ijt − x̃0

ijt

)(
ε
(r−1)
ijt − ε0ijt

)
. Given (22), (23) and (24), for the s(r) selected variables we have

β∗(r)n − β̃n

≈

 1

n

∑
ijt

µ0
ijtx̃

0
ijtx̃

0′
ijt

−1n−1
∑
ijt

(
x̃

(r−1)
ijt − x̃0

ijt

)
ε0ijt + n−1

∑
ijt

x̃0
ijt

(
ε
(r−1)
ijt − ε0ijt

)

+
λ

n

s(r)∑
k=1

(
φ

(r−1)
k − φ0

k

)
sign

(
β0
k

)+ smaller order terms, (25)

where φ(r−1)
k has been computed using ε(r−1)

ijt , as in (18), and φ0
k using ε

0
ijt. Now, recalling the definition of

x̃k,ijt given by (3), we can write the first term in (25) as 1

n

∑
ijt

µ0
ijtx̃

0
ijtx̃

0′
ijt

−1

n−1
∑
ijt

(
x̃

(r−1)
ijt − x̃0

ijt

)
ε0ijt

≈

 1

n

∑
ijt

µ0
ijtx̃

0
ijtx̃

0′
ijt

−1

n−1
∑
ijt

ε0ijt

((
∂αit (β)

∂β

∣∣∣β=β
∗(r−1)
n

− ∂αit (β)

∂β

∣∣
β=β0

)

+

(
∂γjt (β)

∂β

∣∣∣β=β
∗(r−1)
n

−
∂γjt (β)

∂β

∣∣
β=β0

)
+

(
∂ηij (β)

∂β

∣∣∣β=β
∗(r−1)
n

−
∂ηij (β)

∂β

∣∣
β=β0

))
. (26)

By a Taylor expansion of the RHS of (26) around β0, and using ∂ββ to denote second derivatives, we have
that

lim
r→∞

 1

n

∑
ijt

µ0
ijtx̃

0
ijtx̃

0′
ijt

−1

n−1
∑
ijt

(
x̃

(r−1)
ijt − x̃0

ijt

)
ε0ijt

≈

 1

n

∑
ijt

µ0
ijtx̃

0
ijtx̃

0′
ijt

−1

n−1
∑
ijt

ε0ijt ∂ββαit (β)|β=β0 lim
r→∞

(
β∗(r−1)
n − β0

)

+

 1

n

∑
ijt

µ0
ijtx̃

0
ijtx̃

0′
ijt

−1

n−1
∑
ijt

ε0ijt ∂ββγjt (β)
∣∣
β=β0

lim
r→∞

(
β∗(r−1)
n − β0

)

+

 1

n

∑
ijt

µ0
ijtx̃

0
ijtx̃

0′
ijt

−1

n−1
∑
ijt

ε0ijt ∂ββηij (β)
∣∣
β=β0

lim
r→∞

(
β∗(r−1)
n − β0

)
+ smaller order terms

= Op

(√
s2 ln (n)

N(N − 1)ιT

)
op(1) + smaller order terms

= op

(√
s2 ln (n)

N(N − 1)ιT

)
+ smaller order terms,
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where the op(1) term comes from (22) and the order of the Op term comes by the same argument as in the
proof of Lemma 1. Also, note that for the second term in (25) we have

lim
r→∞

 1

n

∑
ijt

µ0
ijtx̃

0
ijtx̃

0′
ijt

−1

n−1
∑
ijt

x̃0
ijt

(
ε
(r−1)
ijt − ε0ijt

)

= lim
r→∞

 1

n

∑
ijt

µ0
ijtx̃

0
ijtx̃

0′
ijt

−1

n−1
∑
ijt

x̃0
ijt

(
µ0
ijt

((
z̃

(r−1)
ijt − z̃0

ijt

)
−
(
x̃
′(r−1)
ijt − x̃

′0
ijt

)
β0
)

+
(
µ0
ijt − µ

(r−1)
ijt

)(
z̃0
ijt − x̃

′0
ijtβ

0
))

+ smaller order terms

= op

(√
s2 ln (n)

N(N − 1)ιT

)
+ smaller order terms,

by the same argument used above. Finally, for the third term in (25), given (24), Assumption A2, and
recalling that λ is of order O (

√
n) up to a log term and s = o (

√
n),

lim
r→∞

 1

n

∑
ijt

µ0
ijtx̃

0
ijtx̃

0′
ijt

−1

λ

n

p∑
k=1

(
φ
∗(r−1)
k − φ0

k

)
sign

(
β0
k

)

= lim
r→∞

 1

n

∑
ijt

µ0
ijtx̃

0
ijtx̃

0′
ijt

−1

λ

n

s∑
k=1

(
φ
∗(r−1)
k − φ0

k

)
sign

(
β0
k

)
+ smaller order terms

= Op(1)op

(√
s2 ln (n)

N(N − 1)ιT

)
+ smaller order terms.

This completes the proof of (20).

It remains to show (21). Let β̂
(r)

n be defined as in (13). The difference between β̂
(r)

n and β∗(r)n is that the
former is computed using estimated fixed effects, and thus the difference between the two is due to the bias
due to the estimation of the incidental parameters. To characterize this difference as r → ∞, we utilize a
penalized “concentrated likelihood”representation for the PPML-lasso estimator that concentrates out the
fixed effects like in our earlier equation (2):

Qn(β) := Ln (β, α̂ (β) , γ̂ (β) , η̂ (β)) +
λ

n

∑
k

φ̂k |βk| , (27)

Note that Ln is the (concentrated) unpenalized PPML pseudo-likelihood times minus one. We also need to
use an analogue of this penalized likelihood that uses the probability limits as N,T →∞ of the fixed effects
in place of their estimated values:

Q∗n(β) := Ln (β, α (β) , γ (β) , η (β)) +
λ

n

∑
k

φ∗k |βk| , (28)

where φ∗k = limr→∞ φ
∗(r−1)
k . Note that minimizing Q∗n(β) with respect to β results in β∗n = limr→∞ β∗(r)n .

Recall the definition of S given in Theorem 1 and let β0
S , β̂n,S , and β

∗
n,S denote, respectively, the non-

zero elements of β0 and the corresponding elements of β̂n and β
∗
n. Asymptotically, the coeffi cient vectors

β̂n,S and β
∗
n,S are defined, respectively, by the following FOCs

∂βSQn = 0,

∂βSQ
∗
n = 0.

These FOCs hold with equality asymptotically because the coeffi cients in β0
S are asymptotically bounded

away from zero, so that the lasso penalty is locally differentiable around β0
S . For k ∈ Sc, meanwhile, the
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lasso FOCs for each β̂k,n and β
∗
k,n are inequalities rather than equalities because of how the lasso penalty is

not differentiable at zero.
Taking Taylor expansions on the support S for both of these systems around β0 yields

0 = ∂βSQn
(
β0
)

+ ∂βSβSQn
(
β0
) (
β̂n,S − β0

S

)
+ smaller order terms,

0 = ∂βSQ
∗
n

(
β0
)

+ ∂βSβSQ
∗
n

(
β0
) (
β∗n,S − β0

S
)

+ smaller order terms.

These expressions can then be combined as

∂βSβSQ
∗
n

(
β0
) (
β̂n,S − β∗n,S

)
= ∂βSQn

(
β0
)
− ∂βSQ

∗
n

(
β0
)

+ smaller order terms.

Now, let Ln(β) henceforth denote the first term on the RHS of (27) (i.e., the unpenalized likelihood
term) and let L∗n(β) denote the corresponding term in (28). Then, the difference between β̂n,S and β

∗
n,S

(i.e., the difference between the two estimators for the coeffi cients whose true values are non-zero) can be
expressed as

β̂n,S − β∗n,S =
[
∂βSβSQ

∗
n(β0)

]−1 (
∂βSLn(β0)− ∂βSL

∗
n(β0)

)
+
[
∂βSβSQ

∗
n(β0)

]−1
[
λ

n

(
φ̂S − φ∗S

)
� sign(β0

S)

]
+ smaller order terms. (29)

Provided the Hessian term ∂βSβSQ
∗
n(β0) is non-singular, which our assumptions ensure, the first term on

the RHS of (29) is the same order as the bias of the unpenalized PPML estimator characterized in Weidner
and Zylkin (2021).8 For the second term, note that φ̂S → φ∗S ⇐⇒ β̂n,S → β∗n,S ; differentiability of φ̂ and

φ∗ with respect to β then ensures that φ̂S −φ∗S = Op(β̂n,S −β∗n,S) =⇒ λ
n (φ̂S −φ∗S) = op(β̂n,S −β∗n,S), such

that the first term dominates.
Therefore, by a similar argument as in Proposition 3 and Remark 2 in Weidner and Zylkin (2021), it

follows that for each k ∈ S, we have

lim
r→∞

(
β̂

(r)

k,n − β
∗(r)
k,n

)
= β̂k,n − β∗k,n = Op

(
1

NιT

)
. (30)

Summing over k ∈ S yields ∥∥∥β̂n,S − β∗n,S∥∥∥
1

= Op

(
s

NιT

)
.

To extend this to the full coeffi cient vector, note that∥∥∥β̂n − β∗n∥∥∥
1

=
∥∥∥β̂n,S − β∗n,S∥∥∥

1
+
∥∥∥β̂n,Sc − β∗n,Sc∥∥∥

1
. (31)

For the difference on Sc note that the incidental parameter-induced bias in the profile score is of order
1/NιT , while the lasso penalty threshold is of order 1/

√
N(N − 1)ιT . Hence, for each β

∗
k,n of order larger

than 1/NιT , the bias does not affect the selection of the k-th variable; on the other hand, if β
∗
k,n is of

order equal or smaller than 1/NιT , variable k will never be selected. Then, whenever ιT = T and T → ∞,
the penalty threshold is of a larger order than the bias and thus the estimation of each βk∈ βSc does not
contribute to the incidental parameter bias of β̂n, so that the second term in (31) is negligible asymptotically.
On the other hand, when β∗k,n is exactly of order 1/N , ιT = 1, and/or T is fixed, the contribution of variable
k to the profile likelihood and the contribution to the penalty are of the same order. For this reason, we
require that all relevant variables, i.e., k ∈ S, are such that

∣∣β0
k

∣∣ ≥ N−(1−δ) and the irrelevant k ∈ Sc, are
such that

∣∣β0
k

∣∣ ≤ N−(1+δ), with 1/2 > δ > 0. The beta-min condition rules out the possibility of β∗k,n being
of order 1/N , then ensuring that the bias due to incidental parameters does not affect variable selection. �

8Note that the full expansion in (29) would also include terms depending on
(
β̂n,Sc − β∗n,Sc

)
, such as

∂βScβSQn
(
β0
) (
β̂n,Sc − β∗n,Sc

)
. These terms are controlled by an analogous argument to the one used below to

bound the Sc component in (31).
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Appendix D: Further empirical results

Additional boostrap-lasso results

Table A2: Provisions selected by bootstrap lasso, sorted by average coeffi cient
AD14 0.079 INV24 0.016 SUB11 0.005 CP15 0.002
CP23 0.065 ET17 0.014 ROR04 0.005 SPS22 0.002
CP22 0.063 ET43 0.013 TBT05 0.004 IPR51 0.002
AD05 0.055 PP08 0.013 TBT14 0.004 IPR03 0.002
TBT07 0.054 TF45 0.012 MOC28 0.004 TF44 0.002
TBT02/29 0.048 SUB13 0.011 TBT11 0.004 SPS34 0.002
TBT08 0.037 ENV33 0.011 ET15 0.004 ENV19 0.002
SUB12 0.030 TBT15 0.010 SUB09 0.004 TBT31 0.002
TBT34 0.028 MIG14 0.010 SPS07 0.003 INV12 0.001
SPS06 0.028 ET42 0.009 SPS23 0.003 ROR16 0.001
TF42 0.028 AD06/08/ENV42 0.008 SPS09 0.003 ENV30 0.001
AD07 0.027 STE32 0.008 STE30 0.003 AD10 0.001
TBT33 0.023 ROR13 0.008 SUB03 0.003 IPR127 0.001
TF41 0.023 ET09 0.007 IPR68 0.003 SER46 0.001
TBT06 0.021 IPR02 0.007 MIG12 0.003 TBT04 0.001
CP21 0.020 SPS21 0.007 SPS33 0.002 SUB14 0.001
SUB10 0.020 SPS18 0.006 SPS16 0.002 CP16 0.001
MOC27 0.019 ROR02 0.006 ENV28 0.002 TF25 0.001

Notes: Bootstrap plug-in lasso performed using cluster-bootstrap resampling with 250 replications. The
numbers shown are average coeffi cient estimates for the provisions selected at least 1% of the time across
all replications, ordered from greatest to least. A description of the provisions in this table can be found
in Appendix A.

Table A3: Provisions selected by bootstrap lasso, sorted by selection frequency
AD14 0.372 TF42 0.076 MIG12 0.036 SPS21 0.016
CP23 0.320 SUB10 0.072 SPS18 0.032 TBT05 0.016
TBT07 0.308 ET43 0.072 SPS07 0.032 TBT14 0.016
SPS06 0.228 MIG14 0.068 CP15 0.032 SPS09 0.016
TBT08 0.208 STE32 0.068 ET17 0.028 IPR68 0.016
SUB12 0.184 TBT15 0.064 ROR02 0.028 SPS16 0.016

TBT02/29 0.168 ROR04 0.060 SPS33 0.028 TBT31 0.016
TBT33 0.160 SUB11 0.056 ENV28 0.028 AD10 0.016
CP22 0.156 SUB09 0.056 ENV19 0.028 TBT04 0.016
TBT34 0.152 STE30 0.056 PP08 0.024 SUB14 0.016
TBT06 0.148 AD07 0.052 TBT11 0.024 TF25 0.016
AD05 0.140 INV24 0.048 SUB03 0.024 IPR51 0.012
CP21 0.124 ET42 0.048 SPS34 0.024 INV12 0.012
TF45 0.116 ET15 0.048 MOC28 0.020 ROR16 0.012
ENV33 0.116 IPR02 0.044 SPS23 0.020 ENV30 0.012
ET09 0.010 SPS22 0.044 IPR03 0.002 IPR127 0.012
MOC27 0.084 ROR13 0.040 TF44 0.020 SER46 0.012
SUB13 0.080 TF41 0.036 AD06/08/ENV42 0.016 CP16 0.012

Notes: Bootstrap plug-in lasso performed using cluster-bootstrap resampling with 250 replications. The
numbers shown are selection frequencies for the provisions selected at least 1% of the time across all
replications, ordered from greatest to least. A description of the provisions in this table can be found in
Appendix A.
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Cross-validation lasso results

As discussed in the paper, the plug-in approach to choosing penalty parameter tends to choose a relatively
small set of regressors and may fail to pick the “correct” regressors. For comparison, we now discuss the
choice of regressors when we apply the cross-validation approach to our data.9

Figure A1 shows how the out-of-sample mean square error (MSE) varies with the log of the tuning
parameter, which is scaled by

∑
ijt yijt so that the results do not depend on the scale of the data. At the

optimal value of the tuning parameter, λ/
∑
ijt yijt = 0.00025, the cross-validation approach selects 128

provisions to have non-zero effects. Additionally, some of the selected provisions are perfectly collinear with
variables that are not selected; if we take this into account, the effective number of provisions selected is 133,
which is many more than what we found using the plug-in approach.

For more illustration, Figures A2 and A3 show the corresponding regularization paths for selected pro-
visions.10 That is, the figures show how the value of the estimated (post-lasso) coeffi cient on the selected
provisions changes as we vary λ. For the smallest value of the tuning parameter most provisions are retained,
so the results are close to those obtained with the unpenalised PPML estimator. In this case we clearly see
that the combination of high dimensionality and high collinearity generates many coeffi cient estimates that
are implausibly large and diffi cult to interpret. For example, a single IPR provision has an estimated coef-
ficient greater than 3, suggesting that single provision increases trade by more than 1000%, and numerous
provisions have negative coeffi cients less than −1, implying a reduction in trade exceeding 60%. As expected,
fewer provisions are selected as we increase λ and, for values of λ/

∑
ijt yijt around 0.01, which is forty times

larger than the optimal value, we generally see a close correspondence between the results in Figures A2 and
A3 and those that we found earlier using the plug-in method.

Note, however, that it is not necessarily the case that the set of provisions selected at lower levels of λ
includes the set of provisions selected at higher levels. For example, Figure A2 shows that provision AD14,
which was one of the provisions selected by the plug-in approach, is selected with a negative coeffi cient for
the smallest value of λ we consider, drops out when we increase the penalty, and is selected with a positive
coeffi cient for higher values for λ. Intuitively, for small values of λ, the procedure selects many provisions,
and the high collinearity between the variables selected makes it diffi cult to precisely identify their effect. As
we increase λ, some provisions are dropped; because many provisions are correlated with AD14, it can be
dropped without significant deterioration of the out-of-sample forecasts during cross-validation, and hence
it is no longer selected. It is only when the provisions correlated with AD14 are purged from the model, as
λ increases even more, that AD14 on its own gains predictive power and is again included.

Figure A1: Cross-validation MSE vs. tuning parameter
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9As explained before, the cross validation is performed clustering by agreement.
10 In each panel of the figures, the fourth set of estimates from the right is the one for the optimal value of lambda

and the associated provisions are thus the ones selected by the CV method.
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Overall, the plug-in and cross-validation approaches lead to the selection of very different sets of trade
agreement provisions. While some provision, such as TBT07 or TF45 are selected by both approaches,
others, such as AD14, are only selected by the plug-in method, and many provisions are only selected using
cross-validation, such as anti-dumping provisions AD05 and AD06. Furthermore, we also see in Figures A2
and A3 that many of the estimated effects for the provisions selected by cross-validation are not plausible
when interpreted on their own (e.g., TF42 has a negative coeffi cient). These observations reflect the known
shortcomings of the cross-validation approach that we stated earlier and found support for in our simulations.
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Appendix E: Prediction

In this appendix we consider the usefulness of the different lasso-based methods to predict trade flows. We
start by presenting simulation results comparing the different methods, and then present empirical results
using the data discussed before.

Simulation results

We now extend the simulation results presented in Section 4 of the paper to evaluate the predictive ability
of the models obtained with the different variable-selection methods. To that end, for each replica of the
simulations we generated 100 additional observations and used the different models to predict them. In
this context, we can consider both lasso predictions, using the penalized lasso estimates, and post-lasso
predictions, using unpenalized estimates.11 We computed penalized and unpenalized predictions for all
approaches and found that for CV and AL penalized predictions tend to dominate unpenalized ones, and
the reverse holds for PI, IL, and BL.

Table A4 summarizes these results and reports the mean square error (MSE) of the prediction error for
each of the models considered. To conserve space, we only report the results obtained with the penalized
predictors for the CV and AL, and unpenalized predictors for PI, IL, and BL. For comparison, the table
also presents the MSE of the predictions obtained with the unpenalized PPML estimates of the models that
include all p regressors and with the PPML estimates of the “oracle”model that just includes x1.

The results in Table A4 show that the predictions obtained with the unpenalized estimator of the full
model are clearly outperformed by all lasso-based predictions, with the difference being particularly stark
in the smaller sample. The results also suggest that the predictive performance of the different methods
depends little on the values of κ and ρ, but generally improves with n. The exception to this is the IL, for
which we see a small but systematic drop in performance as κ increases. This is not surprising because the
method is designed to select all the regressors that are suffi ciently correlated with the ones identified by the
PI, and therefore for large κ the IL selects many irrelevant predictors.

Perhaps the most striking feature of the results in Table A4 is, however, the excellent performance of
PI, which can be comparable to that of the oracle model even in cases where PI often fails to identify x1 as
a predictor. It is also noteworthy that the performance of the BL is also very good and better than that of
the IL, especially for the larger values of κ. For the larger sample, however, there is little to choose between
the different lasso methods, but AL has the best performance.

In summary, if the goal of the researcher is to accurately predict the trade impact of a given PTA, as
opposed to selecting the correct set of provisions that impact trade, the preferred approach is to compute the
predictions using the post-lasso estimates obtained with the plug-in penalty. Indeed, this approach performs
extremely well in all cases, and is only marginally outperformed by the adaptive lasso in the larger sample
we considered.12 However, the bootstrap lasso is also a credible alternative in this context and it can serve
as a useful robustness check.
11The unpenalized predictions for the IL are computed from the PPML estimates of a model including the full set

of variables selected by IL; for BL they are computed as the average of the predictions corresponding to the post-lasso
PPML estimates in each sample. The penalized predictor for the IL is obtained from a plug-in lasso based on the
full set of variables selected by IL; for BL, the penalized predictor is the average of the predictions obtained with the
penalized estimates in each of the bootstrap samples. For the PI, the penalized predictor is obtained directly from
the penalized estimates, whereas the unpenalized predictions are computed from the PPML estimates of a model
that includes only the variables selected by PI.
12One may wonder why the PPML-lasso with the tuning parameter chosen by the plug-in method predicts so well,

even if it often fails to select the right regressor. The answer, of course, is that when the purpose is simply to predict
the outcome, the results change little if the regressor with a causal impact is replaced by another that is highly
correlated with it.
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Table A4: MSE for prediction errors
ρ = 0.90 ρ = 0.95 ρ = 0.99

n κ=5 κ=10 κ=20 κ=5 κ=10 κ=20 κ=5 κ=10 κ=20
250 CV 6.87 6.88 6.88 6.86 6.87 6.85 6.83 6.83 6.80

AL 7.29 7.26 7.24 7.26 7.25 7.16 7.17 7.18 7.08
PI 6.59 6.63 6.71 6.62 6.61 6.67 6.53 6.52 6.52
BL 6.64 6.62 6.66 6.64 6.59 6.61 6.57 6.53 6.53
IL 6.71 6.84 7.25 6.73 6.85 7.23 6.72 6.85 7.23
All 10.98 10.98 10.98 10.98 10.98 10.98 10.98 10.98 10.98

Oracle 6.39 6.39 6.39 6.39 6.39 6.39 6.39 6.39 6.39
1000 CV 6.34 6.34 6.35 6.34 6.33 6.36 6.33 6.32 6.34

AL 6.35 6.39 6.40 6.46 6.51 6.47 6.39 6.41 6.47
PI 6.18 6.19 6.22 6.18 6.18 6.23 6.16 6.17 6.20
BL 6.18 6.18 6.21 6.18 6.18 6.20 6.16 6.16 6.18
IL 6.22 6.31 6.47 6.22 6.31 6.48 6.22 6.31 6.48
All 8.44 8.44 8.44 8.44 8.44 8.44 8.44 8.44 8.44

Oracle 6.19 6.19 6.19 6.19 6.19 6.19 6.19 6.19 6.19
4000 CV 6.36 6.37 6.38 6.36 6.37 6.37 6.37 6.38 6.38

AL 6.33 6.33 6.34 6.33 6.33 6.33 6.34 6.34 6.34
PI 6.34 6.35 6.35 6.33 6.34 6.36 6.33 6.34 6.35
BL 6.36 6.37 6.37 6.36 6.37 6.38 6.36 6.37 6.38
IL 6.34 6.35 6.43 6.34 6.35 6.43 6.34 6.35 6.43
All 7.39 7.39 7.39 7.39 7.39 7.39 7.39 7.39 7.39

Oracle 6.34 6.34 6.34 6.34 6.34 6.34 6.34 6.34 6.34

Note: The table reports the mean square error of the prediction error obtained using penalized predictors
for the CV and AL, and unpenalized predictors for PI, IL, and BL. For comparison, the table also
presents the mean square error of the predictions obtained with the model with all regressors and with
the “oracle”model that just includes the relevant regressor.

Empirical results

We now use the different methods and our data to predict the effects of different PTAs and discuss the
associated caveats.13

The simulation results presented earlier suggest that, in small to moderate samples, the most reliable
predictions are the ones based on the (post-lasso) PPML estimates of a model whose regressors are the
provisions selected by the plug-in lasso. This kind of prediction can easily be obtained using the results in
column (3) of Table 3 of the paper. For example, we have noted that the latest EU agreement includes all
the provisions selected by the plug-in lasso, with the exception of AD14 and TBT7. Therefore, the effect
of the latest EU agreement is estimated to be 87% (exp (0.118 + 0.184 + 0.123 + 0.113 + 0.089)− 1 = 0.87).
This result is comparable to the effect estimated when the EU dummy is included in the model as in column
(5) of Table 3 of the paper, which is 86% (exp (0.618)− 1 = 0.86).14

In results that are summarized in the third column of Table A5, we repeat this exercise for each of the
PTAs in our data.15 As in Baier, Yotov, and Zylkin (2019), we find a wide variety of effects, ranging from
very large impacts in agreements such as the Eurasian Economic Union, which includes all of the selected
provisions, to no effect at all in agreements that do not include any, such as ASEAN.16 In comparison with
column 1 of this Table, which describes results for PPML with the full set of provision variables, we see
an immediate advantage of using the plug-in method to model PTA heterogeneity: it greatly cuts down on
overfitting. The range spanned by the estimates obtained with the full set of provision reaches implausibly
large positive and negative values at the extremes, and their standard error is thousands of times that of

13As before, we compute penalized predictions when using cross-validation, and post-lasso unpenalized predictions
for the plug-in, and bootstrap lasso. For the bootstrap lasso, the predictions are obtained by averaging the post-lasso
predictions in each of the bootstrap samples.
14Of course, using the delta method it is possible to obtain confidence intervals for these effects. However, such

confidence intervals do not take into account model uncertainty, which is likely to be the main source of uncertainty
in this context. We consider this issue below.
15Note that the average estimated effect is 13.8%, which is very close to the estimated PTA effect of 14.0%

corresponding to result in column 1 of Table 3 of the paper.
16 In contrast to Baier, Yotov, and Zylkin (2019), we are able to identify heterogeneity across different PTAs but

not within PTAs.
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the estimates produced using plug-in lasso. This is a consequence of the fact that the high dimensionality
of the set of regressors creates strong multicollinearity, which leads to erratic estimates that are generally
uninterpretable. As shown in column 2, overfitting may also be a problem for the predictions generated
by cross-validation lasso, which also lead to some implausible estimates. These results resonate with what
we found in the simulations reported earlier, where both the model with all regressors and the model with
regressors selected by cross-validation performed poorly.

We next consider the performance of the bootstrap lasso. The predictions based on the bootstrap lasso
performed well in our simulations, and this approach also shows promise here. As shown in column 4 of
Table A5, the PTA estimates produced by bootstrap lasso lead to less extreme predictions and have the
lowest dispersion of any the methods we consider, consistent with what would be expected for a method
based on bootstrap aggregation. Though they are highly correlated with the estimates produced by plug-in
lasso, the selected PTA estimates shown in the bottom panel of Table A5 reveal that the estimated effects
obtained with the plug-in lasso and bootstrap lasso can differ substantially for individual PTAs.

Table A5: Summarizing Estimates of Heterogeneous PTA Effects
(1) (2) (3) (4)
All CV Plug-in Bootstrap

Descriptive statistics
Min −81.2% −50.4% 0.0% 0.0%
Max > 1e6% 387.0% 144.4% 101.0%
Mean 328774.6% 32.1% 13.8% 12.5%
Median 26.4% 14.4% 9.3% 7.2%
Stdev. 300514.7pp 63.0pp 20.7pp 15.3pp
Correlations
All 1 0.146 −0.054 0.041
CV 0.146 1 0.391 0.513
Plug-in −0.054 0.391 1 0.925
Bootstrap 0.041 0.513 0.925 1

Estimated partial effects for selected PTAs
EU 104.9% 105.4% 87.1% 64.2%
EEA 80.4% 90.5% 9.3% 18.3%
Eurasian Econ. Union −21.8% 71.8% 144.4% 101.0%
NAFTA 77.9% 77.5% 79.9% 52.9%
MERCOSUR 145.5% 115.9% 42.1% 39.6%
ECOWAS 469.6% 379.2% 9.3% 19.4%
ASEAN 1.8% −9.4% 0.0% 3.3%

Notes: This table summarizes estimated partial effects for individual PTAs
produced by the different methods we consider. Results labelled “All”refer to
an unpenalized PPML regression with all 305 provision variables. The other
columns refer to variants of the lasso discussed in Section 3.

It should be noted that the bootstrap lasso is the only approach we have considered that can provide
information about model uncertainty. Indeed, as a by-product of the bootstrap sampling procedure, it can
provide confidence intervals showing how sensitive predictions of individual PTA effects are to the particular
sample that is used in the estimation. We have not rigorously evaluated the validity of such confidence
intervals for bounding prediction uncertainty, but it is certainly an avenue worth exploring.

The results of this exercise, however, need to be treated with some caution. As we have repeatedly
noted, the results of the plug-in lasso do not have a causal interpretation. Therefore, their accuracy for
predicting effects of individual PTAs will depend, at least to some extent, on whether the selected provisions
themselves have a causal impact on trade or serve as a signal of the presence of provisions that have a causal
effect. When this condition holds, the predictions based on this method are likely to be reasonably accurate
and, indeed, the simulation results reported before show that this approach can work well even in situations
where the variables having a causal impact on the outcome are not selected by the plug-in lasso. That
said, it is possible to envision scenarios where predictions based on the plug-in lasso fail dramatically. For
example, it could be the case that a PTA is incorrectly predicted to have zero impact despite having many
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of the true causal provisions. Though we do not consider inferences for these predicted values, obtaining
valid confidence intervals for them is complicated by the biases examined in Rakshit and Guo (2024).
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