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Abstract

Essays on Markets and Firms in Tunisia

Nadia Ali

The three essays in this dissertation explore the following labor, trade, and

entrepreneurship questions: What are the labor market reallocation effects of wage floors? What

do fixed market-access subsidies do? And lastly, how effective is state support for high-growth

entrepreneurship in a developing country? My co-authors and I examine these questions using

experimental and quasi-experimental methods and a wide range of data including administrative

and survey data in Tunisia. The first chapter uses new employer-employee data to study the labor

reallocation effects of wage floors. Many countries set wage floors by occupation for both low-

and high-skill workers. Changes in these wage floors can induce wage compression within firms

and reduce the skill premium. We examine the effects of this institution in the Tunisian banking

sector, where a 2014 national collective bargaining agreement resulted in wage compression in

some branches. We find modest overall employment effects masking substantial heterogeneity by

age and skill level. Hires of young workers increase. High-skill young workers separate and move

to banks with higher skill premia, suggesting they quit. Survey results confirm that young

high-skill workers are more sensitive to wage compression. We interpret our results through a

model of monopsony with binding wage floors and relative-wage concerns. Our results highlight

a novel channel through which occupation-specific wage floors shape labor market dynamics. In

the second chapter, we study market-access subsidies. Many countries seek to promote exports by

subsidizing market access, but evidence on such efforts has been mixed. We present the first



randomized evaluation of a government financial-support program explicitly targeting exports, the

Tasdir+ program in Tunisia. The program offered matching grants for fixed market-access costs

but not variable costs. Tracking outcomes in administrative data, we find positive effects on

exports on average. We find limited impacts on the number of destinations or exported products,

which were stated policy targets. The finding that the fixed-cost subsidies expanded exports on

the intensive margin but not the extensive margins of destinations or products stands in contrast to

the predictions of several workhorse trade models. The third chapter evaluates Tunisia’s “Startup

Act,” a policy initiative to foster innovative firms through a “startup” label and a bundle of

incentives including reduced social security contributions, corporate tax exemptions, easier access

to foreign exchange, and simplified customs procedures. Detailed data on the program’s selection

process allow us to identify marginal entrants and rejects, and hence limit selection on

unobservables. Using a difference-in-differences strategy, the program is shown to increase

survival and promote job creation. A back of the envelope cost–benefit calculation suggests that

the program is cost effective.
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Chapter 1: Wage Compression and Relative-Wage Concerns Under

Collective Bargaining

with Trang Thanh Tran

1.1 Introduction

Minimum wages are typically studied in the context of low-wage workers (Dube and Zipperer,

2024), but many countries set wage floors by occupation, resulting in minimum wages for low-

and high-skill workers.1 What are the effects of occupation-specific wage floors? The study of

minimum wages has a long and rich history in labor economics but has generally focused on direct

effects on low-wage jobs (Card and Krueger, 1994; Autor et al., 2016; Cengiz et al., 2019; Engbom

and Moser, 2022; Dustmann et al., 2022; Derenoncourt and Weil, 2025). Occupation-specific wage

floors in contrast also set minima for high-skill jobs. Moreover, changes in these wage floors can

induce compression within firms and exogenously change firm-level skill premia (the gap between

high- and low-skill wages). This wage-setting institution thus allows us to study how wage floors

in the high-skill part of the wage distribution impact high-skill employment.

In this paper, we leverage a large increase to wage floors in Tunisia’s banking sector to ask:

how does wage floor-induced compression shape high-skill worker flows? The banking sector is a

favorable setting to study this question: high-skill workers make up 62% of banking employees in

the country (National Institute of Statistics, 2012), and wage floors for all occupations experienced

large collectively bargained increases after 2014, affecting 20,000 workers.2 These increases were

1Countries that set occupation-specific wages include Costa Rica, South Africa, Brazil, India, Mauritius, Belgium,
France, Gabon, Iceland, Italy, Norway, Sweden and Togo. See International Labour Organization (2014) for a
comprehensive list.

2Occupations in the banking sector generally all require some level of skill. In this paper, we use “low-skill” to
refer to relatively lower-skilled workers.
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larger in percentage terms for relatively low-skill occupations, reducing the skill premium, and

allowing us to study the relationship between wage compression and labor market flows. We focus

on the effects of this wage compression on young workers, who have been shown to exhibit higher

job mobility (Topel and Ward, 1992) and for whom adjustments in the labor supply are thus more

salient.

We find that branches comply with the wage floor increases, on average. A one percentage

point increase in branch exposure is associated with 0.9% higher mean worker earnings in 2015,

and 3.5% higher mean worker earnings over the seven years following the start of the increases.

The effect is precisely estimated and robust. Moreover, we see responses in earnings of both age

groups, confirming the relevance of wage floors for all workers.

We find little evidence of overall disemployment effects, but find substantial heterogeneity

by age group. While the overall employment effect is -1.5%, it is not statistically significant at

conventional levels.

However, for young workers, we find a decrease in the number of retained workers of 3.6%.

At the same time, hires increase by 6.5%. The replacement rate in levels is below one-for-one,

suggesting that within-young substitution is unlikely to explain our results. Notably, the finite

employment elasticity and hiring increases for young workers following wage hikes suggest an

imperfectly competitive labor market.

Within the young group, increases in separation are concentrated among high-skill workers,

and are suggestive of quits. Despite receiving earnings increases, young high-skill workers separate

more from their branches. These separations are partly followed by transitions to new employers.

The number of workers who find another job is 1% higher in branches with one percentage point

higher exposure, on average, while the number of workers who leave the labor market is 2%

higher. These high-skill separations likely reflect quits rather than layoffs. A labor demand decline

whereby employers replace high-skill with low-skill hires would require that firms also reduce

hiring of high-skill workers, which we do not find. Moreover, the worker flows amount to less than

the one-low-skill-to-one-high-skill replacement we would expect from substitution.
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We show quantitative evidence suggesting that quits of high-skill workers reflect a labor

supply adjustment due to relative-wage concerns. High-skill workers move to employers that

primarily have a higher skill premium, and, to a lower extent, higher career progression. Other

main candidates for confounding factors do not correlate with a higher skill premium.

High-skill-premium employers do not have higher pay, on average, and workers do not go on to

earn higher salaries.

Survey evidence further corroborates the relative-wage-concern mechanism. We conduct a

survey of 165 bank employees in Northeast and West Tunisia. In open-ended responses,

respondents report that the wage floor increases do not adequately reflect employee value-added.

We present workers with a series of hypothetical wage floor increase scenarios to elicit their quit

responses to wage compression. Conditional on worker demographics, we find a positive

relationship between wage compression and quit likelihood for young workers. Moreover, a large

share of young respondents agree that percent increases in wage floors should be proportional to

skill.

Our findings are not easily explained by alternative motivations for worker quits such as

changes in non-wage components. One possibility is that firms offset higher labor costs by cutting

back on other components of compensation. But these are set in the collective bargaining

agreement (CBA), leaving little scope at the branch-level for downward adjustment on this

margin. Further, overall earnings for incumbent young high-skill workers increase, on net,

indicating that the increase in wage floors is not offset.

In light of our survey evidence, we rationalize our findings through a model of monopsony

with binding wage floors and relative-wage concerns. We extend the textbook monopsony model

(Manning, 2003) to a two-skill labor market with binding wage floors. At baseline, the wage floor

binds and employment lies below the competitive level. We model labor supply with a discrete-

choice framework (where workers have idiosyncratic tastes for different employers) (Card et al.,

2018) and add relative-wage as an amenity. The policy raises wage floors and reduces the skill

premium. In the model, for low-skill workers, a higher floor induces a movement along their
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labor-supply curve. For high-skill workers, while their own floor also moves them along supply,

the lower skill premium shifts their labor supply inward, and this shift dominates. The model yields

comparative statics by skill group that match our empirical results.

To track worker movement over time and employers in response to the 2014 shock, we use

new administrative data on employers and employees in Tunisia. The employee social security

data from the National Social Security Agency [CNSS] consist of employee payroll records for the

period 2008-2021. We mainly use these data to study the effects on earnings and worker flows.

While wage floor increases were uniform for all banks nationwide, we rely on variation across

bank branches in actual wages to define exposure to the policy, and compare strongly and weakly

treated branches in a difference-in-differences framework. Branches were affected differently

depending on the local wage distribution and their own occupational composition. For example,

branches in high cost-of-living areas may pay their workers more than the wage floor. Since floors

bind less for these branches, they faced a smaller wage bill shock in percentage terms. To capture

this variation, we adapt an exposure measure used in the minimum wage literature (Card, 1992;

Dustmann et al., 2022; Derenoncourt and Weil, 2025). To calculate exposure, we first predict

worker occupation and match workers with their wage floor. We then measure the gap between a

branch’s wage bill prior to the increase and what it would pay to be compliant with the increase.

This gap defines a branch’s exposure to the policy. To estimate the causal effect of wage floors on

wages and employment, we use our measure of exposure in a dynamic difference-in-differences

at the branch-level, comparing branches with varying levels of exposure to treatment before and

after 2014.

Our finding that wage floors matter for high-skill workers contributes to the literature on the

effects of collective bargaining agreements on wages (Dolado et al., 1997; Cardoso and Portugal,

2005; Bhuller et al., 2022). This literature generally finds that firm-level negotiation reduces the

relevance of collectively bargained wages for high-skill workers.3 Dolado et al. (1997) show that

centrally negotiated floors bind only for low-skill employees. Bhuller et al. (2022) show that in

3Recent work on collective bargaining is reviewed in the Handbook of Labor Economics (Jäger et al., 2025).
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Scandinavia, local bargaining in addition to central floors provides flexibility, generating within-

industry variation in wage drifts. In comparison, we examine wage effects in an emerging-market

banking sector where every employee sits in a wage cell, including high-skill ones, and show that

earnings of incumbent high-skill workers closely track increases in their wage floors.

Our finding that high-skill workers quit in response to disproportionate wage floor increases

contributes to research on the employment effects of collective bargaining (Magruder, 2012;

Martins, 2021; Card and Cardoso, 2022; Fanfani, 2023). Magruder (2012), Martins (2021), and

Fanfani (2023) find strong negative employment effects in Portugal, South Africa, and Italy,

respectively. None of these three papers distinguishes between high- and low-skill workers. Our

paper adds to the limited body of evidence from developing countries and studies detailed flows

by age and skill subgroups.

We find overall and heterogeneous employment effects that are not consistent with the

standard labor market model. The closest paper to ours, Card and Cardoso (2022), looks at the

employment effects of different demographic subgroups in Portugal and finds no strong evidence

of disemployment effects. The result is partly explained by the adjustment of “wage cushions”

(difference between floor and actual wage) for educated workers when floors rise. Our overall

average employment results are consistent with the findings in that paper. Our contribution is to

highlight heterogeneous employment effects from wage floor compression and a novel labor

market adjustment: when wage floors compress the skill premium, high-skill workers quit.4

The result that high-skill young workers are sensitive to wage compression contributes to the

literature on peer comparisons and wages (Card et al., 2012; Sauer and May, 2017; Breza et al.,

2018; Dube et al., 2019; Storer and Reich, 2021). These studies show that within-firm

comparisons to peer wages matter: they determine what workers perceive they deserve to be paid

4We also relate to the literature on the reallocation effects of minimum wages (Berger et al., 2022; Dustmann et al.,
2022; Bassier, 2023; Demir, 2023). Dustmann et al. (2022) finds that a (classic) minimum wage triggers reallocation of
low-wage workers toward higher-pay firms, with no effects on high-wage workers. Our findings of no disemployment
effects for low-wage workers are consistent with that paper. However, we differ from that paper in two key ways: first,
high-wage workers in our research design are not controls, rather, they are affected by wage floors that apply to them.
Second, we document a different type of reallocation, in terms of both agent and destination: young high-skill workers
move to employers with higher wage inequality but no higher average pay, showcasing that relative-wage concerns
can also drive worker reallocation.

5



(Sauer and May, 2017), and can drive worker quits due to fairness concerns (Dube et al., 2019).

While these studies document comparisons to higher-paid peers, we find that workers also

compare themselves to lower-paid colleagues. This idea has appeared in the sociology literature:

Storer and Reich (2021) find that higher minimum wages reduce job satisfaction among workers

who have marginally higher tenure/status. We contribute empirical evidence that relative-wage

comparisons do not only affect groups of similar skill: wage compression induces quits among

high-skill workers.5

The paper proceeds as follows. Section 1.2 describes the collective bargaining institutions in

Tunisia and the policy shock we leverage for identification. Section 1.3 describes our data sources

and analysis sample. Section 1.4 details our empirical strategy. Section 1.5 presents our empirical

findings. Section 1.6 lays out a conceptual framework. Section 1.7 presents robustness checks.

Finally, Section 1.8 concludes.

1.2 Institutional Details

We begin with a discussion of how collective bargaining sets wage floors in Tunisia. We then

describe the policy shock, first discussing the economic context surrounding the 2014 increases,

then detailing their sequence and scope.

1.2.1 Collective Bargaining and Wage Floors

Collective bargaining agreements in Tunisia are negotiated at the sector level between central

employer and employee representatives.

For banks, the Tunisian Professional Association of Banks and Financial Institutions

[APTBEF], the employer representative for banks, negotiates with the Tunisian General Labor

Union [UGTT]’s General Federation of Banks and Financial Institutions. Government statutes
5At the same time, our results on wage and hires increases add to the growing body of evidence on monopsony

in developing countries (Naidu et al., 2016; Felix, 2021; Bassier, 2022; Sharma, 2023; Haque and Delgado, 2024).
As Caldwell et al. (2026) note, a small disemployment effect on its own does not imply imperfect competition in the
labor market. It can also be consistent with monopolistic competition in the output market with low output demand
elasticities or low materials-labor substitution elasticities (e.g., Harasztosi and Lindner (2019)). We arrive at the
conclusion of monopsony after documenting hires increases.
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have extended these CBAs to all employers and workers in the sector, regardless of union status

(Official Journal Of The Tunisian Republic, 2014).6

In this setting, there are wage floors throughout the income distribution: CBAs set wage floors

for all standard job types in the sector, including high-skill ones, and wage floors constitute the

base wage for all workers.7 The floors are set for each occupation and seniority level. In the US

and other contexts studied in the bulk of the literature on minimum wages, only workers below

the minimum wage are legally bound by a minimum wage hike. In contrast, in this setting, as in

collective bargaining systems in European countries, all workers are affected by increases in wage

floors.

CBA renegotiation mainly updates wage floor tables, setting increases for each of the table’s

five broad occupational categories, including high-skill ones. The wage floors are not indexed to

the national minimum wage, and the amounts by which they are revised are discretionary.8 The

five categories are service staff, operations 1 staff, operations 2 staff, supervisory staff, and

management.9 According to the CBA, the educational requirements for operations 2 staff,

supervisory staff, and management are completion of two years of university education, a

Bachelor’s degree, or a Master’s degree and above. These occupations include analysts, portfolio

managers, IT specialists, and administrative and financial officers, and require technical expertise.

Accordingly, the average base salary for the financial industry of TND 1305 (USD 435) in 2012 is

much higher than the average base salary of TND 535 (USD 178) (National Institute of Statistics,

6The banking CBA applies to all banks with the exception of the central bank.
7The CBA also specifies the number of working hours per week at the sector level (40) and defines educational

requirements by broad occupation group.
8In addition to raising wage floors, amendments involve retroactive pay, which is generally backdated to May 1 of

the preceding year. Retroactive implementation of CBAs is common due to delays in renewals and is encountered
in other settings (e.g., Fanfani (2023)). CBA amendments do not specify the timeline or modality of back-pay
disbursement. According to the social security office, back-pay is generally given out following the new wage table
publication in the form of installments.

9Each broad occupational category has a detailed occupation (an occupation-grade combination). The detailed
breakdown is as follows: service staff (service agents (4), tracking agents (4)), operations 1 staff (office agents (4),
secretaries (3), principal secretaries (3)), operations 2 staff (section heads (2), document officers (3)), supervisory staff
(principal document officer (1), deputy department heads (2), department heads (2)), and management (administrator
(1), deputy director (1), associate director (1), directors (3)). The numbers in parentheses refer to the number of grades
in each occupation type.
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2015).10

1.2.2 Policy Shock

Economic Context

The 2011 uprising bolstered the role of the worker union, and difficult economic conditions

accelerated demands for wage increases. The economy was marked by sluggish growth and

elevated inflation. Between 2015 and 2019, Tunisia’s real GDP averaged 2.2%, and total

unemployment remained high, hovering around 16%, on average (INS, 2024b).

The inflation rate over 2011-2019 was at a high 8%, on average (INS, 2024b). UGTT leveraged

its expanded influence after the uprising to organize sit-ins and strikes to demand wage increases

across sectors.

At the same time, international policy institutions argued that wage floors exacerbate the

unemployment of university graduates, an issue that remains one of Tunisia’s most pressing

economic challenges. On average, it takes six years for university graduates, who are typically in

their early to mid twenties, to secure stable employment, and by age 35, half remain unemployed

(Gatti et al., 2014). Although the exclusion of educated youth was a key grievance in the 2011

uprising, employment prospects have not improved in the aftermath. In 2013, 30% of the labor

force with an advanced level of education were unemployed (International Labour Organization,

2024).

Wage Floor Increases in Banking

The banking sector has two features that make it a favorable setting to examine the empirical

link between wage floors and high-skill worker flows: it has a high-skill worker composition and

it raised wage floors considerably after a period of minimal changes. According to data from the

labor force survey, 62% of workers in banking were university graduates in 2013 (National

Institute of Statistics, 2012). While UGTT and the employer unions negotiated yearly new wage

10Throughout the paper, we use the average exchange rate over 2008-2021 of TND 2 per USD 1.
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tables in other sectors, the banking sector left wage floors mostly unchanged between 2008 and

2014.11 Figure 1.1 shows the cumulative percent increase in nominal wage floors for this sector

over time. We plot the percent change in the 1-year seniority wage floor for the lowest-skill

occupation group (service) and the highest-skill occupation group (management). Wage floors

were largely unchanged between 2008 and 2013 because the “master” CBA was under revision.

In addition, the increases in wage floors starting in 2014 were of sizable magnitude.12 Although

banks are generally considered high-paying employers, persistent inflation in the early

post-uprising period and the wage floor freeze steadily eroded real wages. As a result, the sector,

like others across the country, faced strikes to demand wage increases. Negotiations resulted in a

revised CBA with a new wage table that came into effect in 2014.13 The increases covered all

banking employees, which were numbered at approximately 20,000 in 2014. The total annual

wage bill increase for the banking sector amounted to around 75 million dinars (48 million

USD).14

Another noteworthy feature of banking sector increases is that they compressed the wage floor

distribution. Wage floors in 2014 were raised by 192 dinars (33-35%) for service staff, 228 for

operations 1 staff (30-33%), 287 for operations 2 staff (30-31%), 336 for supervisory staff

(30-32%), and 379 for management (28-30%). Figure 1.2 illustrates this wage compression: on

average, low-skill occupations in the CBA saw larger percent increases, with a difference of up to

5 percentage points.

11Revisions across sectors occur during regular rounds of “national social negotiations.” The negotiations culminate
in amendments published in the Official Journal of the Tunisian Republic [JORT]. Generally, the amendment comes
into effect from the date of publication in JORT, and wage increases apply retroactively.

12Although an agreement for the increases was reached in November 2012, it was not formalized (signed) until
November 2013, and the official Minister of Social Affairs decision to amend the CBA was not published in JORT
until February 2014.

13The negotiation frequency and increase amounts also varied after 2014. At first, sectors followed a yearly
negotiation. Later, as shown in Figure 1.1, for each of 2017, 2019, and 2022, two wage tables were agreed in a
single negotiation round, effectively enacting two increases in the wage floor. Larger magnitudes in these years reflect
those “double increases.” These changes came at a time of relatively robust economic growth for the banking sector:
over 2015-2021, it grew at 9%, on average (INS, 2024b).

14This estimate is obtained by summing the increases for all banking sector employees in 2013 and assuming a
17-month annual pay schedule.
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1.3 Data

To study banking sector wage floor increases, we leverage new matched employer-employee

data. We build a novel dataset by linking administrative employee and employer data from the

National Institute of Statistics [INS] to data from collective bargaining agreements. We use the

matched data to identify bank branches, calculate the increase in an employer’s wage bill, and

study the effects on earnings and worker flows. In this section, we detail our data sources and

describe our analysis sample.15

1.3.1 Employee Social Security Data

Employee data from the National Social Security Agency [CNSS] contain employee payroll

records for the period 2008-2021. In this dataset, the employer is identified by a unique identifier.

Gross quarterly earnings for each employee are reported by the employer in each quarter for the

purposes of payroll taxes. The base wage (wage floor) and other components of pay are not

reported separately; we discuss adjustment of the earnings variable for mapping to occupations

(which we describe in 1.3.4) in Appendix A.2. Demographic employee characteristics include

age, sex, the social security office in which the worker is registered, and labor market

experience.16

Wage Positions as Proxy for Skill Given that our employee data do not include information

on education, we use wage position within the firm as a proxy for skill. We define a worker

with wage below (above) the firm 60th percentile as low- (high-) skill. Our justification for this

approach is the following. First, as we discussed in section 1.2 and show in section 1.5.1 below,

wages tend to be highly regimented: the base wage for each worker is the wage floor for their

occupation and seniority. Even in branches that pay above the base wage, within-branch ranks

15Analysis of these data was conducted at the INS/RNE offices by Ali between December 2022-February 2025.
16Informal employment is not recorded in this dataset. We have reason to believe that informal employment is

less relevant in this formal and structured sector: In the labor force survey, no respondents with banking sector work
experience report moving into or out of informal employment (National Institute of Statistics, 2012).

10



(based on earnings) are still informative. This, paired with the fact that the CBA specifies higher

degree requirements for “higher” occupations in the wage table, imply that within-branch wages

are a useful proxy for skill. Second, labor force survey data support this assumption. Figure 1.3

plots, for each earnings percentile on the x-axis, the fraction of workers whose earnings lie above

the corresponding percentile cutoff who are skilled. We discuss cleaning of the labor force data

in Appendix section A.2. The fraction rises sharply around the 60th percentile, motivating its use

as the earnings threshold in the baseline definition of skilled workers. Henceforth, we refer to

low- (high-) wage workers as low- (high-) skill workers, and to the ratio of the wages of high- to

low-skill workers as the skill premium.

Worker Registration Office as Proxy for Branch One limitation of our administrative data is

that we observe banks, but not branches, and thus need to use a proxy for the branch location:

the worker’s social security registration office. Tunisia is divided into 24 governorates and 264

delegations. The offices are more granular than governorates and coarser than delegations. There

can be one or many offices per governorate, depending on its size and population (the average

is four). Upon joining the firm, each worker is registered in one of 55 social security offices by

their employer. This registration process identifies employees within the social security system and

establishes their insured status. The employer’s address determines which social security office to

register the worker in. We consider a bank-social-security-office pairing as a “branch”, and plot

the number of resulting units across boundaries delineated by social security offices in Panel (a) of

Figure 1.4. Unsurprisingly, we see more branches in big cities such as Ariana and Tunis. However,

we still have coverage in other regions, and as we explain more in section 1.4, we include stringent

controls in our regression to compare branches within the same broad region.17

17We use the term “branch” for exposition purposes. As multiple physical branches may share the same registration
office, our branch measure is not meant to be a one-to-one mapping to all bank branches in Tunisia. Rather, it is a
measure of a “local employment cluster” of a bank, akin to the commuting zone in Derenoncourt and Weil (2025).
Indeed, it is coarser than the true branch network (around 1,894 branches over 2008-2021 (World Bank, 2025)).
In section 1.4, we discuss our use of stringent controls in the main regression to address potential error in branch
identification.

11



1.3.2 Other Data Sources

Collective Bargaining Agreement Data We create a novel database of wage tables for the

banking sector in Tunisia, allowing us to measure employer exposure to wage floor increases.

Using the master document, we identify the 4-digit Tunisian Activity Nomenclature [NAT] sector

codes covered by this CBA. We collect all amendments over 2008-2021 and digitize the yearly

wage tables. As we discussed in 1.2.1, in the wage table, every employee sits in a wage cell

depending on their occupation and seniority. The wage floor table for the banking sector specifies

wage floors by 34 detailed occupations (occupation-grade) and 19 levels of seniority

(corresponding to 1 or 2 year increments).18 In Appendix Figure A.1, we show the wage table in

effect in 2014 for the banking sector.19 Wage floors are listed in Tunisian dinars, with a comma

denoting the decimal separator (e.g., 739,106 represents 739 dinars and 106 millimes). We

calculate the level increases in each wage floor in 2014. After mapping workers to occupations

(which we describe in 1.3.4), we use the occupation-specific increases to calculate the new

law-mandated salary for the worker and the resulting wage bill increase for the employer.

1.3.3 Survey Data on Relative-Wage Concerns

Overview To provide evidence on how wage compression influences quits and to document

views on pay equity in the Tunisian banking sector, we surveyed incumbent bank employees. We

partnered with a local survey firm to conduct in-person interviews in five Northeast and

Northwest governorates of Tunisia in September 2025: Tunis, Ariana, Ben Arous, Manouba, and

El Kef. Our sample of 165 workers consisted of incumbent employees in 15 banks (11 private, 4

public) across both low- and high-skill occupations. The banks were selected using a random

sampling method which covered all branches of private and state-owned banks located in Greater

Tunis and Kef. The firm reached out to the banks to seek permission to interview respondents in

person. Enumerators attempted to obtain the maximum number of respondents within each

18Per the CBA, seniority is counted from the employee’s first day of work at the institution.
19Rows classify workers by occupation and grade, while columns organize them by seniority at the employer.
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visited bank who were willing to participate in the study, while targeting all age groups and skill

levels. We collected information on bank name, age, sex, seniority, and occupation. We used a

conjoint experiment (Dube et al., 2022) to estimate the quit elasticity. Specifically, in a series of

hypothetical scenarios, we varied the magnitude of wage compression and elicited the quit

response of workers in high-skill occupations. We also asked an open-ended question about

perceptions around wage floor increases. While these data do not allow us to show definitively

that relative-wage concerns mediate the responses to wage floors that we observe, they allow us to

explore whether these norms differ by age and skill and could be a plausible mechanism for our

results.

Summary Statistics Table A.1 reports summary statistics for the survey sample. All surveyed

institutions are retail/commercial banks. While most are privately owned, four large public banks

are also represented. Young, female, and high-skill workers make up 56, 47, and 73% of the

sample, respectively. Relative to the administrative data, the share of young workers is

comparable (56%), while female workers (47% relative to 29%) and high-skill workers (73%) are

more represented. We deliberately oversampled high-skill workers to increase statistical power

for analyzing the mechanisms underlying the effects observed for this group. We did not

intentionally oversample female workers; their higher representation may be due to the focus on

Greater Tunis in our survey.

1.3.4 Mapping Workers to Occupations

Given that we do not observe worker occupation in the worker data, to calculate employer

exposure to the policy, we use information on earnings and seniority to map workers to

occupations.20 Our assignment rule is as follows. In their first year at the employer, we compare

each worker’s earnings to the entry-level wage floors. We record the highest wage floor that falls

below the worker’s earnings and assign each worker to the corresponding broad occupation
20Several studies have tried to link groups of workers to wage floors in OECD countries (Cardoso and Portugal,

2005; Card et al., 2014; Deelen and Euwals, 2014; Díez-Catalán and Villanueva, 2014). This paper uses a new
approach.
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category. We provide additional details in Appendix A.2. In section 1.7, we discuss the possible

measurement error associated with this exercise and present a robustness check to test the

sensitivity of our results to alternative mappings. We only use workers’ predicted broad

occupations to calculate treatment exposure.

To validate our occupational mapping, we benchmark the resulting composition against

survey data. Our mapping yields a distribution that is reasonably similar to that reported in the

2012 Employment and Salaries Survey (ESS) for the financial sector in Tunisia (National Institute

of Statistics, 2015): 33% in service/operations 1 (ESS estimate is 17%), 27% in

supervisory/operations 2 (ESS estimate is 34%) and 40% in management (ESS estimate is

49%).21 Moreover, our overall estimate of 67% of high-skill (operations2, supervisory, and

management) workers is consistent with the share of banking sector workers who are university

graduates in the labor force survey (62%, National Institute of Statistics (2012)).

1.3.5 Analysis Sample and Outcomes

We clean the matched employer-employee data, constructing a sample of 259 branches for the

analysis. We keep only workers who ever work at a bank.

To eliminate the small number of marginally attached workers who are uncovered by the CBA

(e.g. interns), we keep workers aged between 22-69 years old. We also drop employees paid less

than the national minimum wage for four consecutive quarters at any time in the panel (1% of the

sample) and workers whose annual earnings are less than the salary resulting from a 40-hour

workweek at the national minimum wage.22 We only keep branches with at least five employees

in every year in the pre-period. We exclude branches whose head-count ever exceeds 200

employees.23 We provide further details on data cleaning in Appendix section A.2. We refer to

21To enable comparison, we harmonize our five categories to the occupational nomenclature used in the survey. In
particular, we map service/operations 1 to “employees and workers”, operations 2/supervisory to “middle professions”,
and management to “managers.”

22Tunisia also has a separate, national minimum wage for non-agricultural workers (salaire minimum
interprofessionnel garanti [SMIG]). This wage applies to the handful of sectors that do not have their own collective
bargaining agreement. The SMIG is always lower than wage floors set in CBAs.

23All such observations are located in Tunis. If employees belong to branches outside of Tunis but are registered
in the capital for convenience, we may inflate the size of Tunis branches and blurring cross-branch differences. To
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the sample of branches seen for the full period of our analysis as the Balanced Sample. Our

Balanced Sample consists of 21 banks (two public banks and 19 private banks) and 259

branches.24

Summarizing Worker Flows To capture worker flows for our branch-level analysis, we generate

intermediary indicators at the worker level and aggregate them into branch-level outcomes. We tag

a worker as “retained” if they work at the employer in years 𝑡 − 1 and 𝑡; as “hired” if they join the

employer in year 𝑡. We define a worker as “switcher” if they move to a new branch in the next

period, and as “leaver” if they are absent from the dataset for at least the next two consecutive

years. We interpret the latter as unemployment. We define a young worker as one younger than

the median age in our sample (45 years old). For each branch, we sum the number of retained

workers, hires, switchers, and leavers by age and skill groups. Log(1+) of these counts are our

main outcomes in our empirical analysis.

Capturing Employer Characteristics To characterize the employers between which workers

flow, we measure several employer characteristics at baseline (2008–2013), including the skill

premium (defined as the within-young gap between mean high- and low-skill earnings), mean

worker earnings, and a measure of career progression (defined as the gap between mean old and

young earnings). A switcher to higher-pay employer receives earnings at their employer in 𝑡 + 1

that exceed their earnings at their employer in 𝑡. We construct all other employer-level measures in

the pre-period to avoid endogeneity arising from policy-induced changes in these characteristics.

Accordingly, for example, a worker is classified as switching to a higher-skill-premium employer

if, in period 𝑡 + 1, they move to an employer whose baseline skill premium exceeds that of their

employer in period 𝑡.

remove this source of measurement error, we drop these outliers.
24Two public banks are absent from our administrative data because they report their payroll records to a different

social security agency, the Caisse Nationale de Retraite et de Prévoyance Sociale [CNRPS]. CNSS covers private-
sector workers and most state-owned enterprises, while CNRPS covers civil servants and employees of certain public
institutions.
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Summary Statistics We report summary statistics from the matched employer-employee data for

our analysis sample of 259 balanced branches. Table 1.1 presents summary statistics based on data

in 2012. We report means for key characteristics and main outcomes of interest at the branch level

in col (1). Standard deviations are reported in col (2). The majority of branches fall into the small-

and medium-sized categories: 33% of branches have fewer than 9 employees, 45% have 10–30

employees, 14% fall within the 30–49 employee range. Branches with 50 or more employees

account for 8% of the sample. Although branches are concentrated in the north, we have substantial

coverage throughout the country: 72% are in the north (32% of all branches are in Tunis), 21%

are in the center, and 7% are in the south. In Section 1.4, we show that treatment intensity is

not entirely explained by branch location, lending support to the identification assumptions of our

difference-in-differences research design. The average nominal monthly salary in 2012 is TND

2821 (USD 1310). There is variation in mean earnings across branches, as shown by the large

standard deviation of TND 609 (USD 283). Worker mobility in this formal and structured sector

at baseline is moderate. On average, 19 workers are retained and 1.7 workers are hired. Labor

market exits are limited, at 1.3 workers on average.25 Young and old workers account for half of

the average branch workforce. Male workers make up a larger share of the workforce: they average

15 workers compared to 6 female workers, on average.

1.4 Empirical Strategy

We leverage variation in treatment exposure across branches in our empirical strategy. This

section outlines the treatment measure and estimation equation. To capture variation across

branches in exposure to the 2014 increase, we adapt the exposure measure used in the minimum

wage literature (Card, 1992; Dustmann et al., 2022; Derenoncourt and Weil, 2025; Corseuil et al.,

2024). We assign each worker the increase corresponding to their broad occupational category

from the 2014 policy. We then measure the gap between a branch’s wage bill prior to the policy

and its wage bill after the increase.
25Gatti et al. (2014) report higher mobility rates in Tunisia overall; however, their analysis includes all sectors,

where many activities are low-value-added.
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1.4.1 Constructing the Exposure Measure

We leverage differences in local wage levels and occupational compositions to obtain variation

in policy exposure across branches. Branches in high cost-of-living areas may pay their workers

more than the base wage and wage amenities stipulated in the CBA. To capture exposure to the

policy, we calculate, at the branch level, the percent increase in the wage bill required to make

the branch compliant with the 2014 increase. We first average worker earnings over 2008-2013 to

smooth out transitory shocks to wages. We then give each worker the level increase in the wage

floor for 2014 corresponding to their occupation category. Finally, we sum over all workers at the

employer:

𝐸𝑥𝑝𝑜𝑠𝑢𝑟𝑒 𝑗 =

∑
𝑖 (𝑊 𝑖 𝑗𝑜(𝑖),2008−2013 + Δ𝑊𝐹𝑜(𝑖),2014)∑

𝑖𝑊 𝑖 𝑗𝑜(𝑖),2008−2013
− 1 (1.1)

where 𝑖 is worker index, 𝑗 is branch index, 𝑜(𝑖) is occupation index from {service, operations 1,

operations 2, supervisory, management}. Δ𝑊𝐹𝑜(𝑖),2014 is the amount increase in occupation 𝑜(𝑖)’s

wage floor in 2014.26

We use stringent fixed effects to controls for factors that differ between highly and weakly

exposed branches and correlate with wage and employment outcomes. Highly exposed firms may

face differential demand for their services, belong to less productive banks, or be subject to

confounding time-varying regional shocks. To address this concern, first, we include broad

region-by-year fixed effects in all regressions. Second, we note that geography does not perfectly

predict exposure. Panel (2) of Figure 1.4 maps the median treatment measure by office, with

darker shades indicating stronger exposure. Crucially, there is no clear rich-poor or inland-coast

segmentation in exposure: branches in the northeast (Tunis, Zaghouan) and the coast (Monastir,

some Sfax delegations) are highly exposed despite being in relatively prosperous regions.

There is variation in treatment, indicating power in our research design. Figure 1.5 presents

the distribution of our exposure measure across branches. The mean exposure measure, reported

26In section 1.7, we test the robustness of our results to using average wage floor changes for occupation 𝑜(𝑖) in the
post period to define exposure.
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in Table 1.1, is 17%, and the standard deviation is 2 percentage points. The large exposure value is

consistent with the large 2014 increase, which was partly adjusting for an average inflation of 5%

per year over 2008-2014.

1.4.2 Using the Exposure Measure in a DID

We use the resulting treatment measure in a dynamic difference-in-differences (DID)

regression, comparing strongly and weakly exposed branches. We run a regression at the

branch-level:

𝑦 𝑗𝑆 =

𝑇∑︁
𝑘≠−1

𝛽𝑘 × 𝐸𝑥𝑝𝑜𝑠𝑢𝑟𝑒 𝑗 × 1[𝑡 − 2014 = 𝑘] + 𝛼 𝑗 + 𝛿𝑡 + 𝜓𝑥( 𝑗),𝑡 + 𝜖 𝑗𝑆 (1.2)

Where 𝑦 𝑗𝑆 include the branch’s log mean worker earnings and log employment in period 𝑡, 𝛼 𝑗

and 𝛿𝑡 are branch and year fixed effects, and 𝜓𝑥( 𝑗),𝑡 are broad region (North, Center, South) by

year fixed effects. Errors are clustered at the branch level. Given that the treatment variable is

continuous, the coefficient interpretation is that a one percentage point increase in exposure is

associated with a 𝛽𝑘 × 100 % change in average level outcomes. As we detailed in 1.3.5, to

decompose the employment effect into effects on retention and hires, we also use as outcomes

the log counts of retained workers, hires, employer-switchers, sector-switchers, and leavers. We

weigh all regressions by employment in the pre-period to make the estimates representative of the

average worker.27

A general lack of pretrends for our key outcomes supports the standard assumption of parallel

trends, and our results are robust to relaxing the “strong” parallel trends assumption underlying

the use of a continuous treatment measure. As we show in section 1.5 below, the lack of pretrends

close to event time allows us to interpret changes in earnings or employment trajectory as being

only explained through the branches’ differential exposure to the policy. However, our design also

27Our design defines 2014 as the start of wage floor increases, and we use details on the subsequent increase
timelines to help interpret the event study dynamic effects. The implication of repeated wage floor increases (Figure
1.1) for our analysis is that earnings changes in a given year after 2014 can reflect both the wage floor increase for that
year and the continuing effect from previous increases. We test the robustness of our results to using average wage
floor changes for occupation 𝑜(𝑖) in the post period to define exposure (section 1.7).
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invokes the “strong” parallel trends assumption (Callaway et al., 2024), which restricts treatment

effect heterogeneity and makes it possible to compare units with different ‘treatment dosage.’

Specifically, we assume that high-exposure units, if given low exposure instead, would have had

the same treatment effects from an incremental increase in exposure as the low-exposure units. In

section 1.7, we conduct a robustness check with a binary exposure variable to relax this

assumption.

Branches have discretion over wage-setting, allowing us to compare strongly and weakly

treated branches within the same bank and to control for bank-wide confounding policies. While

time FEs control for global shocks and branch FEs account for time-invariant characteristics,

there may be year-specific shocks that are shared by all branches of the same bank, such as a

bank-wide policy change or performance shock. We first implement the baseline regression for

overall earnings and employment then explore how the coefficients change when we include a

bank by year fixed effect. In this augmented regression, the coefficients 𝛽𝑘 identify changes in

outcomes associated with a 1 percentage-point-larger gap relative to the bank-year average in

2013. As we show in section 1.5, we find that an initial large disemployment effect is not robust

to the inclusion of these controls. Therefore, we adopt the more stringent regression in the

remainder of our analysis.28

To provide granular evidence on wage compression for incumbents and to characterize the

destinations of young high-skill workers who separate from their branches, we estimate worker-

level regressions. We estimate a version of regression (1.2) at the worker level:

𝑦 𝑗𝑖𝑡 = 𝛾 × 𝐸𝑥𝑝𝑜𝑠𝑢𝑟𝑒 𝑗𝑖 × 1[𝑡 − 2014 ≥ 0] + 𝜂𝑖 + 𝛼𝑡 +Ω𝑥(𝑖 𝑗),𝑡 + 𝜖 𝑗𝑖𝑡 (1.3)

Where 𝑦 𝑗𝑖𝑡 are various worker-level outcomes including the worker’s

within-branch-age-group rank (based on earnings) and the worker’s wage gap relative to low-skill

workers. The term 𝐸𝑥𝑝𝑜𝑠𝑢𝑟𝑒 𝑗𝑖 is the branch-level treatment as defined in (1.1). The parameters

28This regression has the added advantage of addressing the potential error in branch identification we discussed in
1.3.5.

19



𝜂𝑖 and 𝛼𝑡 are worker and year fixed effects, and Ω𝑥(𝑖 𝑗),𝑡 are broad region (North, Center, South) by

year and bank by year fixed effects. Errors are clustered at the branch level. With worker fixed

effects, 𝛾 identifies the additional effect of the policy on the within-worker outcome in strongly

treated firms. For example, it compares the change in a strongly treated worker’s rank (relative to

own rank in the preperiod) to the change in a less-treated worker’s rank.29

1.5 Results

1.5.1 Descriptive Evidence on Binding Wage Floors

We use labor force survey data to show that many wages cluster around the bargained floor.

The assumption that wage floors matter for both low- and high-skill workers is important for our

research design, yet, to our knowledge, there is no existing direct micro-level empirical evidence

on the validity of this assumption in Tunisia.30 In the labor force survey dataset, we observe

occupation and can match respondents to their wage floors. To increase power and external validity,

we use data from all sectors. We detail our cleaning procedure of this data in Appendix section

A.2. Appendix Figure A.2a shows a histogram of the ratio of the actual wage to the wage floor. A

sharp spike around 1.15 indicates that many wages bunch close to the bargained floor, consistent

with binding floors.

We also use our administrative data for the banking sector to show that minima extend

throughout the entire earnings distribution in this setting. Appendix Figure A.2b plots the

distribution of monthly earnings (in dinars) in quarter 2 of 2014 against wage floors for the

banking sector. We plot, as vertical dashed lines, wage floors for the highest grade in each of three

groups: i) service and operations, ii) supervisory staff, and iii) management, in addition to the

maximum wage floor. We choose the 4-year seniority wage floor to capture permanent

29A regression of this form that uses individual-level dependent variables with group-level regressors must adjust
standard errors for possible group-level random effects. We do this by clustering at the branch-level.

30Indirect evidence consistent with binding floors can be found in Ali et al. (2025). In contrast with results in the
literature showing positive effects of exporting on wages, that paper finds that, despite an increase in export activity,
wages in this setting do not respond to reduced export costs.
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employees.31 We restrict the sample to male incumbent workers over 2010-2014 (N=5,767). Two

features in the figure are worth noting. First, unlike with standard minimum wage settings, where

floors typically sit at the left tail of wages, wage floors here cut deep into the earnings distribution.

Second, despite the mass of workers paid outside the wage table, we still see some evidence of

bunching to the right of wage floors.

As wage floors in this setting constitute the base wage for workers, by increasing the wage

floor, the shocks in 2014 and subsequent years applied to all workers. In Appendix Figure A.3,

we plot histograms of nominal average monthly earnings (in dinars) in the banking sector by year,

using worker-level social security data on earnings. The vertical line, which is fixed across all

panels, shows the lowest wage floor for 2014. We note two facts. First, there is indication that

wages rose: While in 2013 there is a mass of workers below the 2014 wage floor, by 2015, all

workers are to the right of this floor. Second, consistent with the comprehensive nature of wage

floors, rather than seeing shifts in only the left tail of the wage distribution over the years, we see

a rightward shift in the entire distribution.

1.5.2 Regression Results

Having established that wage floors in this setting matter for both low- and high-skill workers,

we now present the effects of new bargained wages on mean earnings and employment flows.

Mean Worker Earnings and the Skill Premium

The pre-period coefficients from the event study serve as validation of the parallel trends

assumption. Panel (1) of Figure 1.6 shows the dynamic effects on branch log mean worker

earnings using the Balanced Sample of 259 branches from the baseline regression (1.2), while

Panel (2) shows the results from the regression with bank by year FE to probe coefficient stability.

Coefficients 𝛽𝑘 from regression (1.2) are plotted with 95% confidence intervals. Leads of more

than four years prior to the event show some differential trends. Between years 2008 and 2012,

31In Tunisia, a temporary contract can be renewed for up to four years (Tunisian Labor Code, 2003).
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the leads are all statistically indistinguishable from zero. We report corresponding estimates with

pooled pre and post periods in Table 1.2. In each column, we report the coefficient on an

interaction between 𝐸𝑥𝑝𝑜𝑠𝑢𝑟𝑒 𝑗 and an indicator for the post period. Standard errors are reported

in parentheses. The “Mean dep. var." row reports the pre-period mean of the dependent variable

in levels. The first column reports the regression with branch, year, and broad region by year fixed

effects. The second column adds bank by year fixed effects.

Worker earnings respond to increases in bargained wage floors. A one percentage point

increase in branch exposure is associated with 0.9% higher mean worker earnings in 2014, and

3.5% higher mean worker earnings over the seven years following the start of the increases. The

effect is precisely estimated and significant at the 1% level. The magnitude increases slightly as

we saturate the regression. Notably, our estimated coefficient for 2015 suggests compliance with

the policy. Moreover, earnings for both young (Panel (1)) and old (Panel (2) of Figure 1.7)

workers, confirming that 2014 increases apply to all employees.

Growth in mean earnings for more strongly treated branches involves substantial dynamic

effects. Rather than seeing a one-time persistent increase in Panel (1) of Figure 1.6, we see a rise

in magnitude over time. The pattern of multiple discrete jumps aligns broadly with the policy

timeline. Larger magnitudes of the coefficients in these later periods is consistent with the

increasing amounts of changes to wage floors in later years.

Within-firm ranks of incumbent young high-skill workers fall, suggesting a reduction of the

skill premium. For young workers at baseline, we calculate, in period 𝑡, the within-branch-age-

group rank based on earnings, scaling it to be between (0,1]. In Table A.2, we report the results of

regression (1.3) on this outcome for low- and high-skill workers separately. To remove composition

effects, we use for each the samples of workers in the Balanced (branch) Sample seen in the

labor market over the entire analysis period of 2008-2021. In 1-percentage-point-higher-treatment

branches, the high-skill worker rank falls by 0.74 percentage points (col (2), significant at the 10%

level), consistent with wage compression.32

32It is surprising that we do not see an increase in the rank for low-skill workers (col (1)). One reason could be
that, while we condition on age and skill, we do not condition on seniority, and the ranks change differentially across
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Overall Employment

We found that branches comply with the increases by raising worker earnings, and that the skill

premium is lower as a result. How does employment adjust in response to these changes?

We find little evidence of overall disemployment effects. In Panel (3) of Figure 1.6, we show

the dynamic effects on employment from the baseline regression (without bank by year fixed

effects). The average effect from this initial regression is -2.3%. The models with and without

bank by year fixed effects produce different estimates. As we add these controls, the effect on

employment attenuates, falling to -1.5% (Panel (4)). While the point estimate is negative, we do

not reject the null of no change at standard confidence levels. Returning to Table 1.2, col (2), we

find that the effect is also economically small: on net, an employer with one percentage point

higher exposure loses, on average, 0.32 additional worker after the policy (the pre-period mean is

21). Dividing the coefficient on log employment by that on log mean earnings, we estimate an

average conditional labor demand elasticity of -0.43 (col (2) of Table 1.2). The elasticity more

than halves in magnitude, compared to col (1). Given that the initial large disemployment effect is

not robust to the inclusion of bank by year controls, we adopt the more stringent regression in the

remainder of our analysis.

Worker Flows, by Age

Overall employment masks important heterogeneity by worker flows and age group: young

workers separate more. In Figure 1.8, we report results from our preferred regression for three

outcomes: employed workers, retained workers, and hires, separately by age group. We use the

log(1+) transformation of counts.33 In Table 1.3, we report the corresponding pooled estimates

and pre-period level means. The point estimate for employment of young workers is negative but

seniority, leading to an overall null effect for low-skill workers.
33In the regression with employment for old workers as an outcome, we have a pre-trend. To deal with this issue, in

all our regressions, we fit a linear, treatment exposure-specific time trend in the pre-period and use the deviations from
fitted values for the entire time period as dependent variables (Freyaldenhoven et al., 2021). We run a regression of
outcomes on year fixed effects, unit fixed effects, and an interaction of year with the exposure measure. Given that our
outcomes are in logs, a linear relationship with time is sufficient to capture heterogeneous growth rates. Specifically,
we assume that strongly treated branches are allowed to grow faster or slower at a constant rate prior to treatment.
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imprecise, at -1.3% (Panel (1) of Figure 1.8). Panel (2) shows a clear downward trend with large

retention falls for young workers, beginning in 2015 and persisting thereafter.34 The overall effect

is -3.6% relative to a pre-period mean of 10 workers (Table 1.3) and is significant at the 10% level.

Panel (3) presents effects on hires. For young workers, hires rise by 6.5% on average. The event

study coefficients are noisier than those for retention, reflecting limited statistical power to detect

subgroup-by-time variation in hires. This is partly explained by the smaller pre-period mean of

hires. Importantly, the effects in levels (2 × 0.065 = 0.13 workers) are economically smaller than

those on retention (21 × -0.036 = -0.36 workers). As we later note in 1.5.2, the replacement rate in

levels is below one-for-one, suggesting that within-young substitution is unlikely.

In contrast, older worker employment is unchanged. The estimate on employment is positive

but statistically insignificant at 1.5% (Panel (4)). Panel (5) shows no meaningful change in

retention for older workers (the estimate, at 2%, is statistically insignificant). For older worker

hires, the coefficients in Panel (6) show a modest downward trend; the average post-period effect

is negative at -1.8%. While statistically significant, it is economically small given the low

pre-period mean of 1 hire. Given that separations are concentrated in young workers, we focus on

these workers for the rest of the analysis.

Worker Flows, by Skill

The increase in hires in response to higher wages suggests an imperfectly competitive labor

market. Figure 1.9 confirms that earnings increase for both low- and high-skill young workers.

Yet, hires (Panels (3) and (4) of Figure 1.10) increase, especially for low-skill workers (by 4.5%).

This pattern is consistent with predictions of monopsonistic labor market models (Manning, 2003).

We return to this result when we lay out our conceptual framework in section 1.6.

The declines in retention within young workers we previously documented are concentrated

among high-skill workers. The number of retained workers goes down by 7.8%, in comparison to

1.1% for low-skill workers (Panels (1) and (2) of Figure 1.10). Do these separations correspond to

34Because the indicators retained and hired are defined relative to year 𝑡 − 1, no effects are estimated in 2008, the
first year in our sample, leading to a smaller number of observations for regressions using these outcomes.
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layoffs or quits? We track separating workers to answer this question.

Tracking Separating Workers, by Skill

The declines in retention for young high-skill workers are followed partly by re-employment

and partly by labor market exit. We examine whether young high-skill workers transition to another

job or exit the labor market altogether (go into unemployment). Panel (a) of Figure 1.11 plots, on

the x-axis, the ATTs and 95% confidence intervals from regression (1.2), using a set of post-

separation outcomes as dependent variables. In this section, we discuss these in turn. First, we

discuss the effects on the log(1+) number of workers who switch employers or leave the labor

market. The number of workers who find another job increases by 1%, on average. The number

of workers who leave the labor market increases by 2%.35 Switchers exclusively go into new

sectors.36 The overall increase in high-skill separations raises the following question: Why do

these workers leave their branches despite receiving wage floor increases?

Strikingly, young high-skill workers disproportionately move to employers with a larger skill

premium, without necessarily accruing higher pay. We look into the features of switchers’

destinations, by studying the effects on the log(1+) number of workers who switch to higher-pay

employers and switch to higher-skill-premium employers. In Panel (a) of Figure 1.11, the number

of young high-skill workers who move to higher-skill-premium employers goes up by 3%. At the

same time, the coefficient on the number of workers who switch to higher-pay employers is

statistically indistinguishable from zero. We disaggregate switchers by those to higher or lower

salaries, and find that, on average, the switching is not driven by moves to higher salaries.

We assess whether worker quits reflect other confounding factors, such as a more meritocratic

environment, finding only weak evidence of pursuit of better career progression. In Panel (a)

of Figure 1.11, we find that workers are slightly more likely to switch to employers with higher

35These workers may be moving abroad in search of better opportunities. Talent migration in Tunisia’s private
sector reflects structural factors that extend well beyond collective bargaining institutions. However, migration is one
possible mechanism consistent with the observed increase in labor market exits.

36The finding that workers switch sectors helps address concerns about potential SUTVA violations when there is
reallocation in firm-level regressions (e.g., Dustmann et al. (2022)). Rather than reallocating across branches within
the same bank, workers who switch jobs move to entirely different employers.
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career progression.37 However, the coefficients on switchers to higher and lower progression are

not statistically different from one another. To probe further, we examine the characteristics of

high–skill-premium employers. Table A.3 shows no correlation with mean earnings, consistent

with our result that workers switch to a higher-skill-premium employer but not necessarily to higher

pay. While the skill premium is positively correlated with our measure of career progression (and,

to a smaller extent, with an indicator for being located in Tunis), the evidence does not strongly

indicate that higher career progression is the driver of worker moves. Overall, we interpret our

results as consistent with broad concerns among these workers about compression of the relative

wage, suggesting that a pay structure which rewards skill is a salient destination characteristic for

these workers.

The responses of low-skill workers are qualitatively different, suggesting a skill-specific

friction. The number of low-skill workers (Panel (b) of Figure 1.11) who leave the labor market

falls slightly, while the number of switchers is unchanged, consistent with the positive

employment estimate for this group (0.28 in Col (3) of Table 1.4). The negative coefficient on

switchers to higher-pay employers is consistent with the fact that these workers are relatively

more advantageously treated by the policy. Although the estimated coefficient on switching to

lower-paying employers is positive (0.79), we place limited weight on this result because we do

not observe an actual decline in salary among these workers.

Survey Evidence

Survey responses, like the flows from the administrative data, are suggestive of relative-wage-

related motives: respondents who are not satisfied with the wage floor increases emphasize that

the changes do not adequately reflect employee value-added. We ask respondents the following

open-ended question: What are your thoughts on wage floor increases? We categorize responses

into “satisfied,” “not satisfied,” and “neutral,” and the resulting distribution is reported in Table

1.5. Satisfied respondents note that wage floor increases intensify competition between employers

37A higher-career-progression employer has a higher baseline ratio of old mean wage to young mean wage than
current employer.
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and help motivate employees. Notably, satisfied respondents seem to attribute their satisfaction

with the wage increases to factors that concern only their own wage (e.g., the increases motivate

them, help them maintain hope in the face of rising economic uncertainty and cost of living). This

contrasts with dissatisfied respondents (where the share of high-skill is larger), who emphasize that

wage increases should be value-added specific, and that current increases are not commensurate

with high income taxes. We view this as motivation for the skill-specific utility function in the

model that we introduce in section 1.6.

Further survey analysis shows that higher compression pushes younger workers toward

quitting, suggesting they have relative-wage concerns. First, a large share of young respondents

agree that percent increases in wage floors should be proportional to skill (Figure A.5). Second,

we elicit the quit sensitivity to wage compression of respondents in high-skill occupations

(operations 2, supervisory, and management roles). In a series of hypothetical scenarios, we vary

the magnitude of wage compression and elicit respondents’ likelihood of quitting. We ask:

Suppose that service staff receive a +6% wage increase, while managers receive a +4% wage

increase. On a scale from 1 to 4, how would you rate the probability of leaving your current job?

We repeat the question for service staff increases of +8% and +10%. We estimate a logit

regression separately for the survey subsamples of 63 old and 58 young high-skill workers:

Quit𝑖 = 𝜇 + 𝛽𝐶𝑜𝑚𝑝𝑟𝑒𝑠𝑠𝑖𝑜𝑛𝑖 + 𝛾 𝑔𝑜𝑣𝑖 + 𝛿 𝑓 𝑒𝑚𝑎𝑙𝑒𝑖 + 𝜃 𝑠𝑒𝑛𝑖𝑜𝑟𝑖𝑡𝑦𝑖 + 𝜀𝑖 (1.4)

where the dependent variable Quit𝑖 collapses the four–point Likert measure of quit intention

(1 = “certainly not quit”, 4 = “certainly quit”) into a binary indicator. The key regressor

𝐶𝑜𝑚𝑝𝑟𝑒𝑠𝑠𝑖𝑜𝑛𝑖 measures the difference between service and management wage floor increases (2,

4, or 6 percentage points), with higher values corresponding to more wage compression. All

regressions include controls for governorate, gender, and seniority. Standard errors are clustered

at the individual level. Coefficient 𝛽 captures how stronger compression changes the probability

of choosing to quit. In Table 1.6, we report the results. While older workers are unresponsive to
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compression, the estimated effect for young workers in col (2) is positive and significant: a 1

percentage points increase in wage compression raises the probability of quitting by 2 percentage

points. These findings are in line with organizational behavior research showing that perceptions

about wage fairness impact real work outcomes (e.g. effort in Bennett (2005)).

Overall, the administrative data and survey results support the following mechanism: when

the policy compressed wage floors, high-skill workers perceived a decline in utility. We have

documented that when the policy raised wage floors of low-skill workers by more in percentage

terms, high-skill quits increased, as evidenced by the ability of high-skill workers to find

employment after separation. We further saw that workers disproportionately move to employers

with a larger skill premium. The higher sensitivity of young workers to wage compression

supports the interpretation that the moves are motivated by concerns about the relative-wage. This

finding is consistent with a “zero-sum” cognitive framework, whereby individuals perceive

others’ gains as being at their own expense (Chinoy et al., 2025).38

Alternative Mechanisms

We consider whether the standard labor market model explanation of employer-driven within-

young substitution is consistent with the increase in separations for high-skill workers, concluding

that this is unlikely. One possibility is that firms lay off high-skill workers, replacing them with

low-skill ones. A few facts make this unlikely. First, we would expect this if cost-minimizing firms

shift toward the now relatively more expensive group. However, the policy raised wage floors of

low-skill labor by more than those of high-skill labor. In addition, a labor demand response would

also predict that firms reduce hiring. Instead, we see hires of high-skill workers increase (col (8)

in Panel A of Table 1.4), consistent with firms replacing voluntary separations. Lastly, the worker

flows are inconsistent with one-for-one replacement: multiplying the coefficients in cols (6) and

(7) in Panel A of Table 1.4 by the sample means, we see, for each additional percentage point in

exposure, about 0.04 more low-skill hires for 0.23 fewer high-skill retained (i.e., 0.19 hires per

38That paper also documents that younger people have a more zero-sum view than older cohorts.
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high-skill worker lost).

We next consider and rule out competing explanations for voluntary quits of high-skill

workers. One possibility is that firms offset higher labor costs by cutting back on other

components of compensation. However, minimum benefits (e.g., monthly transportation, “bank

representation” allowance) and other non-wage amenities (e.g., sick leave, vacation days) are set

in the CBA, leaving little scope at the branch-level for downward adjustment on this margin.

Another possibility is that firms reduce wage cushions, similar to the response documented by

Card and Cardoso (2022) in Portugal. However, a reduction in the cushion that offsets an increase

in the wage floor is inconsistent with the growth in overall earnings we have documented for

young high-skill workers (Panel (2) of Figure 1.9).

1.6 Conceptual Framework

We lay out a conceptual framework of how firms and workers of different skill groups respond

to exogenous changes in wage floors and skill premia in a setting with monopsony and binding

wage floors. The finite employment elasticities in response to a wage increase we have

documented thus far are inconsistent with the standard model of a competitive labor market.39

Moreover, the hires increases further suggest that employers have monopsony.40 As with our

analysis, we focus on young workers. We model the labor supply of workers through a

discrete-choice framework (Card et al., 2018) with relative-wage considerations. Workers have

idiosyncratic tastes for different employers. We adapt the textbook monopsony framework

(Manning, 2003) to model the firm’s employment decision with binding wage floors. At baseline,

workers are paid the binding wage floor, and employment is below the competitive level. The

policy changes both wage floors and the skill premium. For both low- and high-skill workers, the

increase in wage floors induces a movement along the labor supply curve. For high-skill workers,

39The model of a perfectly competitive labor market assumes that the labor supply facing an individual firm is
perfectly elastic (Manning, 2003).

40Employer power in the product market would not explain our results. The ability of firms to change product
prices can attenuate the comparative statics in the labor market (Kroft et al., 2025). However, it would not reverse
them. Therefore, it is difficult to rationalize hiring increases with that model.
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in addition, the reduction in the skill premium induces a shift in the labor supply curve. Our

simple framework generates distinct comparative statics by group that line up with the empirical

findings we have presented.

1.6.1 Labor Supply

To capture the intuition that high-skill workers care not only about their wage in levels but

also as it relates to that of their low-skill colleagues, we provide a microeconomic foundation of

the labor supply function in our framework using a discrete-choice model (Card et al., 2018). We

presented evidence that when the policy raised wage floors of low-skill workers by more in

percentage terms, high-skill employees quit. We incorporate this relative-wage concern by

augmenting the utility function in the Card et al. (2018) framework with an additional term: the

firm-specific skill premium. This allows for different margins of adjustment across skill groups.41

There are J firms. Each firm 𝑗 ∈ J posts a pair (𝑤 𝑗 𝐿 , 𝑤 𝑗𝐻) of skill-specific wages that

workers observe at no cost. Firms have differentiated work environments over which workers have

heterogeneous preferences. In general, the indirect utility from working at firm 𝑗 for worker 𝑖 of

type 𝑇 ∈ {𝐿, 𝐻} (low-skill and high-skill) is

𝑈𝑖 𝑗𝑆 = 𝜂 ln𝑤 𝑗𝑆 + 𝛼𝑆 ln
(
𝑤 𝑗𝑆

𝑤 𝑗𝑆′

)
+ 𝑎 𝑗𝑆 + 𝜖𝑖 𝑗𝑆 .

We assume that the outside option is 0. The parameter 𝜖𝑖 𝑗𝑆 captures idiosyncratic preferences

for working at firm 𝑗 and are independent draws from a Type-I extreme value distribution with

scale 1. These are non-wage match factors such as firm location, team culture, and work

environment that workers value differently. This is the source of monopsony power: by making

firms differentiated from the point of view of the worker, these preferences allow firms to retain

the employee despite paying her a markdown on the competitive wage. The parameter 𝑎 𝑗𝑆 is a

41Dube et al. (2019) similarly extend the Burdett and Mortensen (1998) on-the-job-search model to incorporate
within-firm comparisons. In contrast, we extend Card et al. (2018), our model is static, and, motivated by the survey
answers and empirical results, it allows the relative-wage concerns to bind only for high-skill workers. Trottner (2025)
suggests that a sufficiently rich discrete choice model can mimic Burdett and Mortensen (1998) in steady state.
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firm-specific amenity common to all workers of type 𝑆.

In the survey responses (Table 1.5), low-skill workers attribute their satisfaction with the wage

increases to factors that concern only their own situation (e.g., that the increases are motivating or

help them keep up with inflation), and do not mention the wages of high-skill workers. This

suggests that these workers do not compare themselves to high-skill colleagues. This is consistent

with experimental evidence showing that, while workers that earn relatively less report lower

satisfaction, workers that earn relatively more do not report higher satisfaction (Card et al., 2012).

Motivated by these findings, we set 𝛼𝐿 = 0, making the relative-wage consideration bind only for

high-skill workers. We henceforth drop the subscript on 𝛼.

For low-skill workers:

𝑈𝑖 𝑗 𝐿 = 𝜂 ln𝑤 𝑗 𝐿 + 𝑎 𝑗 𝐿 + 𝜖𝑖 𝑗 𝐿 . (1.5)

For high-skill workers:

𝑈𝑖 𝑗𝐻 = 𝜂 ln𝑤 𝑗𝐻 + 𝛼 ln
(
𝑤 𝑗𝐻

𝑤 𝑗𝐿

)
+ 𝑎 𝑗𝐻 + 𝜖𝑖 𝑗𝐻 . (1.6)

The relative-wage 𝑤 𝑗𝐻

𝑤 𝑗𝐿
is an amenity for high-skill workers. In equilibrium, these workers

accept their positions not only because of the wage, but also because the relative-wage is reflective

of their status within the firm.

Given the wages, workers are free to choose any firm. Following McFadden (1972), the

probability that worker 𝑖 chooses firm 𝑗 is the probability that 𝑗 delivers the highest utility among

all available choices:

𝑃𝑖 𝑗 = Pr
(
𝑗 = arg max

𝑘∈J
𝑈𝑖𝑘

)
.

With Type-I Extreme Value errors, this probability has the closed-form multinomial logit
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expression:

𝑃𝑖 𝑗 |𝐻 =

exp
(
𝜂 ln𝑤 𝑗𝐻 + 𝛼 ln

(𝑤 𝑗𝐻

𝑤 𝑗𝐿

)
+ 𝑎 𝑗𝐻

)
∑

𝑘∈J exp
(
𝜂 ln𝑤𝑘𝐻 + 𝛼 ln

(𝑤𝑘𝐻

𝑤𝑘𝐿

)
+ 𝑎𝑘𝐻

) .
We follow the simplification in Card et al. (2018) and assume that there are many firms, such

that the utility from each individual job is trivial in the total sum. The choice probabilities are

approximated by the exponential probabilities:

𝑃𝑖 𝑗 |𝐻 ≈ 𝜆𝐻 exp
(
𝜂 ln𝑤 𝑗𝐻 + 𝛼 ln

(𝑤 𝑗𝐻

𝑤 𝑗𝐿

)
+ 𝑎 𝑗𝐻

)
,

Where 𝜆 is a constant common to all firms in the market. The supply of high-skill workers

facing firm 𝑗 is given by:

ln 𝑁 𝑗𝐻 ≈ ln(𝑀𝐻𝜆𝐻) + 𝜂 ln𝑤 𝑗𝐻 + 𝛼 ln
(𝑤 𝑗𝐻

𝑤 𝑗𝐿

)
+ 𝑎 𝑗𝐻 .

Where 𝑀𝐻 is the total number of workers 𝑆 in the market. The elasticities are given by:

𝜕 ln 𝑁 𝑗𝐻

𝜕 ln𝑤 𝑗𝐻

= 𝜂 + 𝛼 (1.7)

𝜕 ln 𝑁 𝑗𝐻

𝜕 ln𝑤 𝑗 𝐿

= −𝛼 (1.8)

1.6.2 Firms

We adopt the textbook monopsony framework (Manning, 2003). Assume the firm is a simple

monopsonist that pays a single wage to all workers of a given type 𝑇 ∈ {𝐿, 𝐻}. The firm’s labor

supply function is additively separable in the two types of labor. Absent the wage floors, the

monopsonist decides on the pair of skill-specific wages (𝑤 𝑗 𝐿 , 𝑤 𝑗𝐻) that maximize profits given

the upward-sloping labor supply curves derived in the previous section. Output is produced using
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the two types of labor through an additively separable revenue function:

𝑌 (𝑁𝐻 , 𝑁𝐿) = 𝑌𝐿 (𝑤𝐿 , 𝑁𝐿) + 𝑌𝐻 (𝑤𝐿 , 𝑤𝐻 , 𝑁𝐻) = 𝐴𝐻𝑁𝐻 + 𝐴𝐿𝑁𝐿 (1.9)

where 𝑌′𝑇 () > 0 and 𝑌′′𝑇 () < 0.

Absent wage floors, the firm chooses 𝑁𝐿 and 𝑁𝐻 to maximize profits:

𝜋(𝑁𝐿 , 𝑁𝐻) = 𝐴𝐻𝑁𝐻 + 𝐴𝐿𝑁𝐿 − 𝑤𝐻𝑁𝐻 (𝑤𝐿 , 𝑤𝐻) − 𝑤𝐿𝑁𝐿 (𝑤𝐿). (1.10)

Because revenue is separable across skill types, we present the firm’s problem as two

independent monopsony problems. We drop skill subscripts. The first-order condition is:

𝑌 ′(𝑁) = 𝑤(𝑁) + 𝑤′(𝑁)𝑁. (1.11)

The marginal cost of labor (MCL) has two components: the wage paid to the marginal worker

(the average cost) and the additional cost of raising the wage for all incumbents.

The monopsonist hires less than in a competitive market. The elasticity of the labor supply

facing the firm is

𝜀𝑁𝑤 =
𝑤 · 𝑁′(𝑤)

𝑁
. (1.12)

Using 1.11 and 1.12, the MCL can be written as

MCL(𝑤) =
(
1 + 1

𝜀𝑁𝑤

)
𝑤. (1.13)

Under perfect competition (𝜀𝑁𝑤 → ∞), 𝑀𝐶𝐿 = 𝑤, the firm sets 𝑤𝑐, the competitive wage, equal

to the marginal revenue product:

𝑌 ′(𝑁) = 𝑤𝑐 .

With finite 𝜀𝑁𝑤, MCL exceeds 𝑤: the monopsonist pays 𝑤𝑚, a markdown on the marginal

revenue product.
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When the CBA wage floors bind, wages are taken as given and employment is pinned down by

labor supply, so we abstract from the firm’s wage-setting decision. With a wage floor, employment

and wages are higher than the monopsony outcome but lower than the competitive level. Assume

the wage floor binds

𝑤𝑚 < 𝑤̄1 ≤ 𝑤𝑐,

then employment is pinned down by supply at the floor:

𝑁1 = 𝑁 (𝑤̄1).

1.6.3 Comparative Statics

Comparative Statics: Low-skill Workers Given equation (1.5), the supply of low-skill workers

is a function of only their own wage:

ln 𝑁 𝑗 𝐿 ≈ ln(𝑀𝐿𝜆𝐿) + 𝜂 ln𝑤 𝑗 𝐿 + 𝑎 𝑗 𝐿 .

Let the initial floor be 𝑤̄1
𝐿
. The policy raises the floor to 𝑤̄2

𝐿
> 𝑤̄1

𝐿
with 𝑤̄2

𝐿
≤ 𝑤𝑐

𝐿
. Earnings

rise with the higher floor. Equilibrium employment increases:

𝑁𝐿 (𝑤̄2
𝐿) > 𝑁𝐿 (𝑤̄1

𝐿).

We illustrate this prediction in Figure 1.12, writing the supply function in levels:

𝑁 𝑗 𝐿 = 𝑐𝐿 · 𝑤𝜂

𝑗𝐿

where 𝑐𝐿 = 𝑀𝐿𝜆𝐿 + exp(𝑎 𝑗 𝐿).

Comparative Statics: High-skill Workers Given equation (1.6), the supply of high-skill

workers is a function of both their own wage and the skill premium. Let the initial floor be 𝑤̄1
𝐻

.
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The policy raises the floor to 𝑤̄2
𝐻
> 𝑤̄1

𝐻
with 𝑤̄2

𝐻
≤ 𝑤𝑐

𝐻
. Earnings rise with the higher floor. The

policy also raises 𝑤 𝑗 𝐿 . From (1.8), with 𝛼 > 0, the supply shifts inward. When this shift

dominates, equilibrium employment decreases:42

𝑁𝐻 (𝑤̄2
𝐻 , 𝑤̄

2
𝐿) < 𝑁𝐻 (𝑤̄1

𝐻 , 𝑤̄
1
𝐿).

We illustrate this prediction in Figure 1.13, writing the supply function in levels:

𝑁 𝑗𝐻 =
𝑐𝐻

𝑤𝛼
𝑗𝐿

· 𝑤𝜂

𝑗𝐻

where 𝑐𝐻 = 𝑀𝐿𝜆𝐻 + exp(𝑎 𝑗𝐻).

1.7 Robustness

Our results are robust to various alternative definitions of the treatment variable.

Robustness to Using Binary Exposure Our results are robust to replacing our continuous

exposure with a binary exposure measure. Recent work has highlighted caveats with using a

TWFE regression with a continuous treatment variable (Callaway et al., 2024).43 As a first

attempt to address these issues, we split the sample of branches at the median exposure measure

(17%) and use a binary treatment variable (=1 for gaps higher than median value; 0 otherwise)

instead in our regression (1.2). We reproduce the overall wage and employment result in

Appendix Figure A.4. The magnitude for earnings is stable, and the employment effect increases

in magnitude but remains statistically zero. Overall, the qualitative patterns remain unchanged.

42The shift dominates iff 𝛼 >
Δ𝑙𝑛𝑤𝑗𝐻

Δ ln 𝑤𝑗𝐿−Δ ln 𝑤𝑗𝐻
𝜂. We recover 𝜂 from our regression estimates for low-skill workers.

Our regression effectively instruments the endogenous wage with the exposure measure. 𝜂 is approximately 0.09. This
is the ratio of the effect on employment (0.28 in Panel A, col (3) of Table 1.4) to that on mean worker earnings (3.27
in Panel A, col (1)).

43Callaway et al. (2024) show that, under the standard parallel trends assumption, comparing high and low-dose
units involves selection bias terms for both the level (the causal effect of experiencing the treatment dose) and slope
(the response to a marginal change in the treatment dose) parameters.
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Robustness to Using Exposure Over All Events after 2014 Our results are robust to replacing

our exposure with a measure that takes into account the average change in wage floors between

2014 and 2021. We recalculate Δ𝑊𝐹𝑜(𝑖),2014 in the exposure measure (1.1) to be the mean wage

floor increase for occupation 𝑜(𝑖) over the entire post period. We report the coefficients on overall

wages and employment in Table A.4. Our estimate of the elasticity is similar, at -0.47 instead of

-0.42.

1.8 Conclusion

Occupation-specific wage floors are a common wage-setting institution. By setting a wage

floor for all workers, including high-skill ones, they may have different effects from standard

minimum wages that apply only to low-skill workers. Moreover, when wage floor increases

compress the skill premium, an important non-wage amenity, adjustment may occur not only on

the employer side but also through voluntary worker reallocation. The novelty of this paper is to

test this conjecture in a setting with binding wage floors for high-skill workers and large,

plausibly exogenous shocks to these floors that compressed the skill premium.

We find evidence consistent with monopsony and relative-wage concerns. Despite becoming

more costly, young low-skill workers experience increased hiring. In contrast, young high-skill

workers are more likely to separate, apparently voluntarily: they transition to employers offering

a larger skill premium, but not higher pay. Survey evidence shows that young workers are

particularly sensitive to wage compression, suggesting that these separations are driven by

relative-wage concerns.

We find scope for wage floors to redistribute rents from branches to workers. Earnings of

incumbents rise, and no branches close. Moreover, we find no meaningful overall decline in

employment among young workers. This contrasts with policy reports in Tunisia arguing that

high wage floors dissuade employers from hiring young graduates. Instead, our evidence suggests

that, in a monopsonistic setting, wage floors increase the hiring of low-wage workers, do not

reduce the hiring of high-wage workers, and induce separations among young workers primarily
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through relative-wage concerns rather than reduced labor demand.

Nevertheless, wage floors induce important labor market changes. How the Arab Spring may

have raised career aspirations among young high-skill workers, and whether relative-wage

concerns contribute to keeping young high-skill workers out of the labor market through supply

rather than demand channels, remain important open questions for future research.
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1.9 Figures and Tables

Figure 1.1: Cumulative Percent Change in Wage Floors

Notes: Figure shows the cumulative percent change in the 1-year seniority wage floor for the least skilled
occupation group (service, blue) and the most skilled occupation group (management, red). Data on wage
floors is from the banking sector CBAs.
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Figure 1.2: Average Wage Floor Percent Increase by Suboccupation

Notes: Figure shows the average (across seniority) 2014 percent increase in the wage floor by sub-
occupation. Low-skill occupations are those which do not require a university degree, per the CBA. Data on
wage floors is from the 2014 banking sector CBA.
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Figure 1.3: Fraction of Skilled Workers Conditional on Earnings

Notes: Figure plots, for each earnings percentile on the x-axis, the fraction of workers with earnings above
said percentile who are skilled. The fraction rises sharply around the 60th percentile, motivating its use in the
definition of skilled workers. Source: labor force data for 2012-2017. Sample is 1249 banking and financial
institutions workers. We match the five banking sector categories to the occupational nomenclature used in
the survey (the INS’s Professional Category Nomenclature): we map service/operations 1 to “employees”,
operations 2/supervisory to “middle professions”, and management to “managers.” Workers in operations
2, supervisory, and management categories are classified as skilled.
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Figure 1.4: Variation Across Bureaus

(a) No. of Branches (b) Exposure to Increase
Notes: Figure shows in Panel A the distribution of bank branches across bureaus. Panel B shows the distribution of the median treatment
measure defined in Equation 1.1 across bureaus. Each worker is registered in one of 47 social security offices by their employer when they
first join the labor market. The employer’s registered office address determines which CNSS office to register the worker in. We consider a
bank-social-security-office pairing as a “branch.”
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Figure 1.5: The Exposure Measure

Notes: Figure shows in the distribution of the standardized version of the treatment measure defined in

(1.1) for the Balanced Sample. 𝐸𝑥𝑝𝑜𝑠𝑢𝑟𝑒 𝑗 =

∑
𝑖 (𝑊 𝑖 𝑗𝑜 (𝑖) ,2008−2013+Δ𝑊𝐹𝑜 (𝑖) ,2014)∑

𝑖 𝑊 𝑖 𝑗𝑜(𝑖) ,2008−2013
where 𝑖 is worker index, 𝑗 is

branch index, 𝑜(𝑖) is occupation index from {service, operations 1, operations 2, supervisory, management}.
Δ𝑊𝐹𝑜(𝑖) ,2014 is the amount change in occupation 𝑜(𝑖)’s wage floor in 2014.
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Figure 1.6: Effects on Log Mean Earnings and Employment

Notes: Figure plots the coefficients and 95 pct confidence intervals from regression 𝑦 𝑗𝑡 =
∑𝑇

𝑘≠−1 𝛽𝑘 × 𝐸𝑥𝑝𝑜𝑠𝑢𝑟𝑒 𝑗 × 1[𝑡 − 2014 = 𝑘] + 𝛼 𝑗 +
𝛿𝑡 +𝜓𝑥 ( 𝑗) ,𝑡 + 𝜖 𝑗𝑡 for the Balanced Sample. Balanced Sample is branches seen for the full period of our analysis (2008-2021). Outcome is log
mean monthly worker earnings in Panels (1) and (2), log Employment in Panels (3) and (4). 𝛼 𝑗 and 𝛿𝑡 are branch and year fixed effects, and
𝜓𝑥 ( 𝑗) ,𝑡 are broad region (North, Center, South) by year fixed effects. Errors are clustered at the branch level. Regressions plotted in Panels
(1) and (2) do not include bank by year fixed effects. Regressions plotted in Panels (3) and (4) include bank by year fixed effects.
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Figure 1.7: Effects on Log Mean Earnings by Age Group

Notes: Figure plots the coefficients and 95 pct confidence intervals from regression 𝑦 𝑗𝑡 =
∑𝑇

𝑘≠−1 𝛽𝑘 × 𝐸𝑥𝑝𝑜𝑠𝑢𝑟𝑒 𝑗 × 1[𝑡 − 2014 = 𝑘] +
𝛼 𝑗 + 𝛿𝑡 + 𝜓𝑥 ( 𝑗) ,𝑡 + 𝜖 𝑗𝑡 for the Balanced Sample with bank by year fixed effects. Balanced Sample is branches seen for the full period of our
analysis (2008-2021). Outcome is log mean monthly worker earnings. 𝛼 𝑗 and 𝛿𝑡 are branch and year fixed effects, and 𝜓𝑥 ( 𝑗) ,𝑡 are broad
region (North, Center, South) by year fixed effects. Errors are clustered at the branch level. We define a young worker as a worker younger
than the median age in our sample of 45.
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Figure 1.8: Heterogeneous Effects on Employment Flows, by Age

Notes: Figure plots the coefficients and 95 pct confidence intervals from regression 𝑦 𝑗𝑡 =
∑𝑇

𝑘≠−1 𝛽𝑘 × 𝐸𝑥𝑝𝑜𝑠𝑢𝑟𝑒 𝑗 × 1[𝑡 − 2014 = 𝑘] + 𝛼 𝑗 +
𝛿𝑡 +𝜓𝑥 ( 𝑗) ,𝑡 + 𝜖 𝑗𝑡 for the Balanced Sample with bank by year fixed effects. Balanced Sample is branches seen for the full period of our analysis
(2008-2021). Outcomes are log sums of various subgroups, as indicated by the panel headings. 𝛼 𝑗 and 𝛿𝑡 are branch and year fixed effects,
and 𝜓𝑥 ( 𝑗) ,𝑡 are broad region (North, Center, South) by year fixed effects. Errors are clustered at the branch level. We define a young worker
as a worker younger than the median age in our sample of 45. We define the outcome “retained” or “hired” as 1 if a worker was retained or
hired relative to last year.
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Figure 1.9: Effects on Earnings for Young Workers, by Skill

Notes: Figure plots the coefficients and 95 pct confidence intervals from regression 𝑦 𝑗𝑡 =
∑𝑇

𝑘≠−1 𝛽𝑘 × 𝐸𝑥𝑝𝑜𝑠𝑢𝑟𝑒 𝑗 × 1[𝑡 − 2014 = 𝑘] + 𝛼 𝑗 +
𝛿𝑡 +𝜓𝑥 ( 𝑗) ,𝑡 + 𝜖 𝑗𝑡 for the Balanced Sample with bank by year fixed effects. Balanced Sample is branches seen for the full period of our analysis
(2008-2021). Outcomes are log mean worker earnings. 𝛼 𝑗 and 𝛿𝑡 are branch and year fixed effects, and 𝜓𝑥 ( 𝑗) ,𝑡 are broad region (North,
Center, South) by year fixed effects. Errors are clustered at the branch level. We define a young worker as a worker younger than the median
age in our sample of 45. A high-skill worker is a worker paid more than the branch 60th percentile.
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Figure 1.10: Heterogeneous Effects on Employment Flows for Young Workers, by Skill

Notes: Figure plots the coefficients and 95 pct confidence intervals from regression 𝑦 𝑗𝑡 =
∑𝑇

𝑘≠−1 𝛽𝑘 × 𝐸𝑥𝑝𝑜𝑠𝑢𝑟𝑒 𝑗 × 1[𝑡 − 2014 = 𝑘] + 𝛼 𝑗 +
𝛿𝑡 +𝜓𝑥 ( 𝑗) ,𝑡 + 𝜖 𝑗𝑡 for the Balanced Sample with bank by year fixed effects. Balanced Sample is branches seen for the full period of our analysis
(2008-2021). Outcomes are log sums of various subgroups, as indicated by the panel headings. 𝛼 𝑗 and 𝛿𝑡 are branch and year fixed effects,
and 𝜓𝑥 ( 𝑗) ,𝑡 are broad region (North, Center, South) by year fixed effects. Errors are clustered at the branch level. We define a young worker
as a worker younger than the median age in our sample of 45. A high-skill worker is a worker paid more than the branch 60th percentile. We
define the outcome “retained” or “hired” as 1 if a worker was retained or hired relative to last year.
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Figure 1.11: Tracking Separating Young Workers, by Skill

(a) high-skill (b) low-skill
Notes: Figure plots the coefficients and 95 pct confidence intervals from regression 𝑦 𝑗𝑡 =

∑𝑇
𝑘≠−1 𝛽𝑘 × 𝐸𝑥𝑝𝑜𝑠𝑢𝑟𝑒 𝑗 × 1[𝑡 − 2014 = 𝑘] +

𝛼 𝑗 + 𝛿𝑡 + 𝜓𝑥 ( 𝑗) ,𝑡 + 𝜖 𝑗𝑡 for the Balanced Sample with bank by year fixed effects. Balanced Sample is branches seen for the full period of our
analysis (2008-2021). Outcomes are log sums of various subgroups, as indicated by the labels. 𝛼 𝑗 and 𝛿𝑡 are branch and year fixed effects,
and 𝜓𝑥 ( 𝑗) ,𝑡 are broad region (North, Center, South) by year fixed effects. Errors are clustered at the branch level. We define a young worker
as a worker younger than the median age in our sample of 45. A high-skill worker is a worker paid more than the branch 60th percentile. We
define a “switcher” as a worker employed at a new branch in the next period relative to the current one, and “leave LM” as a worker absent
from the dataset for the next two consecutive years. A higher-pay employer has higher mean earnings at baseline than current employer.
A higher-skill-premium employer has a higher baseline ratio of young high-skill mean wage to young low-skill mean wage than current
employer. A higher-career-progression employer has a higher baseline ratio of old mean wage to young mean wage than current employer.
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Figure 1.12: Monopsony for low-skill Workers

𝑁

𝑤

MRPL

𝑆

MCL

𝑁1 𝑁2

𝑤̄1
𝑤̄2 𝐸1

𝐸2

𝑁 ↑

Notes: Figure illustrates labor market effects for young low-skill workers. S is given by 𝑁 𝑗𝐿 = 𝑐𝐿 · 𝑤𝜂

𝑗𝐿
,

where 𝑐𝐿 = 𝑀𝐿𝜆𝐿 +exp(𝑎 𝑗𝐿). The firm initially operates at point E1 under a binding wage floor. The policy
raises wage floors for both low-skill and high-skill workers, but only low-skill wages determine supply. The
comparative statics imply a move from E1 to E2: wages are higher and employment expands.
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Figure 1.13: Monopsony with Relative-Wage Amenity for High-skill Workers
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Notes: Figure illustrates labor market effects for young high-skill workers. S is given by 𝑁 𝑗𝐻 =
𝑐𝐻
𝑤𝛼

𝑗𝐿

· 𝑤𝜂

𝑗𝐻

where 𝑐𝐻 = 𝑀𝐿𝜆𝐻 + exp(𝑎 𝑗𝐻 ). The firm initially operates at point E1 under a binding wage floor. The
policy raises wage floors for both low-skill and high-skill workers. As a result, there is a leftward shift
in the inverse labor supply. The comparative statics imply a move from E1 to E2: wages are higher and
employment falls.
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Table 1.1: Summary Statistics

mean sd
Branch Size: 5–9 0.33 0.47
Branch Size: 10–29 0.45 0.50
Branch Size: 30–49 0.14 0.35
Branch Size: 50+ 0.08 0.27
Mean earnings (TND) 2821.16 608.93
Gap, non-standardized 0.17 0.02
N retained 19.45 18.21
N hired 1.72 2.85
N leavers 1.32 2.18
N young 10.27 11.52
N old 10.90 11.00
N male 15.13 14.07
N female 6.04 7.08
Tunis 0.32 0.47
North 0.72 0.45
Centre 0.21 0.41
South 0.07 0.26
Observations 259

Table shows means of variables for the Balanced Sample. Standard deviations are in parentheses. Balanced
Sample is branches seen for the full period of our analysis (2008-2021). Source is social security data
for 2013. Worker-level earnings are winsorized at the 10% level. “Gap, non-standardized” refers to the
exposure measure defined in 1. We tag a worker as “retained” if they work at the employer in years t-1 and
t; as “hired” if they join the employer in year t. We define a young worker as one younger than the median
age in our sample (45 years old). We sum the number of retained workers and hires by age and skill group
at the branch level.
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Table 1.2: Earnings and Employment, Pooled time periods

(1) (2)
Log Mean Earnings

Exposure × Post 2.21*** 3.49***
(0.38) (0.41)

R2 0.95 0.97
Clusters 259 259
N 3626 3626
year FE Y Y
branch FE Y Y
bank x year FE Y
Mean dep. var. (levels, pre) 2462.45 2462.45

Log Employment
Exposure × Post -2.27* -1.51

(1.26) (1.40)

R2 0.93 0.97
Clusters 259 259
N 3626 3626
year FE Y Y
branch FE Y Y
bank x year FE Y
Mean dep. var. (levels, pre) 20.66 20.66
Elasticity -1.03 -0.43

Notes: Table reports the coefficients (and standard errors in parentheses) from regression 𝑦 𝑗𝑡 = 𝛽 ×
𝐸𝑥𝑝𝑜𝑠𝑢𝑟𝑒 𝑗 × 1[𝑡 ≥ 2014] + 𝛼 𝑗 + 𝛿𝑡 + 𝜓𝑥 ( 𝑗) ,𝑡 + 𝜖 𝑗𝑡 , using the Balanced Sample. Regressions are weighted
by pre-period employment. *, **, and *** denote significance at the 10%, 5% and 1% level respectively.
Balanced Sample is branches seen for the full period of our analysis (2008-2021). Dependent variable means
are for levels (not logs).
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Table 1.3: Effects on Employment, Pooled time periods, by Age

(1) (2)
young employed old employed

Exposure × Post -1.29 1.46
(2.04) (1.89)

Clusters 259 259
N 3626 3626
year FE Y Y
branch FE Y Y
bank x year FE Y Y
Mean dep. var. (levels, pre) 11 12

young retained old retained
Exposure × Post -3.64* 1.97

(2.07) (1.82)
Clusters 259 259
N 3367 3367
year FE Y Y
branch FE Y Y
bank x year FE Y Y
Mean dep. var. (levels, pre) 10 12

young hires old hires
Exposure × Post 6.54*** -1.82**

(2.12) (0.75)
Clusters 259 259
N 3367 3367
year FE Y Y
branch FE Y Y
bank x year FE Y Y
Mean dep. var. (levels, pre) 2 1

Notes: Table reports the coefficients (and standard errors in parentheses) from regression 𝑦 𝑗𝑡 = 𝛽 ×
𝐸𝑥𝑝𝑜𝑠𝑢𝑟𝑒 𝑗 × 1[𝑡 ≥ 2014] + 𝛼 𝑗 + 𝛿𝑡 + 𝜓𝑥 ( 𝑗) ,𝑡 + 𝜖 𝑗𝑡 , using the Balanced Sample. Regressions are weighted
by pre-period employment. *, **, and *** denote significance at the 10%, 5% and 1% significance level
respectively. Balanced Sample is branches seen for the full period of our analysis (2008-2021). We tag a
worker as “retained” if they work at the employer in years 𝑡 − 1 and 𝑡; as “hired” if they join the employer
in year 𝑡. We define a young worker as one younger than the median age in our sample (45 years old).
We sum the number of retained workers and hires by age and skill group at the branch level and use log
transformations as outcomes in our regressions. Dependent variable means are for levels (not logs).
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Table 1.4: Earnings, Employment, Retention, Hires, Pooled time periods, By Age and Skill

(1) (2) (3) (4) (5) (6) (7) (8)
Earnings
low-skill

Earnings
high-skill

Emp.
low-skill

Emp.
high-skill

Retained
low-skill

Retained
high-skill

Hires
low-skill

Hires
high-skill

Panel A: Young
Exposure × Post 3.27*** 3.70*** 0.28 -4.19* -1.08 -7.79*** 4.53** 2.72***

(0.51) (0.72) (2.02) (2.46) (2.10) (2.40) (2.07) (0.93)
Clusters 259 253 259 259 259 259 259 259
N 3375 2943 3626 3626 3367 3367 3367 3367
year FE Y Y Y Y Y Y Y Y
branch FE Y Y Y Y Y Y Y Y
bank x year FE Y Y Y Y Y Y Y Y
Mean dep. var. (levels, pre) 1801 3076 7 3 6 3 1 0

Panel B: Old
Exposure × Post 3.48*** 3.12*** -0.76 3.13* -0.13 3.18* -0.88 -1.14**

(0.70) (0.57) (2.30) (1.81) (2.21) (1.78) (0.64) (0.52)
Clusters 254 259 259 259 259 259 259 259
N 3281 3496 3626 3626 3367 3367 3367 3367
year FE Y Y Y Y Y Y Y Y
branch FE Y Y Y Y Y Y Y Y
bank x year FE Y Y Y Y Y Y Y Y
Mean dep. var. (levels, pre) 1906 3397 5 6 5 6 0 0

Notes: Table reports the coefficients (and standard errors in parentheses) from regression 𝑦 𝑗𝑡 = 𝛽 × 𝐸𝑥𝑝𝑜𝑠𝑢𝑟𝑒 𝑗 × 1[𝑡 ≥ 2014] + 𝛼 𝑗 + 𝛿𝑡 +
𝜓𝑥 ( 𝑗) ,𝑡 + 𝜖 𝑗𝑡 , using the Balanced Sample. Regressions are weighted by pre-period employment. *, **, and *** denote significance at the
10%, 5% and 1% level respectively. Balanced Sample is branches seen for the full period of our analysis (2008-2021). We tag a worker as
“retained” if they work at the employer in years 𝑡 − 1 and 𝑡; as “hired” if they join the employer in year 𝑡. We define a young worker as
one younger than the median age in our sample (45 years old). A high-skill worker is a worker paid more than the branch 60th percentile.
We sum the number of retained workers and hires by age and skill group at the branch level and use log transformations as outcomes in our
regressions. Panel A and B show outcomes for young and old workers, respectively. Dependent variable means are for levels (not logs).
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Table 1.5: Responses to: What are your thoughts on wage floor increases?

Item Number Percent Share skilled Examples
of total

Not satisfied 33 20 91 “Wage increases should be negotiated based on
employee value added.”
“Wage increases are inequitable relative to income
taxes.”

Satisfied 69 42 70 “Wage increases are a means of hope.”
“Wage increases improve competition between
banks.”
“Wage increases help employees develop
professionally.”

Neutral 63 38 68 -
Total 165 100 - -
Notes: Source is authors’ calculations based on survey data. Responses are categorized into “satisfied”, “not
satisfied”, and “neutral” by the authors.
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Table 1.6: Effect of Compression on Quit Likelihood

(1) (2)
Quit Likelihood

Old Young
Compression 0.00 0.02**

(0.01) (0.01)

R2 0.17 0.13
Clusters 63 58
N 189 174
Controls Y Y

Notes: Table reports the coefficients (and standard errors clustered at the individual level in parentheses)
from regression Quit𝑖 = 𝜇 + 𝛽𝐶𝑜𝑚𝑝𝑟𝑒𝑠𝑠𝑖𝑜𝑛𝑖 + 𝛾 𝑔𝑜𝑣𝑖 + 𝛿 𝑓 𝑒𝑚𝑎𝑙𝑒𝑖 + 𝜃 𝑠𝑒𝑛𝑖𝑜𝑟𝑖𝑡𝑦𝑖 + 𝜀𝑖 , where the outcome
is a binary indicator for intending to quit (collapsed from a four-point Likert scale). The coefficient on
compression is the change in Pr(quit = 1) for a one-unit increase in wage compression. Samples in (1) and
(2) are 63 old and 58 young (<45) high-skill (Operations 2, Supervisory, Management) banking workers,
respectively. Controls: gender, tenure, and governorate. Source: survey data.
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Chapter 2: What Do Market-Access Subsidies Do? Experimental Evidence

from Tunisia

with Giacomo De Giorgi, Aminur Rahman, and Eric Verhoogen

2.1 Introduction

There is growing evidence that exporting has salutary effects on firms, especially in developing

countries. It can improve product quality (Verhoogen, 2008; Atkin et al., 2017; Bastos et al.,

2018; Hansman et al., 2020; Demir et al., 2024), raise productivity (De Loecker, 2007; Atkin et

al., 2017; Garcia-Marin and Voigtländer, 2019), induce technology adoption (Lileeva and Trefler,

2010; Bustos, 2011), increase wages (Verhoogen, 2008; Brambilla et al., 2012; Frías et al., 2024),

and improve working conditions (Tanaka, 2020).

It is less clear whether government interventions to promote exports are effective.

Governments dedicate substantial resources to various strategies to facilitate market access,

including tax rebates, duty drawbacks, foreign-country trade missions, high-level delegation

visits, and direct subsidies. Between 2009 and 2020, more than 2,500 export-related measures

and nearly 500 initiatives providing financial assistance in foreign markets were implemented

globally (Juhász et al., 2023c). But the evidence on such interventions, reviewed briefly below, is

mixed. Moreover, the evaluations to date have almost uniformly relied on non-experimental

methods such as matching and difference-in-difference estimators, which are subject to concerns

about unobserved differences between beneficiary and non-beneficiary firms.

This paper presents the first randomized evaluation of a government financial-support program

explicitly targeting exports, focusing on the Tasdir+ program in Tunisia. The program provided

matching grants to offset the costs of accessing export markets. A distinctive aspect of the program
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is that the grants were limited to fixed costs (i.e. costs that did not depend on the number of

units produced) such as marketing expenditures, participation in trade fairs, and establishment of

offices abroad. Variable costs such as salaries, materials, and transport costs were not eligible

for reimbursement. The program thus offers an opportunity to study the effects of reductions

specifically in fixed costs of export market access, which are commonly thought to be crucial for

firms’ entry into new destinations and products.

To help organize our thinking about the effects of market-access subsidies, we present a simple

model of product-scope and market-penetration decisions by heterogeneous, multi-product firms,

along the lines of one version of the model of Arkolakis et al. (2021), which incorporates market-

penetration costs (as in Arkolakis (2010)) and endogenous product scope (as in Eckel and Neary

(2010), Bernard et al. (2011), and Mayer et al. (2014)) into a Melitz (2003)-type framework. The

model generates two key implications: first, product-scope and destination-entry decisions may

be insensitive to changes in fixed market-access costs over some ranges; and second, even without

extensive-margin responses, sales within existing destinations and products are expected to respond

to such changes.

Eligibility for the matching grants was randomized in five application rounds in 2018-2019.

Pooling rounds, the randomization sample included 487 firms. The grants offered reimbursement

of 50% of eligible expenditures incurred within one year as part of an approved business plan,

with a cap of USD 50,000 (TND 150,000) per firm. The budget for the randomized grants was

approximately USD 14 million (TND 42 million). The stated goals of the program were to increase

the scale of exports and to diversify exports toward higher-value-added products and new markets.

We are able to track firms in data from several sources. We observe sales and exports from

corporate tax records and employment and wages from social security records, all of which are

collected in the Repertoire National des Entreprises (RNE) [National Repertory of Firms], a firm-

level database. Importantly, this database includes exports for service firms as well as non-service

firms. We also have access to transaction-level customs records, as well as administrative records

from the Tasdir+ program. In addition, we conducted baseline and endline surveys.
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To analyze exports, which contain many zeros, our preferred specification is a simple two-

part ANCOVA with separate regressions for exporter status and for log exports among continuing

exporters. We also present a Poisson Pseudo Maximum Likelihood (PPML) specification that

combines the two margins. Using the linked customs records, we use similar specifications to

examine the effects of the program on the numbers of destinations served and products exported.

The study period spans the covid-19 crisis, which had a major impact in Tunisia as elsewhere. We

focus primarily on outcomes in 2021, the most recent year we observe in the RNE data.

We find that the program had a positive, statistically and economically significant impact on

exports. The estimates range from a 27% increase in the level of exports in the PPML specification

to a 39 log point (48%) increase among continuing exporters in the ANCOVA specification. These

estimates are large, but not out of line with the existing literature, as discussed below. We find

positive point estimates of the effect on the extensive margin of being an exporter, but these are

not statistically significant. Using the customs records, we find little evidence that the numbers of

destinations or products changed differentially between the treatment and control groups. Overall,

it appears that the program achieved the goal of increasing the scale of exports, but had limited

success in encouraging firms to expand the range of destinations or products exported.

Using the rich combination of datasets we have collected, we examine the mechanisms through

which the program had these effects on exports. From our surveys, we find the strongest program

impacts on actions to establish contracts with agents and/or distributors and to establish a foreign

presence through affiliates or representatives abroad. Possibly related to this increase in foreign

presence, we find that firms were more likely to become importers, although we see little increase

in the value of imports conditional on being a continuing importer. Perhaps surprisingly, we do

not see significant increases in employment, earnings per employee, or wage bills of permanent

employees in response to the program; we discuss possible reasons below.

We also examine heterogeneity in the effects of the program by pre-program characteristics.

Perhaps the most salient dimension is between “totally exporting” firms — which

administratively are classified in a free trade zone, outside of the Tunisian customs area — and
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“non-totally exporting” firms. The increase in exports we find is driven entirely by the non-totally

exporting firms. We also find significantly greater treatment effects among firms with at least one

quality certification at baseline, consistent with the idea that the ability to upgrade quality is an

important determinant of export success (Verhoogen, 2023a). There is suggestive evidence that

the benefits of the program were greater for smaller and more credit-constrained firms, although

these estimates are not significant in all specifications.

Our findings that the subsidy for fixed market-access costs led to increases on the intensive

margin of export sales but not the extensive margins of destinations or products stand in contrast

with the predictions of workhorse trade models in the tradition of Melitz (2003) and multi-product

variants such as Bernard et al. (2011). In models of this type, fixed costs typically matter for entry,

either into destinations or (when multi-product firms are considered) into products, but not for sales

conditional on entry. Our results point to the importance of market-penetration costs such as those

modeled by Arkolakis (2010), in which marketing expenditures in a given destination increase the

share of consumers reached. More generally, we contribute to a growing literature suggesting that

the costs of entering a destination are not well represented by one-time sunk costs or per-period

fixed costs of accessing entire destination markets, reviewed by Alessandria et al. (2021).

Beyond the studies cited above, our paper is related to several strands of literature. It is most

closely related to two non-experimental studies of an earlier matching-grants-for-exports program

in Tunisia known as FAMEX II. Relying on matching methods, Gourdon et al. (2011) find positive

effects on exports but no impacts on employment or total sales, and Cadot et al. (2015) find short-

term effects on exports, the number of destinations, and the number of products, but no persistence

in these effects past two years after the program. Relative to these studies, the key advantage of

the current evaluation is that program eligibility was based on a lottery rather than the judgment of

program staff. Our results differ both in that we find more persistent effects on exports and that we

do not find effects on the number of destinations or products.

Our paper speaks to the broader literature on government export-promotion efforts. This

literature has also had to rely on non-experimental methods such as difference-in-differences and
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matching estimators. Among the leading studies, Volpe Martincus and Carballo (2008) find that

beneficiaries of Peruvian export-promotion programs over the 2001-2005 period saw increases on

the extensive margins of products and destinations but not in total exports. Álvarez and Crespi

(2000) find that three export-promotion instruments in Chile (exporter committees, presence in

international fairs, and utilization of business information systems) had positive effects on

technological innovation but not on the number of products exported. Other notable contributions

include Bernard and Jensen (2004), Görg et al. (2008), Lederman et al. (2010), Volpe Martincus

and Carballo (2010a,b,c, 2012), Volpe Martincus et al. (2012), Chandra and Long (2013), Van

Biesebroeck et al. (2015, 2016), Munch and Schaur (2018), Defever et al. (2020b,a), Chávez et al.

(2020), Olarreaga et al. (2020), Buus et al. (2025), and Matray et al. (2024).1 The preponderance

of evidence from existing studies suggests that the effects of export-promotion programs are

primarily on the extensive margin of destinations, rather than the intensive margin of exports

within destinations.2 But while the literature has generated many important insights, in the

absence of randomization it is difficult to rule out the possibility that the patterns are due to

unobserved differences between treated and untreated firms.

We are aware of eight experimental studies related to exporting. In collaboration with an

international buyer, Atkin et al. (2017) randomized initial export contracts to Egyptian rug

producers and find effects on rug quality and firm productivity, but are not able to speak to the

effectiveness of government interventions. Iacovone et al. (forthcoming) mainly focus on a novel

method of Bayesian estimation but at the same time evaluate a program that provided consulting

about management practices and find little evidence of an impact on exports. Kim et al. (2018)

find that informational seminars in Vietnam on average had no effect on export participation.

Breinlich et al. (2017) find that informational brochures sent to firms by the UK export-promotion

agency perversely made non-exporters more pessimistic about exporting. Cusolito et al. (2023a)

1Volpe Martincus (2010), Van Biesebroeck et al. (2016), and Srhoj et al. (2023) provide overviews of this literature.
Relatedly, Barteska and Lee (2023) analyze the rotation of bureaucrats within the South Korean export-promotion
agency and find that individual bureaucrats matter for the effectiveness of export-promotion programs.

2For instance, Van Biesebroeck et al. (2015, p. 1483) write, “Virtually all papers in the literature agree that the
dimension of export performance most affected by these programs is the extensive margin.”
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evaluate a business-training program in the Western Balkans that did not specifically target

exports but that had an effect of increasing exports. The contemporaneous projects by Carvalho et

al. (2024) in Brazil and Gonzalez et al. (2024) in Argentina are evaluating programs that offer

information and/or consulting. Another contemporaneous project by Münch et al. (2025)

randomized female entrepreneurs into consortia and examines the effects on export performance.

Relative to these papers, the distinctive aspect of our study is the focus on government financial

support aimed explicitly at increasing exports.

There is a small experimental literature on matching grants unrelated to exporting. Several

experimental evaluations have failed because of political pressures or low take-up (Campos et

al., 2014). Among the few successes, McKenzie et al. (2017) find positive short-term effects of

matching grants for business services in Yemen on product innovation, marketing, and adoption of

accounting systems, but are not able to look at longer-term impacts because of political instability.

Bruhn et al. (2018a) find that a program offering subsidized consulting services to micro, small,

and medium enterprises in Mexico had positive effects on sales, profits, productivity, and long-

run employment. Relative to this literature, we believe that there is value in focusing on matching

grants to promote exports, widely viewed as a key driver of upgrading by developing-country firms

(Verhoogen, 2023a).

Our paper is related to work in international trade on entry costs and the responsiveness of

firms on extensive and intensive margins, outside of the context of export-promotion programs.

An influential study by Das et al. (2007) estimates a dynamic model of export entry by Colombian

firms and infers that the sunk costs of export entry are large and that subsidizing them is unlikely

to be effective in increasing exports.3 One possible reading of our results, consistent with the first

inference of Das et al. (2007), is that the matching grants were small relative to the sunk costs of

entry into a new destination; that might explain the lack of response on the destination margin.

But our finding that the market-access subsidies had a significant effect on the intensive margin

3Das et al. (2007) argue that this is because “exporters that need a subsidy to get into export markets are almost
always marginal suppliers” that face relatively high entry costs, and “large incumbent exporters, who account for most
of the industry’s foreign sales, are unaffected by entry subsidies” (p. 868). See also Cherkashin et al. (2015) and
Arkolakis et al. (2021) and the review by Alessandria et al. (2021).
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of exports runs counter to the second inference. Related work on the question of whether exports

expand primarily on the extensive margins of destinations and products or on the intensive margin

of sales within particular destinations and products includes Kehoe and Ruhl (2013), Albornoz et

al. (2023), Fitzgerald et al. (2024) and Erhardt and Gupta (2024). Relative to this literature, our

study has the advantage of a clean source of exogenous variation and, specifically, variation in

fixed costs as opposed to variable costs.

Finally, our paper is related to a growing literature on empirical evaluations of industrial-policy

interventions, reviewed by Juhász et al. (2023b), Juhász and Steinwender (2023), Lane (2020), and

Reed (2024). Relative to other forms of industrial policy, matching grants for exports have several

attractive aspects: firms are required to have “skin in the game” and hence are arguably more likely

to select promising investments; the subsidies are broad (“horizontal” in the terminology of Crespi

et al. (2014) and others) and do not require governments to choose specific sectors or firms to

support; and, as mentioned above, evidence is mounting that exporting can drive various forms

of upgrading, which in turn generate positive externalities for other firms. As Reed (2024) and

Juhász et al. (2023c) emphasize, export promotion has been the principal form of industrial policy

in many developing countries. As one of the first randomized evaluations of an industrial-policy

intervention, our paper is helping to strengthen the evidence base in this important policy area.

The paper is organized as follows. The next section presents our theoretical framework. Section

2.3 provides an overview of the program context and roll-out. Section 2.4 describes the data and

estimation sample. Section 2.5 discusses our empirical strategy and Section 2.6 reports results.

Section 2.7 concludes.

2.2 Conceptual Framework

To guide our empirical analysis, this section presents a partial-equilibrium model of market-

penetration and product-scope decisions by heterogeneous, multi-product firms. It is essentially

a simplified version of the framework of Arkolakis et al. (2021) Appendix S2, which introduces

market-penetration costs (à la Arkolakis (2010)) and endogenous product scope (à la Eckel and
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Neary (2010), Bernard et al. (2011), and Mayer et al. (2014)) into a Melitz (2003)-type framework.

We depart slightly from Arkolakis et al. (2021) in imposing approximations in order to derive

explicit analytical solutions for product scope and market penetration, but our approach is broadly

consistent with theirs.

2.2.1 Supply Side

In each source country 𝑠, there is an exogenously given continuum of potential producers of

measure 1. Each has a productivity parameter, 𝜙, and a set of firm-destination-specific fixed

market-access costs, 𝑐𝑑 , as in Eaton et al. (2011), where 𝑑 indexes destinations. We order a firm’s

products in a destination (𝑔 = 1, 2, 3, ...𝐺𝑠𝑑) by increasing distance from the firm’s core

competence. Following Arkolakis et al. (2021), we assume that a firm’s efficiency in producing a

product declines in 𝑔 according to 𝜙𝑔 =
𝜙

𝑔𝛼 , where 𝛼 ≥ 0. We normalize labor cost to 1 and allow

for a destination-specific iceberg trade cost, 𝜏𝑠𝑑 . Marginal cost is then:

𝑚𝑐𝑠𝑑𝑔 =
𝜏𝑠𝑑

𝜙𝑔
=
𝜏𝑠𝑑𝑔

𝛼

𝜙
(2.1)

Let 𝑛𝑠𝑑 be the share of consumers in destination 𝑑 that are reached by firm 𝜙 from source

country 𝑠. Again following Arkolakis et al. (2021), we assume that 𝑛𝑠𝑑 is the same for all products

of a firm in a given destination. We further assume that the total costs of market access are given

by:

𝐹𝑠𝑑 (𝐺𝑠𝑑 , 𝑛𝑠𝑑; 𝑐𝑑) = 𝑐𝑑

𝐺𝑠𝑑∑︁
𝑔=1

𝑓𝑠𝑑 (𝑔, 𝑛𝑠𝑑) (2.2)

where for each product:

𝑓𝑠𝑑 (𝑔, 𝑛𝑠𝑑) =
𝑔𝛿𝑠𝑑

𝜓
ln

(
1

1 − 𝑛𝑠𝑑

)
(2.3)

Here 𝛿𝑠𝑑 governs how market-access costs vary with distance from core competence. The

parameter 𝜓 captures the cost of marketing, for instance, the cost of posting an advertisement,

defined (following Arkolakis (2010)) such that a higher 𝜓 corresponds to lower cost; we assume
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𝜓 > 0. Arkolakis (2010) provides a microfoundation for this specification based on a model of

the visibility of advertisements.4 The key properties are that the costs of access increase in market

penetration ( 𝜕 𝑓𝑠𝑑
𝜕𝑛𝑠𝑑

> 0), at an increasing rate ( 𝜕
2 𝑓𝑠𝑑
𝜕𝑛2

𝑠𝑑

> 0), and approach infinity as penetration

approaches 1 (lim𝑛→1 𝑓𝑠𝑑 = ∞), which guarantees less-than-full market penetration in

equilibrium. Although 𝐹𝑠𝑑 varies with market penetration and product scope, it does not depend

directly on firm output; in this sense, it can be thought of as representing fixed market-access

costs.

2.2.2 Demand Side

In each destination country, there is a continuum of consumers of measure 1. Each consumer,

ℓ, faces a potentially different set of firms from each source, Ωℓ
𝑠𝑑

, and has constant-elasticity-of-

substitution (CES) preferences over bundles of varieties offered by firms:

𝑈𝑑 =

(
𝑁∑︁
𝑠=1

∫
𝜙∈Ωℓ

𝑠𝑑

𝑋𝑠𝑑 (𝜙)
𝜎−1
𝜎 𝑑𝜙

) 𝜎
𝜎−1

(2.4)

where the firm-specific bundle 𝑋𝑠𝑑 (𝜙) is itself a CES combination of varieties:

𝑋𝑠𝑑 (𝜙) =
(𝐺𝑠𝑑 (𝜙)∑︁

𝑔=1
𝑥𝑠𝑑𝑔 (𝜙)

𝜎−1
𝜎

) 𝜎
𝜎−1

(2.5)

Here 𝑥𝑠𝑑𝑔 (𝜙) is consumption of variety 𝑔 and 𝐺𝑠𝑑 (𝜙) is the set of varieties offered by firm 𝜙 in

destination 𝑑. Following Arkolakis et al. (2021), we assume that the elasticities of substitution

at the variety and firm level are both equal to 𝜎; setting the elasticities equal in the two nests

simplifies the algebra but is not crucial for our predictions.5

Assuming a large number of firms and consumers in each country, the demand for each product
4Arkolakis (2010) allows the rate at which returns to advertising diminish, captured by his parameter 𝛽, to vary.

Here we focus on the case where 𝛽 = 1 in his model. This greatly simplifies the exposition without (in our view)
sacrificing insights that are important in our setting. Note that a minus sign is missing in the second part of equation
(2) of Arkolakis (2010), which corresponds to (2.3) above.

5To keep the framework as simple as possible, we do not introduce an explicit term capturing product quality;
note that 𝑥𝑠𝑑𝑔 (𝜙) can be considered to be consumption in quality-adjusted units. See e.g. Appendix D of Kugler and
Verhoogen (2012) for a discussion.
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in each destination is:

𝑥𝑠𝑑𝑔 (𝜙) = 𝑝𝑠𝑑𝑔 (𝜙)−𝜎𝑛𝑠𝑑 (𝜙)𝑇𝑑𝑃𝑑
𝜎−1 (2.6)

where 𝑝𝑠𝑑𝑔 (𝜙) is the price of variety 𝑔 offered by firm 𝜙; 𝑛𝑠𝑑 (𝜙) is the firm’s probability of reaching

a given consumer; 𝑇𝑑 is total consumer expenditure, and 𝑃𝑑 is the aggregate CES price index

corresponding to (2.4)-(2.5).6

2.2.3 Optimal Product Scope and Market Penetration

We can now consider the firm’s choices of product scope and market penetration. To reduce

clutter, we focus on the decisions of a single firm, with productivity 𝜙, from a single origin, 𝑠,

selling to a single destination, 𝑑, and suppress the 𝑠𝑑 subscripts and the dependence on 𝜙. Similar

relationships hold for each firm-source-destination combination.

Given the CES demand structure, the firm’s markup over costs is constant and the optimal price

is:

𝑝𝑔 =

( 𝜎

𝜎 − 1

)
𝑚𝑐𝑔 =

𝜎

𝜎 − 1
𝜏𝑔𝛼

𝜙
(2.7)

Using (2.1), (2.2), (2.3), (2.6) and (2.7), the profit of the firm can then be written as a function of

product scope, 𝐺, market penetration, 𝑛, and variables that the firm takes as exogenous:

𝜋(𝐺, 𝑛) =
𝐺∑︁
𝑔=1

(𝑝𝑔 − 𝑚𝑐𝑔)𝑥𝑔 − 𝑐𝑑

𝐺∑︁
𝑔=1

𝑓 (𝑔, 𝑛) = Θ𝑛
©­«

𝐺∑︁
𝑔=1

𝑔−𝛼(𝜎−1)ª®¬ − 𝑐𝑑

𝜓
ln

(
1

1 − 𝑛

) 𝐺∑︁
𝑔=1

𝑔𝛿 (2.8)

where Θ B
(
𝜎−1
𝜎

𝜙

𝜏

)𝜎−1
𝑇𝑑𝑃𝑑

𝜎−1

𝜎
.

As in Arkolakis et al. (2021), we need to impose a restriction on the parameters to ensure that

6That is,

𝑃𝑑 =

( 𝑁∑︁
𝑠=1

∫ +∞

0

𝐺𝑠𝑑 (𝜙)∑︁
𝑔=1

𝑝𝑠𝑑𝑔 (𝜙)1−𝜎𝑛𝑠𝑑 (𝜙)ℎ𝑠 (𝜙)𝑑𝜙
) 1

1−𝜎

where ℎ𝑠 (𝜙) is the probability density of productivities in 𝑠. See Arkolakis (2010) and Arkolakis et al. (2021).
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the firm’s product-scope choice problem is well defined:

𝛿 + 𝛼(𝜎 − 1) > 0 (2.9)

This condition ensures that the incremental costs from adding a new product will increase more

quickly than incremental revenues and hence that we will have an interior solution to the choice

of product scope.7 Below we use approximations that require additional restrictions on these

parameters.

In this context, Tasdir+-type matching grants can be interpreted either as reducing

destination-level market-access costs, 𝑐𝑑 , or as lowering marketing costs within a given

destination, here captured by an increase in 𝜓. Given our functional-form assumptions, reductions

in 𝑐𝑑 and increases in 𝜓 are isomorphic; only the ratio 𝑐𝑑/𝜓 appears in (2.8). Let 𝑎 B 𝑐𝑑/𝜓

represent combined market-access costs.

The fact that 𝑔 and 𝐺 take on only integer values makes the optimization problem non-standard

— in particular, a mixed integer programming problem. Such problems are often difficult to solve

analytically (see e.g. Boyd et al. (2007, Sec. 9.2)), and this case is no exception. For the purpose

of guiding the interpretation of our experiment, we feel that it is useful to derive explicit analytical

results. To do so, we approximate the summations in (2.8) by Riemann integrals:8

𝐺∑︁
𝑔=1

𝑔𝛿 ≈ 𝐺1+𝛿

1 + 𝛿
,

𝐺∑︁
𝑔=1

𝑔−𝛼(𝜎−1) ≈ 𝐺1−𝛼(𝜎−1)

1 − 𝛼(𝜎 − 1) (2.10)

7This condition is an analogue in our context of the assumption in Arkolakis et al. (2021) that combined incremental
scope costs are strictly increasing (their Assumption 1).

8These approximations are increasingly good as 𝐺 grows large. To see this, let 𝑧𝑔 = 𝑔/𝐺 and note that 𝑧1, 𝑧2, ..., 𝑧𝐺
form a regular partition of the interval [0, 1]. Then:

lim
𝐺→∞

𝐺∑︁
𝑔=1

𝑔𝛿 = 𝐺1+𝛿 lim
𝐺→∞

𝐺∑︁
𝑔=1

𝑧𝛿𝑔 4 𝑧𝑔 = 𝐺1+𝛿
∫ 1

0
𝑧𝛿𝑑𝑧 =

𝐺1+𝛿

1 + 𝛿

where 4𝑧𝑔 = 𝑧𝑔 − 𝑧𝑔−1. A similar argument holds for
∑𝐺

𝑔=1 𝑔
−𝛼(𝜎−1) .
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These integrals are well-defined only if the exponents in the summations are greater than -1,9 i.e.

𝛿 > −1, 𝛼(𝜎 − 1) < 1 (2.11)

We impose these restrictions hereafter.

Using an envelope theorem with an arbitrary choice set from Milgrom and Segal (2002),

optimal market penetration can be written as a function of product scope, 𝐺:

𝑛∗(𝐺) = 1 − 𝑎Λ

Θ
𝐺𝛿+𝛼(𝜎−1) (2.12)

where Λ B 1−𝛼(𝜎−1)
1+𝛿 and 0 < Λ < 1 by (2.9) and (2.11). See Appendix B.1.1.

To characterize the optimal choice of product scope, we first consider a relaxation of the

problem in which product scope is treated as a continuous variable, call it 𝐺. In Appendix B.1.2,

we derive an analytical solution for the optimal 𝐺:

𝐺∗ =

[
Θ

𝑎
��𝑊−1

(
−Λ𝑒−Λ

) ��
] 1

𝛿+𝛼(𝜎−1)

(2.13)

where 𝑊−1(·) is one branch of the Lambert W function (Corless et al., 1996).10 Note that optimal

product scope is declining in market-access costs ( 𝜕𝐺
∗

𝜕𝑎
< 0). Plugging (2.13) into (2.12) gives the

optimal market penetration in the relaxed case — call it 𝑛̃∗ — which does not vary with market-

access costs ( 𝜕𝑛̃
∗

𝜕𝑎
= 0).

Turning back to the integer-constrained problem, we show in Appendix B.1.3 that optimal

integer product scope, 𝐺∗, is a decreasing step function of 𝑎, defined by the following cutoffs:

𝑎̂𝑘 =
Θ𝐻

Λ|𝑊−1(−𝐻𝑒𝐽) |
(2.14)

9See e.g. Hunter (2014, ex. 12.25).
10The Lambert W function is also sometimes referred to as a product logarithm, since if (and only if) 𝑦𝑒𝑦 = 𝑥

then 𝑦 = 𝑊 𝑗 (𝑥); the function has two branches, indicated by 𝑗 ∈ {−1, 0}. For 𝑥 ≥ 0, 𝑦 = 𝑊0 (𝑥); for − 1
𝑒
≤ 𝑥 < 0,

𝑦 = 𝑊0 (𝑥) or 𝑊−1 (𝑥). We show in Appendix B.1.2 that 𝑊−1 (·) is the relevant branch in (2.13). It will be useful below
to note that 𝑊−1 (𝑥) < −1 for − 1

𝑒
≤ 𝑥 < 0.
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where 𝐻 B
( (𝑘+1)1−𝛼(𝜎−1)−𝑘1−𝛼(𝜎−1))

( (𝑘+1)1+𝛿−𝑘1+𝛿) , 𝐽 B (𝛿 + 𝛼(𝜎 − 1)) ( (𝑘+1)1+𝛿 ln(𝑘+1)−𝑘1+𝛿 ln 𝑘)
(𝑘+1)1+𝛿−𝑘1+𝛿 − 1, and 𝑘

indexes the steps. It follows from (2.12) that optimal market penetration in the integer-constrained

problem, 𝑛∗(𝑎), is declining in 𝑎 within each range (𝑎̂𝑘+1, 𝑎̂𝑘 ) and that the optimal market

penetration increases discontinuously at each cutoff (i.e. lim𝑎→𝑎̂−
𝑘
𝑛∗(𝑎) < lim𝑎→𝑎̂+

𝑘
𝑛∗(𝑎)). It

follows from (2.14) that the cutoff for introducing the first product in a destination is 𝑎̂0 = Θ
Λ

.

The key patterns are illustrated in Figures 2.1 and 2.2. In Figure 2.1, the green curve represents

the optimal (continuous) 𝐺∗(𝑎), which declines in 𝑎; the {𝑎𝑘 } are the values of 𝑎 at which 𝐺∗(𝑎)

happens to take on integer values (i.e. at which 𝐺∗(𝑎𝑘 ) = 𝑘 for 𝑘 = 1, 2, 3, 4, ...). The blue

step function, with cutoffs ..., 𝑎̂4, 𝑎̂3, 𝑎̂2, ..., represents the optimal product scope under the integer

constraint, 𝐺∗(𝑎). In Figure 2.2, optimal market penetration in the relaxed problem is given by

the red dotted horizontal line at 𝑛̃∗. The purple sawtooth curve represents 𝑛∗(𝑎), the optimal

market penetration under the integer constraint, which declines in market-access costs between

consecutive cutoffs 𝑎̂𝑘+1 and 𝑎̂𝑘 .

2.2.4 How Product Scope, Market Penetration, and Exports Respond to Market-Access Subsidies

Market-access subsidies of the type provided by the Tasdir+ program in our experiment can be

thought of as reducing market-access costs, 𝑎. What impacts would we expect on product scope,

market penetration, and total exports? We draw two main implications from the model.

First, product scope may be insensitive to changes in market-access costs. As is evident in

Figure 2.1, 𝐺 is weakly decreasing in 𝑎 (and hence weakly increasing in reductions in 𝑎), but,

crucially, a reduction in 𝑎 will only affect 𝐺 if the change shifts 𝑎 across one of the cutoffs, 𝑎̂𝑘 .

Depending on the values of the various parameters, the ranges over which destination entry and

destination-specific product scope remain unchanged may be wide. If so, product scope may not

respond to the market-access subsidies.

Second, market penetration and export sales can be expected to respond even in the absence of

changes in product scope. Even when they do not shift 𝑎 across one of the cutoffs, reductions in 𝑎

have an impact on the intensive margin of market penetration within a given destination-product.
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As can be seen in Figure 2.2, between any two thresholds, 𝑎̂𝑘+1 and 𝑎̂𝑘 , a reduction in 𝑎 increases 𝑛.

As a consequence, a firm’s exports can be expected to increase with the reduction in market-access

costs, even when there is no change in product scope. Using (2.6), (2.7), and (2.12), we can write

total firm export revenues from a destination, call them 𝐸 , as follows (refer to Appendix B.1.4):

𝐸 =

𝐺∑︁
𝑔=1

𝑝𝑥𝑔 =

[
Θ − 𝑎Λ𝐺𝛿+𝛼(𝜎−1)

] 𝜎𝐺1−𝛼(𝜎−1)

1 − 𝛼(𝜎 − 1) (2.15)

It is evident from (2.15) that for a given product scope, 𝐺, exports are declining in market-access

costs, 𝑎. In the empirical work below, we will consider proportional changes in exports in response

to reductions in market-access costs. If there are no changes in product scope, then such changes

can be written:
𝑑𝐸/𝑑𝑎

𝐸
= − Λ𝐺𝛿+𝛼(𝜎−1)

Θ − 𝑎Λ𝐺𝛿+𝛼(𝜎−1) < 0 (2.16)

If the reduction in 𝑎 induces changes in product scope, then the proportional change in exports will

be a complicated mix of intensive- and extensive-margin changes. But we will see below that the

empirically relevant case is the one in which there is no change in product scope. In this case, we

have an unambiguous prediction that exports increase proportionally in response to a reduction in

market-access costs. As noted above, the implication that exports might respond on the intensive

margin to reductions in the fixed costs of market access, even in the absence of changes in product

scope, stands in contrast to the predictions of now-standard heterogeneous-firm models of trade

such as Melitz (2003) and Bernard et al. (2011), in which fixed market-access costs matter for

firms’ entry into destinations and products but not for market penetration or sales conditional on

entry.

Although we consider them to be of lower importance, our framework also carries implications

for heterogeneous treatment effects in response to the subsidies. In particular, the response of

exports can be expected to vary with the level of market-access costs that a firm faces, other things
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equal. From (2.16), if there is no change in product scope, it follows that:

𝜕

𝜕𝑎

(
𝑑𝐸/𝑑𝑎

𝐸

)
< 0 (2.17)

That is, lower market-access costs dampen the responsiveness of exports to reductions in market-

access costs (i.e. 𝑑𝐸/𝑑𝑎
𝐸

is less negative for firms facing lower 𝑎). Similarly, it can be shown that

the responsiveness of exports in proportional terms is lower for higher-productivity (and hence

larger) firms. Recalling from the definition of Θ following equation (2.8) that Θ is increasing in

firm productivity, 𝜙, we have:
𝜕

𝜕𝜙

(
𝑑𝐸/𝑑𝑎

𝐸

)
> 0 (2.18)

That is, for a given product scope and level of market-access costs, higher productivity dampens

the responsiveness of exports to reductions in market-access costs (i.e. 𝑑𝐸/𝑑𝑎
𝐸

is less negative).

2.3 Context and Experimental Design

A key motivation for Tunisian export-promotion programs has been limited diversification of

the country’s export destinations and products (Lopez-Calix et al., 2010). Approximately 75% of

Tunisia’s exports go to Western Europe — 58.1% to France, Italy, and Germany alone. Exports are

concentrated in a small number of sectors, including machinery and transport equipment, textiles,

and agricultural products.11

The Tunisian government has devoted substantial resources to a series of export-promotion

programs, administered by its export-promotion agency, CEPEX. In 1999, it launched a matching-

grants-for-exports program known as FAMEX I with a budget of USD 24 million (over multiple

years). This was followed in 2006 by FAMEX II — the subject of Gourdon et al. (2011) and

Cadot et al. (2015) — with a budget of USD 37.6 million. Since 1989, CEPEX has also managed

a large program to defray transportation costs for Tunisian exporters, known as FOPRODEX, with

a recent budget of USD 17-25 million per year.

11These figures are from our own calculations using World Integrated Trade System (WITS) data.
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The Tasdir+ program, known officially as the Fund for Competitiveness and Export

Development Support [Fonds d’Appui à la Compétitivité et au Développement des Exportations],

was created in 2014 with a budget of USD 23.5 million. The stated objectives were to increase

exports in a sustained manner and to promote diversification towards higher-value-added exports

and new markets. The program funded non-randomized waves of matching grants in 2015 and

2017.

Given the large expenditures on export promotion, the Tunisian government has been keenly

interested in the cost-effectiveness of its subsidies. It decided in 2018, with encouragement from

the World Bank, to randomize grants in the third and fourth waves of the Tasdir+ program.12 The

budget for the randomization sample was USD 14 million. There were four calls for applications

as part of the third wave and one call as part of the fourth wave. We refer to these calls as “rounds”

and focus on these five rounds hereafter.

As part of the application, firms were required to submit a “business plan” listing expenditures

to be subsidized by the grant. CEPEX staff reviewed the applications to determine eligibility. To be

eligible, a firm had to fulfill the following criteria: (1) be privately owned; (2) be legally based in

Tunisia; (3) not be a retailer or wholesaler;13 (4) not be an artisanal firm; (5a) (for non-agricultural

firms) have a liquidity ratio, defined as assets over liabilities averaged for the three calendar years

preceding the program year, greater than or equal to 1,14 or (5b) (for agricultural firms) have five

or more permanent employees or at least one export operation during the three calendar years

preceding the program year; and (6) be established prior to Jan. 1, 2015 for Rounds 1-4 or Jan. 1,

2017 for Round 5. Further details on the eligibility rules are in Appendix B.2.

In their applications, firms could propose a budget of up to TND 300,000 (USD 100,000),15 of

which the matching grant would cover 50%. Business plans could be of two types: support for

exporting (appui a l’export) or setting up an affiliate abroad (implantation a l’étranger).

12A small number of firms received support in the third and fourth waves without being included in the
randomization sample; see Appendix B.2 for details.

13An exception to this rule was made for import-export firms, known locally as “trading firms.”
14For round 5, the liquidity threshold was lowered to 0.9.
15The average exchange rate over our study period was approximately 3 TND/USD, and we use that rate throughout

the paper.
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Approximately 75% of firms chose the former. For this type of plan, eligible expenses included

visits to expositions and trade fairs; market research expenditures; marketing expenditures;

creation of websites and other forms of online marketing; and certification and regulatory

compliance expenditures for products. For the second type of plan, eligible expenses included

rent and other costs of maintaining the foreign office; travel abroad to monitor the foreign office;

costs of trademark registration in the foreign country; and technical assistance required to set up

or maintain the foreign office. A full list of eligible expenditure categories appears in Table 2.1.

Importantly for our study, variable costs such as wages and material input expenditures were not

eligible for support, nor were capital investments such as purchase or installation of equipment. In

their applications, firms were required to list 2-3 target export destinations, of which at least half

had to be new destinations. Firms’ business plans had to be approved by CEPEX staff in order for

the firms to be included in the randomization sample. Once the business plans were approved,

firms were also required to respond to our baseline survey to be included in the randomization.

Figure 2.3 summarizes the timeline of the experiment. The first call for applications to the

experimental phase was launched in July of 2018. Randomization for the five rounds was carried

out in public meetings in Sept. 2018, Nov. 2018, Feb. 2019, May 2019, and Dec. 2019. Following

each randomization, the Tasdir+ steering committee formally approved the grants for selected firms

and the firms were officially enrolled; this process typically took 2-3 months. Firms then had

12 months in which to incur the expenses in their business plans. Note that part of the Round

4 spending period and almost all of the Round 5 spending period coincided with the covid-19

pandemic; we return to this issue below. Control firms were excluded from re-applying to the

program for at least 12 months.16 Although we primarily rely on administrative data to track

outcomes, we conducted a follow-up survey with Rounds 1-3 in July-Dec. 2020 and with Rounds

4-5 in March-Dec. 2021. When referring to pre-program information, we follow Tasdir+ practice

in using 2017 as the reference year for Rounds 1-4 and 2018 for Round 5.

Within each round, randomization was stratified by sector, size, and type of business plan.

16Four control firms from Round 1 re-applied in Round 5; these firms were not included in the the Round 5
randomization sample.
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Firms were classified into 6 sectors: agriculture/fishing (5% of randomization sample), trading

(10%), food processing (7%), non-food manufacturing (34%), information and communication

technology (ICT) services (14%), and non-ICT services (30%). Size categories for each sector

(small, medium, large) were calculated based on the revenue distribution of previous beneficiaries

of Tasdir+. In some rounds, because of prohibitively small numbers of firms in some strata, we

pooled strata prior to randomization; see Appendix B.2 for details. At the most disaggregated level,

there were 28 strata.

The experiment faced a key difficulty in implementation. The original design included a “pay

for performance” treatment arm in which firms that succeeded in increasing exports would

receive an additional rebate, up to 40% of eligible expenses, beyond the 50% matching grant (i.e.

up to 90% together). To conform to World Trade Organization (WTO) rules, these performance

rebates were limited to firms selling food and agricultural goods. See Appendix B.2.2 for details.

Approximately midway through our study, an external government auditor prohibited the Tasdir+

program from reimbursing more than 50% of expenses, effectively eliminating the rebates. In

total, of the 41 firms selected to be eligible for rebates, only 5 submitted rebate requests and none

received a rebate. Thus, in practice, the “Matching Grant + Rebate” arm was effectively the same

as the “Matching Grant Only” arm and we treat them as a single treatment in our analysis.

Pooling rounds, 487 firms were included in the randomization sample. In Rounds 1-4, two-

thirds of firms in the rebate-eligible sectors and one-half of other firms were assigned to receive

matching grants. In Round 5, two-thirds of all firms were assigned to receive matching grants.

Overall, among the 487 firms in the randomization sample, 281 were assigned to receive grants

and 206 were assigned to control. Of the 281 firms assigned to treatment, 269 signed a contract

with CEPEX and officially enrolled. For the enrolled firms, the average approved matching grant

was approximately USD 30,000 (TND 90,000), based on a total business-plan budget of USD

60,000. Of the 269 enrolled firms, 187 eventually submitted at least one reimbursement request

to CEPEX. Among these 187 firms, the average “realization rate,” i.e. the share of the approved
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grant that was reimbursed by the end of the program, was 22%.17 Thirty-five of the 187 firms that

submitted at least one request received no reimbursement.

Two additional features of the institutional context are particularly relevant. First, a significant

share of Tunisian firms (about 30% of our randomization sample) are classified legally as “totally

exporting.” Administratively, these firms are in a free trade zone, outside of the Tunisian customs

area. Firms in this regime sell most of their production abroad, but are allowed to sell part of their

output (usually up to 30% of sales) on the domestic market.18 Second, wages in Tunisia are in

large part determined by sectoral bargaining agreements (World Bank, 2014; Angel-Urdinola et

al., 2015). According to the International Labour Organization, these agreements covered around

63% of private- and public-sector workers in 2019 (ILO, 2023). The agreements stipulate base

salary grids that are binding for many firms (Ali and Trang, 2025).

2.4 Data

This section reviews the data sources we use and the estimation samples we construct.

Additional details are in Appendices B.3 and B.4.

2.4.1 Sources

Several sources of administrative records are collected in the Repertoire National des

Entreprises (RNE) [National Repertory of Firms], a database of registered firms maintained by the

Tunisian national statistical agency, the Institut National des Statistiques (INS). In particular, the

RNE contains annual domestic sales and exports from corporate tax declarations to the Direction

Générale des Impôts (DGI) [General Tax Authority] and firm-level employment and wages from

the Caisse Nationale de Sécurité Sociale (CNSS) [National Social Security Fund]. We have been

17A natural question is why this realization rate was so low. Conversations with firms suggest two possible
explanations. One is that firms were worried that administrative delays or policy-related factors would prevent CEPEX,
the implementing agency, from actually issuing the reimbursements. A second is that there were frictions in the process
of changing business plans. Although in principle firms were able to modify their plans with CEPEX approval, firms
reported that in practice the process was difficult.

18Totally exporting firms have benefited historically from an array of advantages such as VAT exemption, a reduced
10% corporate tax rate, import tax exemptions on inputs, and hiring incentives.
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able to link all 487 firms from the Tasdir+ randomization sample to the RNE, although not all

variables are available for all firms, as discussed below. Importantly, the RNE data contain

information on exports for service firms as well as non-service firms (from the corporate tax

records). We use the RNE from 2015 to 2021, the latest year to which we have access.

Through an agreement between two government ministries that we helped to facilitate, we

have also been able to access data on firms’ international transactions from 2017-2022 from the

Tunisian customs authority. In these data, we observe transaction-level export records at the level

of destination country, date of shipment, and 11-digit product category.19 A shortcoming of the

customs data is that firms are required to submit declarations only when they ship physical goods;

service firms typically are not required to submit declarations for exported services. For this reason,

we primarily rely on the RNE for information on exports, although we use the customs data when

focusing on the number of destinations or products.

We also have access to administrative data from the Tasdir+ program itself, for all firms in the

randomization sample. Data from firms’ applications include sector, quality certifications, number

of employees, sales, targeted countries, and expected effects. We also observe reimbursement

requests and amounts disbursed for treated firms.

Finally, we conducted baseline and follow-up surveys. We asked about the actions firms took to

increase exports and about the amounts spent on innovative activities, among other variables. Since

responding to the baseline survey was a condition for eligibility for the matching grant, we have

complete coverage at baseline. But response rates to the endline survey were much lower, in part

due to the covid-19 pandemic and in part to the fact that CEPEX had little leverage to oblige firms

to respond.20 For this reason, we rely primarily on the information from administrative records to

evaluate the impact of the program, although we present some results from the survey below.

19The 11-digit categories are from the Nomenclature de Dédouanement des Produits (NDP) [Customs Clearance
Product Nomenclature], Tunisia’s most detailed product classification; the first 6 digits are harmonized with the
international Harmonized System (HS) trade categories.

20Lower-than-usual responses during the pandemic were documented even in established surveys like the Current
Population Survey in the US (Rothbaum and Bee, 2021).
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2.4.2 Samples

Given the incomplete information in the RNE, customs and survey datasets, we must use

different samples when analyzing different outcomes. The five samples we use are the following.

1. The Randomization Sample contains information from the Tasdir+ applications for all 487

firms included in the randomization.

2. The RNE Export Sample includes the 377 firms for which sales and exports from the DGI

(tax authority) are available in the RNE in both the reference year (2017 for Rounds 1-4,

2018 for Round 5) and in 2021 (and for which sales are observed in the application data at

baseline).

3. The RNE Employment Sample includes the 327 firms in the RNE Export Sample for which

the RNE also reports employment and wages from the CNSS (social security agency) in both

the reference year and in 2021.

4. The Customs Sample contains the 210 non-service firms from the RNE Export Sample. If a

non-service firm from the RNE Export Sample has no reported exports in a given year, we

impute zero exports, and similarly for imports. Although service firms occasionally show up

in the customs data as exporters or importers of physical goods, the customs data do not give

a true picture of their engagement in international markets and we exclude them.

5. The Survey Sample contains the 204 firms for which we observe information on actions and

spending in both the baseline and endline surveys.

2.4.3 Descriptive Statistics

Table 2.2 reports balance between the treatment and control groups for the Randomization

Sample. Appendix Tables B.1-B.4 present similar balance tables for the other samples. To facilitate

comparison, we include five key variables from the administrative data for each sample — export

regime, firm age, domestic capital share, employment, and sales — in addition to variables specific
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to each sample. In these balance tables, as well as in the regressions below, monetary variables

have been winsorized at the 3%/97% level to reduce the influence of outliers. We observe balance

between the treatment and control groups, conditional on round and stratum fixed effects, in the

Randomization, RNE Export, RNE Employment, and Customs Samples. At the same time, it

is important to note that the patterns of missing data create differences across samples (without

generating imbalance between treatment and control); in particular, firms in the RNE and Customs

Samples tend to be older and larger than firms in the full Randomization Sample. Also, there is

some indication of imbalance in the Survey Sample; in particular, it appears that larger (higher-

sales) treated firms were more likely to respond to the endline than larger control firms. Although

we do not reject the joint null of no treatment-control differences (conditional on round and stratum

effects) in this sample, below we show that the results are robust to controlling for the baseline

characteristics that display a lack of balance.

2.5 Empirical Strategy

Given that we have a randomized experiment, the empirical analysis is straightforward. The

main complication is that the outcome of primary interest is exports, a variable with a significant

number of zeros. There is an active econometric debate about the best way to analyze outcomes

in such cases (Chen and Roth, 2024). The literature has not converged on a consensus solution.

Our approach is to present estimates using what we perceive to be the two leading approaches and

show that the results are robust.

Our preferred specification is a simple two-part ANCOVA specification, where we run separate

regressions with (binary) exporter status and log exports as outcomes and control for values of the

dependent variable in the reference year (pre-program). The basic specification is:

𝑌𝑖,2021 = 𝛽𝑇𝑟𝑒𝑎𝑡𝑒𝑑𝑖 + 𝛼𝑌𝑖,𝑟𝑒 𝑓 𝑦𝑒𝑎𝑟 + 𝛾𝑟 + 𝛿𝑠 + 𝜖𝑖 (2.19)

where 𝑌𝑖,2021 denotes outcome 𝑌 for firm 𝑖 in year 2021 (e.g. either exporter status or log exports),
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𝑌𝑖,𝑟𝑒 𝑓 𝑦𝑒𝑎𝑟 denotes outcome 𝑌 for firm 𝑖 in the reference year (2017 for rounds 1-4, 2018 for round

5), 𝑇𝑟𝑒𝑎𝑡𝑒𝑑𝑖 is an indicator for being assigned to receive the matching grant in the randomization,

𝛾𝑟 are round fixed effects, 𝛿𝑠 are strata fixed effects, and 𝜖𝑖 is an error term. The approach of

controlling for baseline values of the outcome has been shown to have higher power than standard

difference-in-differences when autocorrelation is low (McKenzie, 2012). Note that the regression

with log exports as the outcome can only be implemented among continuous exporters, and only

captures the intensive margin of exports, conditional on exporting. When analyzing outcomes

without zeros (for example, sales and employment), we simply estimate (2.19) with the log of the

outcome as the dependent variable.

For outcomes with many zeros, we also present estimates from a Poisson Pseudo Maximum

Likelihood (PPML) estimator (Gourieroux et al., 1984; Santos Silva and Tenreyro, 2006;

Wooldridge, 2010, section 18.2; Chen and Roth, 2024), where we include firm fixed effects to

increase precision. The model is:

𝑌𝑖𝑡 = exp(𝛽𝑇𝑟𝑒𝑎𝑡𝑒𝑑𝑖 × 𝑃𝑜𝑠𝑡𝑡 + 𝛾𝑖 + 𝜆𝑡)𝜂𝑖𝑡 (2.20)

where 𝑌𝑖𝑡 denotes the level of the outcome (e.g. exports) for firm 𝑖 in the reference year (2017

for rounds 1-4, 2018 for round 5) or 2021, 𝑇𝑟𝑒𝑎𝑡𝑒𝑑𝑖 is an indicator for being assigned to receive

the matching grant in the randomization, 𝑃𝑜𝑠𝑡𝑡 is an indicator for the year 2021, 𝛾𝑖 are firm fixed

effects, 𝜆𝑡 are year fixed effects, and 𝜂𝑖𝑡 is an error term (with mean 1) clustered by firm. In this

context, 𝑒𝛽 − 1 is equal to the population-average treatment effect as a proportion of the control

mean. Note that this estimand combines effects on the extensive and intensive margins (e.g. of

entry into exporter status and exports conditional on entry).

Our choice of outcome year merits some discussion. The RNE is an annual dataset, covering

calendar years. Three of our five randomization rounds occurred in 2019 (refer to Figure 2.3). The

first year of the covid-19 outbreak, 2020, saw a sharp contraction of economic activity in Tunisia,

as elsewhere, and events in that year are difficult to interpret. We therefore focus on 2021, the
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latest year to which we have access in the RNE, to study post-intervention outcomes.

2.6 Results

2.6.1 Export Outcomes

Panel A of Table 2.3 reports two-part ANCOVA estimates of (2.19) in the RNE Export Sample

of 377 firms. Column 1 reports a linear probability model with a 0/1 exporter indicator as the

outcome. Although the point estimate is positive, indicating an increase of 5% in the probability of

having positive exports, on a baseline value of 78%, we are not able to reject the null of no effect

at conventional levels of confidence. When we focus in Column 2 on continuous exporters (i.e. the

244 firms with positive exports in both the reference year and 2021), we find a significant positive

effect of 39 log points (48%).

Panel B of Table 2.3 reports PPML estimates of (2.20) for exporter status (Column 1) and the

level of exports (Column 2). Although the point estimate is positive, the estimate of the treatment

effect on exporter status is not significant. In Column 2, we find a marginally significant positive

estimate of 0.24, equivalent to a proportional average treatment effect of (exp(0.24)-1)=27%.

Given that this PPML estimates combines the intensive margin of exports with the extensive

margin of entry into exporting, on which there is relatively little adjustment, it is not surprising

that the magnitude is smaller in percentage terms that in Column 2 of Panel A.

Whichever specification we focus on, the estimated effect on exports is large in economic

terms. Average exports in the reference year were approximately USD 720,000 (TND 2.15

million). The increase in exports over the 3-4 years between the reference year and 2021 is thus

estimated to be on the order of USD 200,000-350,000. Recall that the program offered

reimbursement of up to USD 50,000, but that the average realization rate was 22% on matching

grants of approximately USD 30,000 among the 187 firms (of 281 treated firms) that submitted at

least one reimbursement request. Hence the average payout was approximately US 4,400 per firm

(30,000 * .22 * (187/281)). Our estimates thus suggest that the program generated an increase of

USD 58-68 in exports on average for every dollar spent. This effect is large, but not out of line
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with the existing literature. For instance, using a non-experimental approach, it has been

estimated that a USD 1 increase in the budget of trade promotion organizations is associated was

an increase of approximately USD 100 in exports (ITC, 2016; Olarreaga et al., 2020; Olarreaga,

2024). In percentage terms, our estimates range from 27% to 48% over 3-4 years. Volpe

Martincus and Carballo (2008) find that participation in a Peruvian export-promotion program

was associated with an increase in exports of 16-36 log points (17-43%), over a shorter time

period than we consider here. Volpe Martincus (2010) reports an effect size of approximately

20% for an Argentinian export-promotion program and 24% for a Colombian one.

The program thus appears to have been quite successful in realizing one of its primary aims, to

increase Tunisian exports overall. How successful was it in realizing its other main aim, of helping

firms diversify their export destinations and products? To investigate, we turn to the Customs

Sample, in which we see destinations of exports and export volumes at the 11-digit product level.

Table 2.4 reports estimates of the effect of the program on the numbers of export destinations

and products. Panel A reports our ANCOVA specification, (2.19), and Panel B reports the PPML

specification, (2.20). For comparison purposes, we include exporter status and exports as outcomes

in Columns 1-2, which are directly comparable to Table 2.3, and the estimates are similar, with

slightly larger standard errors (as would be expected given the reduced sample). In Columns 3-4,

there is no evidence of a positive effect on the numbers of destinations or products. Indeed, the

point estimates in Panel A and in Column 4 of Panel B are negative.

Another way of evaluating the success of the matching grants in diversifying exports is to look

at the effect on the numbers of new destinations or products. If the matching grants led firms both

to add new destinations and products and drop old ones, we might see no effect in total numbers

of destinations and products but positive effects on new destinations and products. We consider a

destination or product to be new if it did not appear in the customs data in the reference year for a

given firm. Recall that firms had to identify 2-3 targeted destinations in their Tasdir+ applications,

of which at least half had to be new destinations, so we can also examine whether firms added

new targeted destinations. Table 2.5 presents simple regressions with different measures of new
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destinations or products as outcomes. With the outcomes defined in this way, there are no baseline

values to control for; we present OLS estimates in Panel A and PPML estimates in Panel B, and

we only include data from 2021. There is one marginally significant coefficient for the number of

new targeted destinations in Column 4, Panel B. But generally the estimates reinforce the above

observation that there is little evidence of an effect on the destination or product margins.

Overall, it appears that the matching grants did not meaningfully increase the diversification of

treated firms’ exports. Because of imprecision in the estimates, we cannot rule out modest positive

effects on the order of 0.20 more destinations or 0.33 new products in response to the program.

But with the standard models of Melitz (2003) and Bernard et al. (2011) in mind, one would likely

have expected a larger response on these margins, especially given the large increase in exports

overall. In contrast, the non-results for destinations and products accord quite naturally with the

model presented above. In particular, the results are consistent with the two main implications

highlighted in Section 2.2.4, that product scope may be insensitive to subsidies to market-access

costs (first implication), even as market penetration and exports rise with such subsidies (second

implication).

2.6.2 Mechanisms

The rich combination of datasets we have collected allows us to explore the mechanisms

underlying the reduced-form relationship between the matching grants and exports documented in

Table 2.3. In this subsection, we consider the impacts of the matching grants on a variety of other

outcomes. When the frequency of zeros is not an issue, we focus on the ANCOVA specification

(equation (2.19)).

We first consider the effects of the program on domestic and total sales. In the presence of

capacity constraints, an increase in exports induced by the program might have been expected to

reduce domestic sales — the flip side of the dynamic highlighted by Almunia et al. (2021), in

which firms reacted to a domestic slump by selling more abroad. But it does not appear that this

was the case. Table 2.6 reports both ANCOVA (equation (2.19)) and PPML (equation (2.20))
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results for domestic and total sales in the RNE Export Sample. (Because some firms, particularly

“totally exporting” firms, have zero domestic sales, the sample size drops in Column 2 of Panel A,

when log domestic sales is the outcome.) There is little evidence of increased exports crowding

out domestic sales; the point estimates for domestic sales are positive. There is some suggestive

evidence of a positive effect on total sales, in particular a marginally significant estimate in the

PPML results in Column 3 of Panel B, although given the noisiness of the data and the size of the

standard errors, it is difficult to make definitive statements.

The grants appear not to have led firms to increase employment or wages. Table 2.7 considers

employment and average earnings per worker at the firm level using the RNE Employment

Sample. For comparison purposes, Columns 1-2 report estimates for a 0/1 exporter indicator and

log exports; the coefficients are similar to those in Table 2.3. The main new information is in

Columns 3-5: we find no effects on log employment, log quarterly earnings per employee, or log

total wage bills; the point estimates are -0.01, 0.01, and 0.00 respectively. Given the imprecision

in our estimates, we cannot rule out modest positive effects. But we nevertheless view the lack of

effects on employment and earnings as surprising, given the substantial effects on exporting.

Studies have typically found positive effects of exporting on wages (see e.g. Verhoogen (2008);

Brambilla et al. (2012); Hummels et al. (2014); Frías et al. (2024)). One possible explanation

relates to Tunisian labor-market institutions. As noted above, sectoral bargaining agreements are

prevalent and often binding at the firm level, which may explain the lack of wage effects. Given

high costs of hiring and firing in Tunisia, many firms prefer to hire workers informally or on

short-term contracts (Rijkers et al., 2014; Angel-Urdinola et al., 2015). These may not show up,

or may show up only partially, in the RNE employment numbers.21 Another possible explanation

is that the grants simply led to reduced slack, in line with recent research finding that many

developing-country firms can increase output without significant increases in input purchases

(Egger et al., 2022; Walker et al., 2024).

Rather than increasing employment, it appears that firms’ main response to the matching

21Informal employment is not recorded in the RNE, our primary dataset, and short-term employment is recorded
only if it involves a formal contract and payments to the social security agency.
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grants was to expand their presence abroad. In our surveys, we asked a series of questions about

the actions and expenditures undertaken by firms. Table 2.8 reports results for several survey

outcomes for the Survey Sample: an indicator for whether the firm established a new contract

with a foreign distributor, agent, or partner following randomization (Column 1); an indicator for

whether the firm established a new foreign affiliate or representative following randomization

(Column 2); an indicator for whether the firm participated in an international fair after

randomization (Column 3); and indicators for whether the firm had positive spending on

certifications, new technology, travel or consulting in the previous calendar year (Columns 4-7).

We simply regress the outcomes on an indicator for treatment, strata dummies and round

dummies in 2021 data.22 The statistically significant coefficients are in Columns 1-2; it appears

that the main effect of the matching grants was to induce firms to strengthen their ties to

destination markets through contracting relationships or through subsidiaries. There are

suggestive positive estimates for participating in international fairs, travel and consulting, but

these are not statistically significant at conventional levels. As noted above, there is some reason

for concern that differential response rates to our survey between treated and control firms led to a

lack of balance. To explore the robustness of the patterns, Appendix Table B.6 reports

specifications similar to Table 2.8 but where we also control for baseline sales, exporter status,

and exports; the results are very similar to Table 2.8.

The greater presence abroad may in part be responsible for the pattern observed in Panel A of

Table 2.9, namely that treated firms are more likely to be importers. Having a foreign partner or

affiliate in a destination may also facilitate search for input suppliers from that market. However,

we do not see an effect on the intensive margin of imports (Column 2 of Panel A), nor do we see

an effect on the importer margin in the PPML specification (Column 1 of Panel B).

One would expect the program to have had positive effects on firms’ profits. Accounting profits

appear in the RNE data, and results for profits as an outcome are reported in Table 2.10, using the

22The fact that the Column 1-3 outcomes are about new actions lead us to prefer this simple specification to the
ANCOVA specification (equation (2.19)), but we also report the latter in Appendix Table B.5. The results are very
similar.
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ANCOVA specification of equation (2.19). In Column 1, the outcome is the level of profits, in

millions of 2015 dinars. In Column 2, the outcome is profits as a share of total sales. Profits are

notoriously difficult to measure and noisy, and the estimates are not statistically significant. But

the point estimates are positive for both measures.

Overall, the results in this subsection support the interpretation that the subsidies for fixed

costs of accessing foreign markets led firms to expand their marketing and customer search efforts

primarily in destinations to which they were already exporting.

2.6.3 Heterogeneous Impacts

In this subsection, we briefly explore heterogeneity of program impacts by pre-program

characteristics of firms. We focus on the main exporting outcomes using the RNE Export Sample

and ANCOVA specification as in Panel A of Table 2.3. Here we pursue a simple split-sample

approach, focusing on dimensions that are suggested by our theoretical framework or that seem

particularly salient. In Appendix B.5, we supplement this simple approach with a data-driven

approach using two state-of-the-art machine-learning (ML) methods: Generalized Random Forest

(GRF) framework of Athey et al. (2019), and the Generic Machine Learning (GenericML)

approach of Chernozhukov et al. (forthcoming).

As noted above, a key institutional feature in the Tunisian context is the difference between

“totally exporting” firms, which are administratively outside the Tunisian customs area, and non-

totally exporting firms. In the context of our theoretical model, totally exporting firms can be

viewed as facing low market-access costs (i.e. low 𝑎); the theory then predicts (refer to (2.17))

that we will see a smaller proportional export response for this group. Panel A of Table 2.11

reports separate results for non-totally exporting (Columns 1-2) and totally exporting (Columns

3-4) firms. For non-totally exporting firms, we see a marginally significant response along the

extensive margin of exporting and a very strong response on the intensive margin. By contrast, the

point estimate for the intensive margin for totally exporting firms is zero.23 That is, the average

23Given that the totally exporting firms are all exporters, there is no variation in the 0/1 exporter indicator for this
group.
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program effects documented above are entirely driven by the non-totally exporting firms. It appears

that the matching grants were of most help to firms that were not already fully integrated into world

markets.

Another implication of our framework is that we would expect larger, higher-productivity firms

to respond less than smaller firms to the subsidies. (Refer to (2.18).) Panel B of Table 2.11 splits

the RNE Export Sample by employment, using 50 employees as a cutoff. Effects on the extensive

margin (for the 0/1 exporter variable in Columns 1 and 3) are similar. The point estimate of the

effect on the intensive margin is larger for smaller firms (Column 2 vs. Column 4), although

this difference is not statistically significant. Given the lack of statistical significance, this pattern

should not be over-interpreted, but it is worth noting that the difference in point estimates is in the

direction predicted by the theory.

Although our theoretical model does feature quality choices, previous work has suggested that

the ability to upgrade quality is an important determinant of export success (Verhoogen, 2023a).

It is natural to ask whether the effects of the market-access subsidies differ along this dimension.

As a proxy for the potential for quality upgrading, we use an indicator for whether a firm has

any quality certification at baseline. Panel C of Table 2.11 presents split-sample results using this

indicator. We find little evidence of an effect of the subsidy on firms without a quality certification

at baseline — indeed, the point estimate is negative — and strong evidence of an effect on firms

with a quality certification.

In Table 2.12, we use the richness of our data to explore heterogeneity along other salient

dimensions. As a matching grant, the Tasdir+ program may alleviate constraints on spending

especially for cash-strapped firms, allowing them to undertake profitable investments that would

otherwise be outside their budget set. To explore heterogeneity on this dimension, we calculate

firms’ assets-to-liabilities ratios, using information provided in their Tasdir+ applications. In Panel

A of Table 2.12, we split the RNE Export Sample by whether firms are above or below the median

of this ratio. The fact that the intensive-margin coefficient in Column 2 is larger than in Column 4

is suggestive evidence in favor of this hypothesis, although the difference across the subsamples is
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not statistically significant.

In Panel B of Table 2.12, we present estimates separately by the type of business plan the firm

submitted, the standard export business plan (74%) or a plan that involved setting up a foreign

office. In Panel C, we present results separately for firms that had plans to introduce new products

and/or tailor existing products to export destinations. There are no statistically significant

differences across the split samples, but the results are suggestive that firms that implemented a

standard export business plan and that had plans to innovate were better able to take advantage of

the matching grants.

The results from the GRF and GenericML approaches presented in Appendix B.5 are

somewhat inconclusive, due in part to the fact that our sample size (487 firms, with only 264 firms

having positive exports in the post period) is smaller than is typically needed for such

applications. Although the GRF approach yields strong evidence of heterogeneity, we are not able

to detect overall heterogeneity using the more conservative GenericML approach. But in both

approaches we find some evidence consistent with the discussion above. In particular, we find

significant heterogeneity along the totally exporting/non-totally exporting and no quality

certification/has quality certification dimensions. We also find some evidence that larger firms

(measured either by employment or baseline exports) responded less to the subsidies.

2.7 Conclusion

We have presented what we believe is the first successful randomized evaluation of a

government financial-support program aimed explicitly at promoting exports. A distinctive aspect

of the program is that the grants could be used only for fixed market-access costs, not variable

costs. Trade theories in the tradition of Melitz (2003) and Bernard et al. (2011) predict that such

subsidies will affect the extensive margins of entry into destinations and products but not the

intensive margin of sales conditional on entry. Our results contrast with these predictions. We find

positive effects of the subsidies on the intensive margin of exports but little evidence of impacts

on the extensive margins of destinations or products. These patterns are consistent with the
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theoretical model we present, which embeds the Arkolakis (2010) idea that fixed costs are

required to reach more customers within a given destination. Because of an integer constraint on

the number of products sold in a market, product scope and destination entry may be insensitive

to shocks to fixed market-access costs over some ranges, but the shocks are still expected to affect

market penetration for existing products and destinations.

It remains an open question how generalizable these findings are to other contexts. The

non-experimental literature on export promotion has generally found stronger effects on the

extensive margin of destinations than on the intensive margin of sales within destinations. What

accounts for the differing results in this case? One possibility is that the random assignment is

better at purging the estimates of unobservable differences between beneficiary and

non-beneficiary firms than the matching and difference-in-difference estimators that have

typically been employed. Another possibility is that the covid-19 pandemic, which occurred

during the period of our study, made it difficult to explore new markets and encouraged firms to

focus on established sales channels. A third possibility is that the specific features of the Tasdir+

program were responsible for the different impacts. In particular, to be eligible for the matching

grants, firms had to submit a business plan and have it approved by Tasdir+ staff. Although in

principle the plans could be changed, in practice there were frictions in doing so. Firms may have

been more comfortable in developing plans for destinations and products that they were familiar

with.

One hopes that further research (especially further randomized evaluations) will soon allow us

to make stronger statements about which aspects of our findings are robust across contexts. But at

the least, we interpret our results as providing strong evidence that fixed market-access costs can

affect the intensive margin of market penetration, and that modeling of the behavior of firms in

international markets should take this into account.
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2.8 Figures and Tables

Figure 2.1: Product Scope vs. Market-Access Costs

Notes: The figure is generated by a simulation of our model with the following parameter values: 𝛿 = 1, 𝛼 = 0.5,
𝜎 = 2, Θ = 1 (and hence Λ = 0.25). The green curve is 𝐺∗ (𝑎), optimal product scope in the relaxed problem (no
integer constraint). The blue step function is 𝐺∗ (𝑎), optimal product scope under the integer constraint. The {𝑎𝑘 } are
the values of 𝑎 at which 𝐺∗ (𝑎) takes on integer values. As 𝑎 → 0 , 𝑘 → ∞; for visual clarity, we omit values of
𝑘 > 4 from the graph. The 𝐺∗ (𝑎) and 𝐺∗ (𝑎) curves continue to the right, to the point where 𝑎 = Θ/Λ; again for visual
clarity we truncate the graph.
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Figure 2.2: Market Penetration vs. Market-Access Costs

Notes: The figure is generated by the same simulation as in Figure 2.1; see the notes to that figure. The red horizontal
dotted line is the optimal market penetration in the relaxed problem (no integer constraint), 𝑛̃∗, which takes on the
value 0.90 in this simulation. (The y-axis extends from 0.8 to 1.0.) The sawtooth purple curve is optimal market
penetration under the integer constraint, 𝑛∗ (𝑎). For visual clarity, we truncate the graph as in Figure 2.1.
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Figure 2.3: Experiment Timeline

Notes: The dates of the public randomization meetings were Sept. 6, 2018, Nov. 29, 2018, Feb. 29 2019, May 30, 2019, and Dec. 5, 2019. The
figure reports the earliest date of enrollment for a firm from the corresponding randomization round; there was variation in the dates on which enrollment
agreements were signed by firms from a given round.
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Table 2.1: Eligible Expenditures

Category Action

Distribution Marketing/sales activities at points of sale
Search costs in distribution channels

Firm development Acquisition of export development software tools
Certification fees
Consulting in the creation of the export business plan
Consulting in the implementation of the export business plan
Development of skills related to exports
Other actions related to export development
Support for setting up an export unit

Foreign office set-up Consulting in the creation of the export business plan
Consulting in the implementation of the export business plan
Incorporation costs (lawyer fees, publication, etc.)
Missions abroad to follow-up on the office set-up
Missions abroad to prepare the office set-up
Promotional actions linked to establishment abroad
Rent for office abroad
Technical and/or commercial assistance linked to implementation

Product development Acquisition of brands
Adaptation of packaging to the target market(s)
Analysis, control and testing of products intended for export
Certification and approval of products (Halal, CE marking, etc.)
Creation of brands
Design/adaptation of products for target markets (prototyping, new collections)
Registration of brands

Promotion Creation of promotional materials
Design and implementation of digital actions
Organization of events, open houses etc.
Participation in exhibits, fairs, and B2B meetings
Website creation
Written, audiovisual and web advertising actions

Prospecting Broker commissions
Development and/or acquisition of market studies
Invitation/hosting of buyers and contractors
Participation in calls for tenders
Prospecting missions
Subscription to reviews and websites
Visits to exhibits and fairs

Notes: Translated by authors. Source is Tasdir+ internal documents, also publicized on Tasdir+ website (url:
http://www.cepex.nat.tn/article/article.php?id=233).
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Table 2.2: Balance, Randomization Sample

(1) (2) (3)
Control Treatment P-value

Mean/SD Mean/SD

Totally Exporting firm 0.28 0.31 0.45
(0.45) (0.46)

Age of firm (as of randomization) 14.59 14.54 0.96
(10.78) (10.66)

Domestic capital share 96.89 96.66 0.90
(13.04) (12.70)

Employment 39.98 44.52 0.56
(70.52) (114.31)

Sales (millions 2015 dinars) 6.97 6.28 0.51
(15.23) (12.60)

Exporter 0.71 0.73 0.56
(0.46) (0.45)

Exports (millions 2015 dinars) 2.28 2.07 0.86
(7.24) (6.29)

N 206 281

Notes: Source is application data for reference year (2017 for Rounds 1-4, 2018 for Round 5) for Randomization
Sample. (See Section 2.4 for details.) Standard deviations in parentheses. First row reports 0/1 indicator for being a
“totally exporting” firm (administratively in a free-trade zone). Sales and exports are winsorized at the 3%/97% level.
Agricultural firms were not required to report sales, export status, or exports in their applications, hence sample size
is slightly smaller for these three variables (N=473, instead of 487). P-values in Column 3 are from OLS regressions
of variable on treatment indicator controlling for round and stratum fixed effects. F test of joint null of no treatment-
control differences (conditional on round, stratum fixed effects) for first four variables (N=487) has p-value 0.92; for
all variables (N=473), the p-value also happens to be 0.92. Monetary values were deflated to 2015 dinars using the
CPI provided by INS. The average exchange rate over our study period was approximately 3 TND/USD and we use
that rate throughout the paper. Additional details are in Section 2.4 and Appendices B.3 and B.4.

93



Table 2.3: Exports, Two-Part ANCOVA and PPML

Dependent variable:

exporter (0/1) exports
(1) (2)

A. ANCOVA (exports in logs)
Treated 0.05 0.39**

(0.04) (0.19)
Dep. var., refyear 0.61*** 0.63***

(0.05) (0.05)

R2 0.46 0.65
N 377 244

Strata dummies Y Y
Round dummies Y Y
Mean of dep. var. (level) 0.66 3.92

B. PPML (exports in levels)
Treated × Post 0.09 0.24*

(0.06) (0.15)
Proportional effect: exp(𝛽) − 1 0.10 0.27

(0.07) (0.19)

Pseudo R2 0.18 0.82
N 754 754
Clusters 377 377
Firm FE Y Y
Year FE Y Y
Mean of dep. var. (level) 0.66 2.47

Notes: Sample is RNE Export Sample, for which sales and exports information is available in RNE in reference year
and 2021. The reference year (refyear) is 2017 for Rounds 1-4 and 2018 for Round 5. Panel A reports estimates of
equation (2.19) in text. Panel B reports Poisson Pseudo Maximum Likelihood (PPML) estimates of equation (2.20).
Column 1 outcome is a 0/1 indicator for whether the firm has positive exports. Column 2 outcome is ln(exports) in
Panel A, level of exports in Panel B. Means of dependent variables are for control firms at endline (2021). Column 2
dependent variable means are for the level of exports (including in Panel A). The second row of Panel B transforms
the parameter estimate from the first row so that it can be interpreted as a proportional effect. In Panel B, errors are
clustered at the firm level. Exports are in millions of 2015 dinars. Exchange rate: 3 TND/USD. Additional details are
in Section 2.4 and Appendices B.3 and B.4. * 𝑝 < 0.10, ** 𝑝 < 0.05, *** 𝑝 < 0.01.
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Table 2.4: Numbers of Destinations and Products

Dependent variable:

exporter (0/1) exports # destinations # products
(1) (2) (3) (4)

A. ANCOVA (exports in logs)
Treated 0.04 0.42* -0.21 -0.53

(0.05) (0.23) (0.34) (1.16)
Dep. var., refyear 0.54*** 0.67*** 0.81*** 0.78***

(0.06) (0.06) (0.04) (0.09)

R2 0.44 0.63 0.75 0.42
N 210 168 210 210

Strata dummies Y Y Y Y
Round dummies Y Y Y Y
Mean of dep. var. (level) 0.74 4.42 3.54 5.96

B. PPML (exports in levels)
Treated × Post 0.05 0.29* 0.00 -0.09

(0.07) (0.17) (0.10) (0.21)
Proportional effect: exp(𝛽) − 1 0.05 0.33 0.00 -0.09

(0.08) (0.22) (0.10) (0.19)

Pseudo R2 0.17 0.81 0.61 0.69
N 420 420 420 420
Clusters 210 210 210 210
Firm FE Y Y Y Y
Year FE Y Y Y Y
Mean of dep. var. (level) 0.74 3.64 3.54 5.96

Notes: Sample is Customs Sample, the non-service firms in RNE Export Sample, with zeros imputed for firms that do
not appear in the customs records in a given year. The reference year (refyear) is 2017 for Rounds 1-4 and 2018 for
Round 5. Panel A reports estimates of equation (2.19) in text. Panel B reports Poisson Pseudo Maximum Likelihood
(PPML) estimates of equation (2.20). Column 2 outcome is ln(exports) in Panel A and the level of exports in Panel B.
# destinations is number of countries to which firm has positive exports. # products is number of distinct 11-digit trade
categories in which firm has positive exports. Means of dependent variables are for control firms at endline (2021).
Column 2 dependent variable means are for the level of exports (including in Panel A). The second row of Panel B
transforms the parameter estimate from the first row so that it can be interpreted as a proportional effect. In Panel B,
errors are clustered at the firm level. Exports are in millions of 2015 dinars. Exchange rate: 3 TND/USD. See Section
2.4 and Appendices for details. Additional details are in Section 2.4 and Appendices B.3 and B.4. * 𝑝 < 0.10, **
𝑝 < 0.05, *** 𝑝 < 0.01.
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Table 2.5: Numbers of New Destinations and Products

Dependent variable:

any new
dest. (0/1)

# new
dests.

any new
targeted

dest. (0/1)

# new
targeted
dests.

any new
product

(0/1)

# new
products

(1) (2) (3) (4) (5) (6)

A. OLS
Treated 0.03 -0.14 0.07 0.10 0.08 -0.42

(0.07) (0.33) (0.06) (0.08) (0.07) (1.17)

R2 0.17 0.23 0.11 0.12 0.15 0.22
N 210 210 210 210 210 210

Strata dummies Y Y Y Y Y Y
Round dummies Y Y Y Y Y Y
Mean of dep. var. 0.57 1.67 0.17 0.19 0.60 3.97

B. PPML
Treated × Post 0.04 -0.08 0.33 0.42 0.13 -0.10

(0.11) (0.17) (0.27) (0.29) (0.10) (0.27)
Proportional effect: exp(𝛽) − 1 0.04 -0.07 0.39 0.52 0.14 -0.10

(0.11) (0.16) (0.38) (0.44) (0.12) (0.25)

Pseudo R2 0.04 0.17 0.08 0.10 0.03 0.23
N 210 210 210 210 210 210
Strata dummies Y Y Y Y Y Y
Round dummies Y Y Y Y Y Y
Mean of dep. var. 0.57 1.67 0.17 0.19 0.60 3.97

Notes: Sample is Customs Sample, the non-service firms in RNE Export Sample, with zeros imputed for firms that do
not appear in the customs records in a given year. Panel A reports OLS regressions of dependent variable on treatment
indicator, with strata and round dummies in 2021 data. Panel B reports PPML, also with strata and round dummies
in 2021 data. New destinations and products are those with positive exports in 2021 and zero exports in reference
year (2017 for Rounds 1-4, 2018 for Round 5). New targeted destinations are new destinations included in list of 2-3
targeted destinations in Tasdir+ applications. A product is defined as an 11-digit trade category. Means of dependent
variables are for control firms at endline (2021). Column 2 dependent variable means are for the level of exports
(including in Panel A). The second row of Panel B transforms the parameter estimate from the first row so that it
can be interpreted as a proportional effect. In Panel B, errors are clustered at the firm level. Additional details are in
Section 2.4 and Appendices B.3 and B.4. * 𝑝 < 0.10, ** 𝑝 < 0.05, *** 𝑝 < 0.01.
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Table 2.6: Domestic & Total Sales

Dependent variable:

sells domestically dom. sales tot. sales
(1) (2) (3)

A. ANCOVA (dom. and total sales in logs)
Treated 0.03 0.08 0.08

(0.02) (0.10) (0.07)
Dep. var., refyear 0.82*** 0.73*** 1.00***

(0.02) (0.04) (0.04)

R2 0.85 0.86 0.90
N 377 288 377

Strata dummies Y Y Y
Round dummies Y Y Y
Mean of dep. var. (level) 0.79 6.70 7.66

B. PPML (dom. and total sales in levels)
Treated × Post 0.03 0.05 0.11*

(0.02) (0.06) (0.06)
Proportional effect: exp(𝛽) − 1 0.03 0.05 0.12*

(0.02) (0.07) (0.07)

Pseudo R2 0.19 0.88 0.85
N 754 754 754
Clusters 377 377 377
Firm FE Y Y Y
Year FE Y Y Y
Mean of dep. var. (level) 0.79 5.19 7.66

Notes: Sample is RNE Export Sample, for which sales and exports information is available in RNE in reference year
and 2021. The reference year (refyear) is 2017 for Rounds 1-4 and 2018 for Round 5. Panel A reports estimates of
equation (2.19) in text. Panel B reports Poisson Pseudo Maximum Likelihood (PPML) estimates of equation (2.20).
Column 1 outcome is a 0/1 indicator for whether the firm has positive domestic sales. Column 2-3 outcomes are log
domestic and total sales in Panel A, levels of domestic and total sales in Panel B. Means of dependent variables are for
control firms at endline (2021). Columns 2-3 dependent variable means are for the level of domestic and total sales
(including in Panel A). The second row of Panel B transforms the parameter estimate from the first row so that it can
be interpreted as a proportional effect. In Panel B, errors are clustered at the firm level. Domestic and total sales are
in millions of 2015 dinars. Exchange rate: 3 TND/USD. Additional details are in Section 2.4 and Appendices B.3 and
B.4. * 𝑝 < 0.10, ** 𝑝 < 0.05, *** 𝑝 < 0.01.
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Table 2.7: Employment

Dependent variable:

exporter (0/1) ln(exports) ln(emp.)
ln(avg qtr
earnings)

ln(wage
bill)

(1) (2) (3) (4) (5)

Treated 0.04 0.40* -0.01 0.01 0.00
(0.04) (0.20) (0.06) (0.03) (0.07)

Dep. var., refyear 0.61*** 0.67*** 0.87*** 0.76*** 0.85***
(0.05) (0.05) (0.03) (0.04) (0.03)

R2 0.48 0.66 0.90 0.75 0.88
N 327 209 327 327 327

Strata dummies Y Y Y Y Y
Round dummies Y Y Y Y Y
Mean of dep. var. (level) 0.66 4.18 64.60 11.14 712.73

Notes: Sample is RNE Employment Sample, the subset of RNE Export Sample for which employment and earnings
(from social security agency) are available in RNE in reference year and 2021. The reference year (refyear) is 2017 for
Rounds 1-4 and 2018 for Round 5. Table reports ANCOVA estimates of equation (2.19) in text. Means of dependent
variables are for control firms at endline (2021). Columns 2-5 dependent variable means are for levels (not logs).
Earnings and wage bill are in thousands of 2015 dinars. Exchange rate: 3 TND/USD. Additional details are in Section
2.4 and Appendices B.3 and B.4. * 𝑝 < 0.10, ** 𝑝 < 0.05, *** 𝑝 < 0.01.
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Table 2.8: Survey Outcomes

Dependent variable:

new contract with
foreign dist./
agent/partner

new foreign
affiliate/

representative

participated
in int’l fair

spent on
certifications

spent on
new tech.

spent on
travel

spent on
consulting

(1) (2) (3) (4) (5) (6) (7)

Treated 0.12* 0.09** 0.07 0.03 0.01 0.07 0.07
(0.06) (0.04) (0.06) (0.06) (0.07) (0.07) (0.07)

R2 0.32 0.34 0.29 0.22 0.22 0.24 0.23
N 204 204 204 204 204 204 204

Strata dummies Y Y Y Y Y Y Y
Round dummies Y Y Y Y Y Y Y
Mean of dep. var. 0.24 0.06 0.23 0.19 0.54 0.57 0.30

Notes: Sample is Survey Sample, omitting round 5 firms. Table reports OLS estimates of simple regressions of
dependent variable on treatment indicator, strata and round dummies. Dependent variable in Column 1 is indicator for
whether firm contracted with distributor, local agent or partner in foreign market since randomization. In Column 2,
it is indicator for having established a new foreign affiliate or representative. In Column 3, it is indicator for having
participated in international fair/expo. In Columns 4-7, they are indicators for having positive spending in indicated
category in calendar year 2019. ANCOVA specifications including the dependent variable at baseline are reported in
Appendix Table B.5. Means of dependent variables are for control firms at endline. Additional details are in Section
2.4 and Appendices B.3 and B.4. * 𝑝 < 0.10, ** 𝑝 < 0.05, *** 𝑝 < 0.01.
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Table 2.9: Imports

Dependent variable:

importer (0/1) imports
(1) (2)

A. ANCOVA (imports in logs)
Treated 0.09** -0.02

(0.04) (0.18)
Dep. var., refyear 0.50*** 0.85***

(0.06) (0.05)

R2 0.61 0.78
N 210 161

Strata dummies Y Y
Round dummies Y Y
Mean of dep. var. (level) 0.79 9.30

B. PPML (imports in levels)
Treated × Post 0.07 -0.07

(0.05) (0.12)
Proportional effect: exp(𝛽) − 1 0.08 -0.07

(0.05) (0.11)

Pseudo R2 0.11 0.86
N 494 494
Clusters 255 255
Firm FE Y Y
Year FE Y Y
Mean of dep. var. (level) 0.81 6.38

Notes: Sample is Customs Sample, the non-service firms in RNE Export Sample, with zeros imputed for firms that do
not appear in the customs records in a given year. The reference year (refyear) is 2017 for Rounds 1-4 and 2018 for
Round 5. Panel A reports estimates of equation (2.19) in text. Panel B reports Poisson Pseudo Maximum Likelihood
(PPML) estimates of equation (2.20). Column 2 outcome is ln(imports) in Panel A and the level of imports in Panel
B. Means of dependent variables are for control firms at endline (2021). Column 2 dependent variable means are for
the level of imports (including in Panel A). The second row of Panel B transforms the parameter estimate from the
first row so that it can be interpreted as a proportional effect. In Panel B, errors are clustered at the firm level. Imports
are in millions of 2015 dinars. Exchange rate: 3 TND/USD. See Section 2.4 and Appendices for details. Additional
details are in Section 2.4 and Appendices B.3 and B.4. * 𝑝 < 0.10, ** 𝑝 < 0.05, *** 𝑝 < 0.01.
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Table 2.10: Profits

Dependent variable:

profit (level) profit/sales
(1) (2)

Treated 0.19 0.03
(0.12) (0.03)

Dep. var., refyear 0.43*** 0.45***
(0.05) (0.06)

R2 0.31 0.23
N 341 341

Strata dummies Y Y
Round dummies Y Y
Mean of dep. var. 0.40 0.02

Notes: Sample is firms in RNE Export Sample for which profits are reported both in the reference year and 2021.
Table reports ANCOVA estimates of equation (2.19) in text. Column 1 dependent variable is level of reported profits,
in millions of 2015 dinars. Column 2 dependent variable is ratio of profits to sales in same year. The reference year
is 2017 for Rounds 1-4 and 2018 for Round 5. Means of dependent variables are for control firms at endline (2021).
Additional details are in Section 2.4 and Appendices B.3 and B.4. * 𝑝 < 0.10, ** 𝑝 < 0.05, *** 𝑝 < 0.01.
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Table 2.11: Heterogeneity by Trade Regime, Size, Quality Certification

exporter (0/1) ln(exports) exporter (0/1) ln(exports)
(1) (2) (3) (4)

A. By Trade Regime
Non-totally exporting Totally exporting

Treated 0.08* 0.71** 0.00
(0.05) (0.28) (0.20)

Dep. var., refyear 0.52*** 0.55*** 1.00***
(0.06) (0.07) (0.09)

R2 0.43 0.61 0.87
N 277 144 100

Mean of dep. var. (level) 0.54 2.72 5.66

B. By Initial Employment
<50 employees >50 employees

Treated 0.05 0.48* 0.04 0.34
(0.05) (0.26) (0.06) (0.27)

Dep. var., refyear 0.63*** 0.70*** 0.54*** 0.53***
(0.06) (0.07) (0.09) (0.06)

R2 0.47 0.67 0.52 0.53
N 240 139 137 105

Mean of dep. var. (level) 0.58 0.96 0.80 7.59

C. By Baseline Quality Certification
No certification Has certification

Treated 0.07 -0.12 -0.02 0.60**
(0.05) (0.29) (0.06) (0.24)

Dep. var., refyear 0.62*** 0.44*** 0.49*** 0.82***
(0.06) (0.07) (0.11) (0.06)

R2 0.47 0.58 0.50 0.81
N 241 137 123 98

Mean of dep. var. (level) 0.57 2.71 0.83 5.97

Notes: Table reports regressions similar to Panel A of Table 2.3 using the RNE Export Sample split along the indicated
dimensions. All regressions include strata and round dummies. Means of dependent variables are for control firms at
endline (2021). Columns 2 and 4 dependent variable means are for the level of exports. Quality certifications variable
is missing for 13 firms in the application data, hence the smaller number of observations in Panel C. Additional details
are in Section 2.4 and Appendices B.3 and B.4. T tests of null of no coefficient differences for exporter have p-values
0.98 and 0.66 for Panels B and C, respectively; for ln(exports), they have p-values 0.01, 0.61, and 0.03 for Panels A,
B, and C, respectively. Exports are in millions of 2015 dinars. Exchange rate: 3 TND/USD. * 𝑝 < 0.10, ** 𝑝 < 0.05,
*** 𝑝 < 0.01.



Table 2.12: Heterogeneity by Financial Condition, Business Plan Characteristics

exporter (0/1) ln(exports) exporter (0/1) ln(exports)
(1) (2) (3) (4)

A. By Financial Condition
Low assets/liabilities High assets/liabilities

Treated 0.05 0.66** 0.07 0.33
(0.06) (0.26) (0.06) (0.31)

Dep. var., refyear 0.52*** 0.69*** 0.65*** 0.61***
(0.07) (0.08) (0.07) (0.07)

R2 0.44 0.72 0.54 0.68
N 201 125 176 119

Mean of dep. var. (level) 0.66 3.46 0.65 4.42

B. By Type of Business Plan
Affiliate abroad Support for exporting

Treated 0.02 0.18 0.05 0.46**
(0.07) (0.49) (0.04) (0.20)

Dep. var., refyear 0.72*** 0.44*** 0.56*** 0.75***
(0.08) (0.10) (0.06) (0.06)

R2 0.68 0.70 0.42 0.68
N 82 55 295 189

Mean of dep. var. (level) 0.67 4.44 0.66 3.76

C. By Plan to Spend on Product Tailoring/Innovation
No tailoring/innovation plan Has tailoring/innovation plan

Treated 0.07 0.22 0.02 0.54
(0.05) (0.22) (0.07) (0.40)

Dep. var., refyear 0.60*** 0.62*** 0.64*** 0.68***
(0.06) (0.06) (0.08) (0.10)

R2 0.48 0.73 0.55 0.56
N 259 163 118 81

Mean of dep. var. (level) 0.62 4.21 0.76 3.30

Notes: Table reports regressions similar to Panel A of Table 2.3 using the RNE Export Sample split along the indicated
dimensions. All regressions include strata and round dummies. Means of dependent variables are for control firms
at endline (2021). Columns 2 and 4 dependent variable means are for the level of exports. Additional details are in
Section 2.4 and Appendices B.3 and B.4. T tests of null of no coefficient differences for exporter have p-values 0.52,
0.95, and 0.73 for Panels A, B and C, respectively; for ln(exports), they have p-values 0.35, 0.46, and 0.35 for Panels A,
B, and C, respectively. Exports are in millions of 2015 dinars. Exchange rate: 3 TND/USD. * 𝑝 < 0.10, ** 𝑝 < 0.05,
*** 𝑝 < 0.01.



Chapter 3: Promoting Innovative Startups: Quasi-Experimental Evidence

from Tunisia

with Bob Rijkers and Massimiliano Cali

3.1 Introduction

Start-up firms disproportionately drive job creation and productivity growth (Haltiwanger et

al., 2013), despite their high failure rates. To promote the creation, survival and expansion of start-

ups, especially in high-tech sectors, both developed and developing countries are increasingly

implementing targeted policies (Juhász et al., 2023a). Yet evidence on their effectiveness remains

limited, particularly for developing countries. This is unfortunate, because firms in developing

countries tend to grow at much lower rates compared to their peers in developed nations and well-

paid jobs in productive firms are scarce (Hsieh and Klenow (2014), Hsieh and Olken (2014)).

In this paper, we help fill this knowledge gap by examining the impact of a recent flagship

program supporting start-ups in Tunisia, the Startup Act, which was introduced in 2019 to

promote the creation and growth of innovative firms. We leverage the multi-stage nature of the

program’s selection process to identify firms that were marginally accepted or rejected and use a

combination of program and administrative firm-level data to provide rigorous estimates of the

impact of program participation on firms’ survival and performance.

Our analysis focuses on the program’s start-up label initiative, which awards selected firms a

special start-up designation that grants them access to a range of benefits. These benefits include

tax incentives in the form of coverage of social security contributions and profit tax exemptions,

eased foreign currency restrictions, and simplified customs procedures. For firms less than a year

old, the initiative may also grant a stipend to up to three founders without other employment.
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To estimate the impact of the program, we use a difference-in-differences design, comparing

changes in performance between firms that received the label and those that applied but were not

selected. Our sample consists of 466 firms that applied between March 2019 and December 2021

(henceforth the Full Sample), with performance measured from 2018 through 2022.

The main empirical challenge is selection bias: firms that received the label may differ

systematically from firms that were not selected in ways that also affect outcomes. This concern

is partly mitigated by the design of the assessment process. Judges evaluate firms based on

product innovation and scalability, without explicitly considering expected commercial success.

As a result, selection may not be strongly related to current or future firm performance, which is

consistent with the lack of significant differences between treated and control firms across

observable variables. To address potential selection bias, we control for a rich set of observable

characteristics. In addition, we exploit detailed administrative data on the program’s multi-stage

evaluation process. Each application is reviewed by a nine-member committee of judges, with

each member voting to accept, reject, or invite the applicant to pitch online. Firms that received

five or more approval (or rejection) votes were immediately selected (or rejected), while those

with fewer than five votes for or against proceeded to a pitch stage for a further evaluation. These

“pitch-stage” firms—118 in our sample—are arguably more comparable to each other than firms

accepted or rejected outright. Our preferred specification compares outcomes between pitch-stage

firms that did and did not ultimately receive the label. We also report estimates using the Full

Sample, which offers greater statistical power but may be more susceptible to selection bias.

Our main finding is that program participation promotes both survival and job creation.

Labeled firms are 18 percentage points (pp) more likely to survive until the end of the sample

period relative to a baseline of 53%. On average, treated firms increase their employment by 2.0

workers relative to a mean of 1.8 workers and their wage bill by 69,000 Tunisian Dinars (TND)

(∼ 23,000 USD) relative to a mean of 61,000 TND (∼ 20,333 USD).1 We find positive but

imprecisely estimated effects on sales and cannot reject the null that program participation does

1Throughout the paper, we use an exchange rate of 3 TND/USD.



not impact profits. These results are robust to various checks, including using the Poisson

estimator, excluding peak COVID-19 quarters, and various placebo tests. A back-of-the-envelope

calculation suggests that the program has been cost effective thus far.

Although our data do not allow us to quantify the impact of each component of the program

(due to a lack of experimental variation in their intensity), an analysis of heterogeneity in program

impacts points to access to foreign currency, preferential customs treatment and lighter

administrative procedures being enablers of firm growth. In qualitative interviews, participating

entrepreneurs also highlighted the importance of reduced social security contributions, which is

perhaps not surprising since these account for the bulk of the tax incentives the program provides.

This paper builds on and contributes to two strands of literature. First, it adds to the research

on entrepreneurship and firm growth in developing countries (see reviews by Quinn and Woodruff

(2019), Verhoogen (2023b), McKenzie and Woodruff (2014)). Previous studies typically focused

on subsistence entrepreneurship and examined interventions like training (Chioda et al., 2021),

capital provision (De Mel et al., 2008; McKenzie and Woodruff, 2008, 2014; Fafchamps et al.,

2014), business services (Anderson and McKenzie, 2022), and coaching (Anderson et al., 2021;

Iacovone et al., 2022; Cusolito et al., 2023b; Bruhn et al., 2018b). These interventions are

typically low-cost, and short-term, making them well-suited for randomized evaluations.2 In

contrast, our study focuses on a program designed for growth-oriented, technology-focused

startups. Such interventions are generally more costly and multifaceted. Due to the smaller pool

of eligible firms, these types of interventions are less suited for experimental evaluation, and we

are unaware of randomized control trials assessing similar policy initiatives. Our study provides

novel quasi-experimental evidence on the effectiveness of such programs.

Second, we add to the nascent literature evaluating support programs for high-tech start-ups.

Previous evaluations have studied seed accelerators, which provide education and mentorship for

start-up founders (Hochberg and Fehder, 2015), as well as incubators, angel investors and venture

capitalists, which offer funding and advisory services (Lerner et al., 2015). The program we study

2For instance, McKenzie and Paffhausen (2023) list 35 randomized evaluations of such interventions as of 2017.



differs from these venture support structures by offering a unique state certification, fiscal and trade

advantages, and subsidized wage contributions that aim to promote job creation among innovative

start-ups.3 While wage subsidies have often, but not always, been shown to boost employment

(Betcherman et al., 2010; Bruhn et al., 2018b; De Mel et al., 2019; Huttunen et al., 2013), there

is little evidence on how they function within specialized programs aimed at high-tech or growth-

oriented firms in developing countries. To the best of our knowledge our paper provides the first

assessment of a government program designed to promote innovative start-ups in a developing

country context.

The paper proceeds as follows. Section 3.2 describes the institutional background. Section

3.3 discusses our data sources. Section 3.4 presents the empirical strategy and balance tests, and

section 3.5 the main results, including a back-of-the-envelope cost-benefit analysis of the program.

Section 3.6 concludes.

3.2 Institutional background

In 2018, Tunisia’s Parliament passed the “Startup Act” –a set of regulations and fiscal

incentives to encourage the development of start-ups, with the goals of promoting job creation

and innovation. The Act is coordinated and implemented by Smart Capital, a public-private

management company, which generously shared its data with us.4 One of the objectives of the

Startup Act is to generate 10,000 jobs within 5 years.5 Similar programs in Europe include the

Start-up Act in Italy and The New Companies Promotion Act in Austria.

The Startup Act provides benefits to investors (a tax rebate, exemptions from the capital gains

tax), entrepreneurs (subsidized leave from their current jobs for start-up creation), and start-ups.

We focus on the latter part of the Startup Act that labels firms as start-ups and aims to promote

their growth. The label allows the firms to access the advantages set by the Start-up Act and
3It is perhaps most similar to the Italian Start-up Act, which has been shown to increase firms’ employment and

access to equity (Menon et al., 2018; Biancalani et al., 2022).
4The program is governed by Law No. 2018-20 of April 17, Decree No. 2018-840 of October 11, and Circulars of

the Central Bank.
5Other objectives include issuing 1000 labels, and generating a cumulative turnover of 1 billion Tunisian Dinars

(over 300 million USD) within 5 years.



lasts until the 8th year since the start-up creation. The program defines a start-up as a “temporary

organization designed to search for a repeatable and scalable business model.”

3.2.1 The advantages of the Start-up Label

The program grants labeled firms a set of advantages to assist them in this search. We describe

in turn the main incentives and the relevant Tunisian regulations. We briefly return to the different

incentives in section 3.5.4 when we discuss potential mechanisms.

1. Coverage of Social Security contributions For labeled firms, the government covers the

full social security contribution for the duration of the label. These contributions are shared

between employer and employee, each party paying 16.57% and 9.18% of the employee’s

monthly gross salary, respectively.

2. Corporate Tax Exemptions Labeled firms are exempt from corporate taxes, which were

equivalent to 25% of corporate profits in 2019-20 and to 15% thereafter.

3. Special Account in Foreign Currencies In Tunisia, almost all firms need approval from the

central bank to access foreign currency in line with the foreign exchange code, and importers must

be issued a letter of credit in order to pay for their imports in foreign currency. The program allows

resident labeled firms to open a bank account in foreign currency for the duration of the label.

4. Technology Card Every resident firm with activities connected to telecommunication,

information technology, education, consulting or research is provided with a “Technology Card”,

a prepaid international card available to resident firms, capped at TND 10,000 (∼3,000 USD). The

card can be used to pay for various products and services from overseas providers, such as

memberships on business social media platforms, cloud storage, software licenses, costs for

training overseas, or online advertisements. For labeled firms, the cap is raised tenfold to TND

100,000 (∼30,000 USD) per year.

5. Authorized Economic Operator Status In Tunisia, the “Authorized Economic Operator”

status is a legal status under the Customs Code. This status gives firms with trade operations

access to simpler customs formalities, faster administrative approval, and certain exemptions from



technical control on import operations. Labeled firms can apply to become Authorized Economic

Operators.

In addition to these advantages, labeled firms have access to an online portal where they can

apply for these various advantages.

3.2.2 Eligibility and selection

Appendix Figure C.1 summarizes the selection process. Firms are invited to apply online to

participate in the Start-up Label program on a rolling basis. As it is apparent from the eligibility

criteria and program conditions, the program has an explicit focus on innovation, high-tech activity,

and scalability. It is meant to select firms that aspire and have the potential to become Silicon-

Valley-type successes.6

In the first round, applicants submit an online application, which consists of a short video that

introduces the firm and a demo video showcasing a prototype of the product. Applicants are

screened for eligibility based on age, size, and capital structure. Eligible firms must be younger

than eight years old, employ fewer than 100 people, and have annual sales below TND 15 million

(∼ 5 million USD). Additionally, at least two-thirds of the firm’s capital must be owned by

individuals, investment funds, or foreign start-ups.

Eligible firms meeting these criteria advance to a second round in which their application is

evaluated by a 9-member committee of judges, known as the ‘College’, which decides on who

receives the label.7 The College consists of individuals with expertise within the startup

ecosystem, hailing from various backgrounds, including academia, corporate finance,

non-governmental organizations, and business consulting.

In monthly online sessions, the College evaluates the written applications firms submit based

6According to program reports, 77% of program firms are working on a technological innovation, and 13% are
developing a hybrid (hardware and software) innovation. The goals of these innovations range from early detection of
illnesses to digitization of government services. In order to innovate, nearly a fifth of all program firms are relying on
artificial intelligence, the internet of things, or big data.

7Members of the College and selected by the prime minister from 25 public and private sector candidates
recommended by the Minister of Communication Technologies and Digital Economy. A College president and eight
members are appointed for a mandate of three years.



on degree of innovation (does the firm’s business model bring a new solution to a problem?) and

scalability (does the firm have the potential to meet demand from a sizable market?). Judges are

not remunerated and assess approximately 40 projects each month, a volume that several judges,

in interviews, characterized as a substantial workload.8 Each committee member independently

casts one vote in favor of selecting, rejecting, or inviting the applicant to pitch the idea for their

firm online. Votes are visible to others, and judges can justify their decisions with comments.

Judges may recuse themselves in cases of conflict of interest.9 Applicants that receive five or more

approval (rejection) votes in this round are directly selected (rejected).

Firms that do not receive five votes in either direction proceed to a pitch stage in which they

present their application online to the College for five minutes. The presentation is followed by a

five-minute question and answer session and judges’ deliberation. Selection again requires at least

five approval votes. In interviews, judges mentioned that reaching this stage does not necessarily

indicate a less innovative or scalable product. Rather, it indicates that the application did not

sufficiently clarify these aspects of the startup’s products. The fact that judges were undecided in

the first round and required more information suggests that pitch stage firms may be more similar

to each other than to those accepted or rejected directly, a feature of the selection procedure that we

leverage in our empirical strategy to limit selection bias (as will be elaborated upon in Section 3.4).

Rejected firms can reapply after six months, with no apparent stigma within the startup eco-system

associated with the rejection.

In their evaluation, judges focus primarily on assessing innovation and scalability, which they

interpret as the firm’s potential to reach new clients. What qualifies as innovation varies depending

on whether applicants pursue local innovation—introducing a novel product within the domestic

market—or global innovation targeting international markets. In assessing these features, judges

reported that they do not assess the likelihood of commercial success per se, noting that they lack

both the time and the mandate to conduct such assessments. As such, they do not evaluate the

8Half of these projects are from non registered firms seeking a pre-label, which could eventually grant them a label
upon the firm’s registration. We do not include them in the analysis as they are not actual firms.

9Conflicts of interest include scenarios where a judge holds a financial stake in a candidate company, or has a link
to a company in the same product market as a candidate.



applications based on the startup’s potential for job creation, financial performance, or long-term

viability. Rather than operating as venture capitalists, they focus on verifying that applicants have

taken basic steps toward developing a viable prototype. To that end early signs of product adoption,

such as informal usage or free trials, are often as valuable to secure approval as actual sale of the

product.

The program’s emphasis on innovation and scalability is reflected in the activities that firms

that apply to receive the label undertake, as shown in Table C.1. The table reports the sector

classification from program data for the sample that includes all successful applicants as well as

rejected firms. Applicants span a range of innovative industries, including e-commerce (25%,

treated; 24%, control), artificial intelligence (AI) (12%, treated; 9%, control), business software

(9%, treated; 14% control), education tech (9% of treated; 6% control), healthcare and wellness

(9%, treated; 12% control), finance (7% of treated, 1% control), and communication (5%, treated;

12%, control).10 Generally, sectoral representation is balanced across the two groups though we

do reject the null hypothesis that they have the same sectoral composition. That is mainly because

finance features more prominently as a sector in the selected pool, and communication is more

heavily represented among control firms. In the Pitch sample only finance appears to be marginally

more represented among treated firms and we cannot reject the null of having the same composition

(see Table C.2). Examples of projects submitted to the program include e-learning platforms, a

digital banking application, a logistics platform connecting carriers and shippers, a virtual reality-

based rehabilitation solution, a marketplace for renewable energy systems, and agricultural-waste-

based textile dyes.

3.2.3 Economic context

During the period of analysis Tunisia faced a relatively high level of unemployment (15.3%

of the labor force in 2022), particularly among youth, whose unemployment exceeded 37% (INS,

10Agriculture and food (6%, treated; 4%, control), entertainment/travel (6%, treated; 10%, control), environment
and energy (3%, treated; 2%, control), advanced manufacturing and robotics (2% treated and control), real estate (1%
of treated firms), and other sectors making up each less than 1% account for the remainder.



2022). In the same year, Tunisia had 825,707 registered firms, including 56,296 new entrants.

However, the overwhelming majority of these firms are very small, with 726,940 employing only

a single worker (INS, 2024a). Only a small share of new firms operate in high-tech or innovation-

intensive sectors. The 48 sectors with the largest numbers of startup firms, which account for 90%

of the startup applicant firms, saw a total of 8,220 new entrants during the period when our sample

of firms applied to the program (2019-21), and 13,676 during the overall period of analysis (2018-

22).11 As such, applicants to the startup label comprise a relatively small but non negligible share

of all startup firms in Tunisia.

The program focuses on such high-tech and innovation firms and was implemented during a

period marked by sluggish economic growth, relatively high inflation, and rising debt. Between

2019 and 2022, the period of our analysis, Tunisia’s gross domestic product (GDP) contracted by

2.2% in real terms, primarily due to the severe impact of the COVID-19 pandemic, which coincided

with a contraction of GDP of 9% in 2020 (INS, 2024b).

The program period overlapped with the COVID-19 pandemic, raising the possibility that the

pandemic altered the program’s effects.12 In Section 3.5.3, we test for potential COVID-19 impacts

and find no strong evidence of substantial effects on the program outcomes within our sample.

The subsequent recovery was moderate, hampered by external shocks, and included a hike in

commodity prices in 2022. While unemployment is substantial, informality, such as unregistered

employment, is limited (see Rijkers et al. (2014)), which helps assuage concerns that our estimates

may be biased upwards because firms that are not in the program under-report employment (more

than participating firms, which have an incentive to meet the program’s job creation targets).13

Tunisia has an “offshore” tax regime that promotes exports by offering firms that export at least

70% of their production exemptions from customs duties, VAT, and consumption taxes on inputs.

11Sectors are identified according to the NAT 4-digit classification, the most disaggregated available in our data.
12See Dingel and Neiman (2020), Gottlieb et al. (2020), and Garrote Sanchez et al. (2021) for analyses of which

types of jobs were most susceptible to the COVID-19 pandemic.
13One might be concerned that the program’s impact on employment may be overestimated as firms outside the

program may opt not to declare workers and pay social security contributions, but this is unlikely since being registered
with the social security administration, CNSS, is important to be able to claim health insurance and other social
insurance benefits.



Offshore firms are also exempt from foreign exchange restrictions. These favorable conditions may

attenuate the advantages such firms derive from participating in the start-up program. To account

for this, we control for offshore status in all our regressions and distinguish between onshore and

offshore firms in our heterogeneity analysis, to understand how program impact may vary across

these groups.

3.3 Data

Our study compiles and harmonizes data from several sources.14 The first is the program

data. This consists of (i) votes data across the different selection stages, and (ii) a database of

applicants. We construct (i) by webscraping the results of the College’s monthly voting sessions,

which are available online. This dataset provides information on firm name, founder name(s), vote

distribution, and the College’s decision (approval or rejection) in the second round and pitch stage,

if applicable. Using a fuzzy match on firm and founder names, we link vote outcomes to (ii), the

database of applicants shared by the program and containing the firm’s unique tax identifier.

To evaluate the impact of the program on firm performance, a significant challenge is

obtaining outcomes for both selected and rejected firms. Young firms in our sample face high

failure rates, making them harder to track through surveys compared to established firms.15 We

address this challenge by utilizing an administrative database of all formally registered private

sector firms in Tunisia, the Repertoire National des Entreprises (RNE). This database includes

records for every registered firm, encompassing all program applicants. Additionally, it integrates

data from various government sources, providing three key indicators of firm activity —tax data

from the ministry of finance, employment data from the social security administration, and trade

data from customs—which enable us to measure performance and track firm survival and exits.

We use the firm’s unique tax identifier to match the program data with this dataset. The data

includes information on firms’ economic activity (by 4-digit sector), location, age, legal form,

14Data cleaning procedures are discussed in detail in Appendix C.2
15Surveys of entrepreneurs often encounter issues such as attrition and nonresponse, particularly for sensitive

metrics like profits and revenues (McKenzie and Woodruff, 2014).



founding date, firm origin, and trade regime. Importantly, we are able to identify both selected

and rejected applicants in this database.16

We perform extensive cleaning of the RNE data to maximize data availability while ensuring

the reliability of the data. Missing quarterly employment and wages are imputed by interpolating

between quarters with positive data. In our main analysis we use annual averages so that the wage

and employment data are measured for the same time frame as output and profits data. We consider

a firm as active in year 𝑡 if it has a nonzero variable from any of the administrative sources used

in the RNE (customs, tax, or social security data). Inactive firms have either all missing or a mix

of zero and missing administrative outcomes in a given year. To obtain a balanced sample for all

regressions, we impute zeros for outcomes in the post-program period for firms that are inactive

in a given year. In our analysis of survival, we consider a firm as active if it is inactive in one

year but returns to activity in the next. For sales, profits, employment, and the total wage bill we

exclude the top and bottom 5% of the distribution to purge the data of potential outliers. We deflate

monetary values using the 2022 Consumer Price Index from the INS. Additional information on

our data cleaning procedures is provided in Appendix C.2.2.

The Start-up label program, which began in March 2019 and is ongoing, is analyzed using

a sample of firms that applied between March 2019 and December 2021, ensuring at least one

year of post-application data, as we have access to RNE data until the end of 2022. Our analysis

involves two specific sample restrictions: first, we focus on firms that first appear in the RNE

dataset either in the year they apply to the program or earlier. The ‘baseline year’ is defined as the

application year for firms created in the same year they apply, or the year prior to the application

for the others. Second, we further restrict our sample to firms with available sales information

from tax records and employment data from the social security agency in both the baseline year

and the post-treatment period. As a result of these restrictions, we are able to identify 466 firms

that applied to the program between 2019 and 2021, which is around 70% of the universe of startup

applicants during the period.

16We conducted analysis using this data at the office of the National Institute of Statistics (INS).



3.4 Empirical Strategy

This section presents our identification strategy and balance tests.

3.4.1 Identification and Estimation Strategy

To assess the impact of the program on firm survival and performance, we employ a difference-

in-differences strategy, comparing changes in the performance of firms that received the start-up

label with those of unsuccessful applicants. Given that many of the firms in our sample are new

start-ups and firms older than 8 years are not allowed to participate in the program, we do not have

extensive data on the pre-treatment period. We restrict the pre-treatment period to the baseline year

(to maximize the number of observations).17

The first and foremost concern is that firms are selected into the program based on

characteristics that may also influence outcomes, potentially introducing selection bias. However,

the fact that judges evaluate applications based on innovation and scalability, rather than

commercial viability, partially mitigates this issue, as these criteria are less likely to directly

correlate with current or future firm performance. Remaining endogeneity concerns are addressed

in two ways. First, we control for a rich set of firms’ observable characteristics. Second, we

leverage the multi-stage selection process and estimate program impacts not only on the Full

Sample, but also on the more restricted Pitch Sample, which consists of firms that were marginal

accepts and rejects.

The fact that judges were unable to make a decision in the initial round indicates that additional

information was needed to evaluate these firms. In principle, if judges have more information at

the pitch stage, selection bias could be exacerbated. However, we do not believe this to be the case.

From qualitative interviews with judges about the specifics of voting in this round, it seems unlikely

that in a 5-minute Q&A judges can collect a substantial amount of additional information. Judges

reported using the Pitch Stage to mainly ask for clarifications, for example on the product demo.

17Due to the fact that many of the firms in our sample are young we also do not have sufficient power to study how
the expiration of eligibility for program benefits when firms mature beyond 8 years of age impacts their performance.



We rather view firms being invited to this stage as suggesting they were closer to the threshold for

inclusion and thus more comparable to each other. That being said, while using the Pitch Sample

reduces concerns about selection on unobservables by limiting (unobserved) heterogeneity, it also

reduces the sample size, which may in turn lower statistical power.

Survival We start by examining the impact of the program on firm survival by estimating the

following OLS regression in the post period:18

𝑌𝑖𝑡 = 𝛽0 + 𝛽1 · Labeled𝑖 + 𝛽2 · 𝑋𝑖,𝑏𝑎𝑠𝑒𝑙𝑖𝑛𝑒 + 𝜃𝑡 + 𝜖𝑖𝑡 (3.1)

where 𝑌𝑖𝑡 is an indicator of survival, notably a dummy that takes value 1 if the firm is active

next year or a dummy that takes value 1 if the firm was active at the end of our sample period, 2022.

Labeled𝑖 is an indicator equal to 1 if the firm received the label. Standard errors are clustered at the

firm-level. 𝑋𝑖,𝑏𝑎𝑠𝑒𝑙𝑖𝑛𝑒 is a vector of controls that include an indicator for being located in Tunis, an

indicator for being foreign, an indicator for being onshore, age dummies, an indicator for having at

least one female founder, an indicator for at least one judge abstaining from voting due to a conflict

of interest, and industry dummies.

Firm performance To assess the impact of the program on firm performance and address

treatment heterogeneity arising from staggered selection into the program, we use the estimator

developed by Callaway and Sant’Anna (2021). Due to sample size constraints, we do not include

a full set of time-interacted controls, as this would be computationally infeasible. Instead, to

retain a sufficiently large sample in each cohort-by-time cell, we follow Borusyak et al. (2024) and

residualize the outcomes of interest. Specifically, we regress each outcome of interest on a subset of

the covariates discussed above using the sample in the pre-period. We then predict the residuals for

the Full Sample and use them as the outcome variable in our difference-in-differences regression.

The full set of controls includes dummies for being located in Tunis, being foreign owned, having

at least one judge declare a conflict of interest in the evaluation of the firm’s application, having a

18Given that our pre-treatment period comprises one year only, which coincides with the first year we observe the
firm, we cannot study differential survival in this pre-period.



female founder, as well as dummies for age at baseline.

To account for treatment heterogeneity associated with staggered treatment timing, the

following two-way fixed effects (TWFE) model is estimated:

𝑌𝑖𝑡 = 𝛼𝑖 + 𝜆𝑡 +
∑︁
𝑘≠−1

𝛿𝑘 · Labeled𝑘
𝑖𝑡 + 𝜖𝑖𝑡 (3.2)

where𝑌𝑖𝑡 is an outcome of interest, notably sales, profits, employment, a dummy for employing

at least 10 workers, or the total wage bill, residualized on the controls discussed above. 𝛼𝑖 denotes

firm fixed effects, 𝜆𝑡 represents year fixed effects, and Labeled𝑘
𝑖𝑡 is an indicator variable for being

𝑘 periods away from treatment (e.g., 𝑘 = 0 for the first treatment period, that is the year firms

first receive the label, 𝑘 = 1, 2, . . . for post-treatment periods, and 𝑘 = −1 as the omitted reference

period. Labeled𝑘
𝑖𝑡 = 0 for firms that never get treated). 𝜖𝑖𝑡 is the error term. The coefficients 𝛿𝑘

capture the treatment effects at different time periods relative to the reference period. Specifically,

𝛿0 estimates the treatment effect at the time firms first receive the label, while 𝛿1, 𝛿2, . . . measure

the effect in the subsequent periods.

The Average Treatment Effect on the Treated (ATT) for a specific group 𝑔 at a specific time 𝑡

is given by:

ATT𝑔,𝑡 = E[𝑌𝑖𝑡 (1) − 𝑌𝑖𝑡 (0) | 𝐷𝑖 = 1, 𝐺𝑖 = 𝑔, 𝑡]

where 𝑌𝑖𝑡 (1) is the observed outcome for treated units (those that received the treatment in

period 𝑔) at time 𝑡, 𝑌𝑖𝑡 (0) is the counterfactual outcome for these same units at time 𝑡 if they had

not received the treatment, 𝐷𝑖 = 1 indicates that the unit 𝑖 is treated, 𝐺𝑖 = 𝑔 indicates that the unit

𝑖 was treated in group 𝑔, 𝑡 is the specific time period of interest.

The average ATT, or overall ATT, is computed by averaging the individual ATTs across all

treated groups and post-treatment periods. The formula for the average ATT is:

Average ATT =

∑
𝑔∈G

∑
𝑡∈T𝑔 𝑁𝑔,𝑡 · ATT𝑔,𝑡∑

𝑔∈G
∑

𝑡∈T𝑔 𝑁𝑔,𝑡



where 𝑁𝑔,𝑡 is the number of treated firms in group 𝑔 at time 𝑡, ATT𝑔,𝑡 is the ATT for firms treated

in period 𝑔 at time 𝑡, and G and T𝑔 represent the set of treatment groups and post-treatment periods,

respectively. The average ATT provides a weighted average of the individual treatment effects,

accounting for group and period-specific heterogeneity, and is our main estimand of interest.

Another econometric challenge stems from the skewed distributions of three of our main

outcomes of interest, i.e. sales, profits and employment. Many of the young firms in our samples

report zero sales and/or zero or even negative profits, and the employment distribution is also

severely right skewed. To address this skewness and limit the impact of outliers we winsorize

these outcomes at the 5% level. In addition, in robustness tests we estimate the proportional

treatment effect on the treated using a Poisson quasi-maximum likelihood estimator (QMLE)

difference-in-differences specification (Silva and Tenreyro, 2010; Correia et al., 2020) following

the recommendations of Chen and Roth (2024). The identifying assumption is that, absent the

program, the proportional change in mean outcomes in treated and untreated firms would have

been the same.

Finally, we also conduct some heterogeneity analysis to provide indirect tests for the impact of

specific components of the program. To that end, we assess whether program impacts are different

for firms that are highly dependent on imports, engage in manufacturing, operate in the “onshore"

export-regime, or have a female founder.

3.4.2 Balancing tests between treated and non-treated firms

Voting outcomes Table C.3 reports summary vote statistics from the monthly voting sessions

for all applicants for whom we have complete data, the Full Sample. In total, 70 percent of

applicants (326 out of 466) receives the label. Seventy-five percent of applicants (348 firms)

receive their decision in the second round (that is on the basis of their application only), during

which 20% of all applicants (91 firms) are summarily rejected and 55% (257 firms) are accepted

right away. The remaining quarter (118 firms) proceeds to the pitch stage and constitutes the Pitch

Sample. In this third stage, another 69 firms, or 14.8% of the total sample, receive the label and



49 (10.5% of the total sample) are rejected.

Differences at baseline Treated and control firms are not different in other dimensions, as is

shown in Table 3.1, which presents descriptive statistics on general characteristics and outcomes

for the Full Sample (columns 1-3) and the Pitch Sample (columns 4-6) using RNE data and

program data from the baseline year, prior to the program’s start. Columns 1 and 4 display

averages and standard deviations (in parentheses) for firms that were rejected, whereas columns 2

and 5 provide these statistics for firms that received the label. Columns 3 and 6 report p-values

from t-tests of differences in means between treatment and control groups in the Main and Pitch

Samples respectively. Reassuringly, all variables, with the exception of “conflict declared" (which

we discuss below), are strongly balanced. We fail to reject the null that the means are equal in the

baseline year for both the Full Sample and the Pitch Sample for any of them. The F-test of the

joint null of no treatment-control differences for all variables excluding “conflict declared" has a

p-value of 0.83 for the Full Sample; 0.89 for the Pitch Sample.

The only unbalanced variable between treated and control groups is the probability of declaring

a conflict of interest compelling judges to abstain from participating in the voting sessions. For

25% of program participants, at least one of the judges declared a conflict of interest, whereas

this was the case for only 6% of control firms. This difference could reflect a correlation between

connections to industry insiders such as College members and applicant’s perceived quality.19 To

the extent that this positive correlation is driven by unobservable factors that could independently

affect performance (e.g. founder’s abilities, political connections), this could bias our estimates of

interest. Hence in the analysis below we control for the declaration of a conflict of interest, among

other firm characteristics, unless otherwise indicated. We conduct an additional robustness check

by omitting firms with a declared conflict of interest in Section 3.5.3.

The summary statistics for the Full Sample suggest that firms are young and small on average.

19We can only speculate as to why firms that end up being selected are more likely to be ones in which at least one
of the judges has a personal interest. Since judges are experts in their respective domains, it is plausible that they are
more inclined to invest in promising startups. This might explain the positive correlation between declared conflicts
of interest and receiving the startup label. Note that a priori one may have anticipated a negative correlation since the
threshold for obtaining the label is higher for firms where conflicts of interest are present, as fewer judges are available
to cast the required five positive votes.



The average treated firm is 1.46 years old at the time of application and has a staff of 1.09 persons

(0.92 for control firms). As we noted previously, because of the very young age of firms in our

sample we cannot control for a large set of pre-periods in our analysis. Firm sales are on average

TND 146,970 (USD 48,990) at baseline for firms that receive the label and TND 157,160 (USD

52,386) for control firms, but these averages mask sizeable heterogeneity across firms, as is

evidenced by the large standard deviations. The relatively sizable sales figures confirm the stark

contrast between entrepreneurs in our context and the microentrepreneurs typically studied in the

literature on entrepreneurship in developing countries. For example, the majority of subsistence

firms in these studies have no paid employees, with average monthly revenues of less than 100

USD (McKenzie and Woodruff, 2014). As is usual in the early years of a start-up, firms in our

sample are not profitable at the time they apply to the program, on average. Firms that are

selected into the program are making a loss of TND 12,180 (USD 4,060) at baseline while

rejected applicants make a loss of TND 6,500 (USD 2,166), although the deviations from the

means are very large. 48% of treated applicants (41% of control firms) are located in the capital,

Tunis. Foreign-owned firms account for a small share of both the treated (6%) and the control

samples (4%). Labor costs amount to roughly a fifth of total sales on average. The average annual

wage bill of program participants at baseline is very similar to that of non-participants: TND

26,870 (USD 8,956) for treated and TND 26,270 (USD 8,756) for control firms. 28% of treated

firms have at least one female founder, relative to 34% of control firms, and the difference

between these means is not statistically significant. The fact that it is hard to predict which firms

will receive an acceptance or rejection based on observable characteristics in both the Full and the

Pitch samples is consistent with the idea that judges are not evaluating the potential for success of

these firms. This also helps assuage concerns about program impacts being driven by selection

bias.

As an auxiliary test for potential selection on unobservables, we also check the predictive power

of the judges regarding the future success of firms, independent of the label effect. To that end we

regress growth in sales, profits, employment and the total wage bill on the share of yes votes in



the first round, whether or not at least one of the judges declared a conflict of interest, and the

years since application. To isolate the effect of the yes votes from that of the label, we run the

regressions separately for firms that received the label and those that did not. If the share of yes

votes is a strong marker of the quality of firms we would expect it to be correlated with subsequent

improvements in performance irrespective of whether they obtained the label. Table C.4 presents

the results, which reveal that we cannot reject the null that the voting outcomes have no predictive

power for any of the outcomes. This result applies both to the treated (panel B) and the control

group (panel A). This is also aligned with the similarity in observables between the treated and

control samples and further mitigates concerns about selection on unobservables.

The inability to predict the success of the firms is again consistent with the selection criteria

applied by judges. As explained in Section 3.2, judges had relatively little time to assess each

application and were not asked to evaluate financial viability or expected returns as venture

capitalists would do. Instead, they focused on assessing innovation and scalability. This finding

also dovetails with evidence from other business plan competitions. For example, McKenzie and

Sansone (2019) conduct a business plan competition in Nigeria and show that judges’ scores do

not predict firm survival, employment, sales, or profits.

3.5 Results

We first present the results on firm survival and performance, followed by robustness checks,

an exploration of potential mechanisms, and a back-of-the-envelope calculation of the returns to

the program.

3.5.1 Survival

Table 3.2 reports the impacts of the program on survival. Columns 1-2 and 5-6 present results

for the Full Sample, columns 3-4 and 7-8 present results for the Pitch Sample. Odd columns do

not include any controls (other than year dummies in columns 1 and 3), whereas even columns

control for being located in Tunis, being foreign-owned, offshore status, age dummies, a dummy



for having had at least one jury member profess a conflict of interest during the selection process,

industry dummies, and an indicator for having at least one female founder. Panel A (columns 1-4)

examines the determinants of short-term survival, using as outcome variable a dummy indicating

whether firms are active in a given year, whereas Panel B (columns 6-8) examines the determinants

of long-run survival, notably surviving until at least 2022.

The effects of program participation on survival are large and economically significant. Firms

in the Full Sample that receive the startup label are 18 percentage points (pp) more likely to be

active in a given year than firms whose application was rejected, an effect significant at the 1%

level. Controlling for observable characteristics reduces this differential to 16 pp but the effect

remains significant at the 1% level. When we use the Pitch Sample without controlling for

observable characteristics, we find estimates of program impact that are very similar to those in

the Full Sample (see column 3). Once we include controls, the estimated effect of participating in

the program drops to 11 percentage points and is statistically significant at the 10% level. The

effects on survival are economically meaningful since each year 3 of every 10 firms exit on

average.

The impact of the program on longer-run survival is presented in Panel B. Firms in the Full

Sample that received the label are 26 pp more likely than rejected applicants to be active in 2022,

the last year in our data (see column 5). Including controls reduces this effect to 22 pp, as is shown

in column 6. Estimates for firms in the pitch sample (presented in columns 7 and 8) are very

similar. According to our best estimates which control for firm characteristics at baseline (column

8 that is), firms in the pitch sample that received the label are 18 pp more likely to be active at the

end of our sample period than firms that applied but did not. Again these are large effects given

that nearly half of all firms in the Full and Pitch samples were not active any longer by 2022.

3.5.2 Firm performance

Next we turn to the estimation of the impacts of the Start-up Label program on firm

performance, including sales, profits, employment and the wage bill. The results are presented in



Table 3.3. Panels A and B report regression 3.2 using the Full and the Pitch Samples, respectively.

Exiting firms are included in both samples but counted as having zero sales, profits or

employment. Our preferred estimates are based on the Pitch Sample, as this group is likely to

exhibit the least selection bias, as discussed above.

The estimated impact of the program on sales is positive, sizable and statistically significant at

the 10% level in the Full Sample (column 1) but very imprecisely estimated in the Pitch Sample

(column 6). By contrast, the program’s impact on profits is negative. In the Full Sample this effect

is statistically significant (see column (2), while in our preferred Pitch Sample it is not (column (7)).

This counterintuitive result appears in part driven by the differential propensity of program firms

to survive. Recall that firms in our sample are very young and on average report losses.20 In these

regressions, however, exiting firms are included as firms with zero profits, which may contribute

to the negative program impact on profits. Another possible explanation is that labeled firms invest

more—perhaps facilitated by greater access to credit—which would impact their reported profits.

The program had a sizable and strongly significant impact on employment (columns 3 and 8).

Labeled firms in the Full Sample hired on average 1.7 more workers than control firms after

receiving the label, while those in the pitch sample hired 2.0 more workers on average. These

employment increases are considerable, given that the average firm size in the Full and Pitch

samples is 1.6 and 1.8 workers, respectively. Thus, the program has been successful in achieving

one of its key objectives, that of creating jobs.

Yet, these employment increases are generally insufficient for firms to comply with the

program’s eligibility criteria, which require labeled firms to achieve a target of 10 wage

employees within three years of participation. Receiving the start-up label indeed increases the

likelihood that firms reach this target in any given year, notably by 6 pp in the Full Sample

(column 4) and the pitch sample (column (9)), though only the former effect is significant at the

10% level. These impacts are sizable, given that just 6% of firms in our sample employ 10 or

20During the early stages of a firm’s lifecycle, sales are typically below potential as firms have not yet fully
established their market, and they can be insufficient to cover fixed and variable production costs. Firms may also
deliberately choose to operate at a loss as a strategic move to gain market share. Hence profits and sales may be too
noisy to serve as informative performance metrics for start-ups.



more workers. In fact, only a small proportion of participating firms (17.4%) achieved this

employment threshold within three years. This outcome suggests that the 10-employee target may

be overly ambitious for most firms, at least in the medium term. In short, while the Start-up

program does create jobs, it may still fall short of its ambitious goal of generating 10,000 new

jobs by 2025.

Mirroring the increase in employment documented in columns (3) and (8), specifications (5)

and (10) show that the program also generates a significant average increase in the wage bill—an

additional 54,000 Tunisian Dinars for firms in the Full Sample and 69,000 TND for firms in the

pitch sample. These are large increases, equivalent to 116% of the control mean for the overall

sample and 113% for the pitch sample.

Overall, the results we obtain using the pitch sample are similar to, and statistically

indistinguishable from those obtained using the Full Sample. This is consistent with the fact that

entry into the program was difficult to predict, as was shown in section 3.4.2, further assuaging

concerns about selection bias.

We exploit the more frequent availability (quarterly) of employment data to assess the dynamic

impacts of the program. Figure 3.1 plots the coefficients from the quarterly analog of equation 3.2

on employment using quarterly data for the Full Sample. The coefficient in each period is relative

to the quarter before application. We see no evidence of pre-trends, which is further reassurance

of limited selection bias. The point estimates starting in the quarters following application are

positive and large in magnitude. The timing of the uptick in employment is consistent with a

positive impact of the program on job creation.

Overall, the results point to a sizable impact of the program on job creation, even though many

participants fail to achieve the employment targets the program aimed for. Selection bias appears

limited since results for the Full and Pitch Samples are consistently very similar.



3.5.3 Robustness

We perform several robustness tests to assess the sensitivity of our results. First, we re-estimate

the regressions using Poisson quasi-maximum likelihood estimation (QMLE), following Silva and

Tenreyro (2010) and Correia et al. (2020), to account for the skewed distribution of many outcome

variables. The results, reported in Table C.5, are consistent with our baseline estimates.21

Second, we re-estimate the model using non-winsorized data to assess the influence of outliers.

As shown in Table C.6, the results are again broadly consistent with our baseline. The negative

effect on profits disappears for the Full Sample, while the estimated impacts on employment and

the wage bill become even larger.

Third, we address potential selection bias related to conflicts of interest. While our regressions

control for declared conflicts, judges may have informally supported firms they knew, which

could have increased those firms’ likelihood of selection. To assess the robustness of our results

to this potential bias, we re-estimate equation 3.2 excluding all firms with declared conflicts. As

shown in Table C.7, the point estimates of program impact are all smaller. However, the

employment and wage bill effects in the Full Sample remain positive and statistically significant.

In the Pitch Sample, the estimated program impacts on employment and the wage bill are of

comparable magnitude to those in the Full Sample, but no longer significant. This suggests

heterogeneity in treatment effects, with stronger impacts among more connected firms. One

possibility is that connected firms are simply more capable, which could explain both why judges

invested in them in the first place, and why they benefit more from treatment. Given that the Full

Sample results are largely robust to omitting these firms, we interpret this as suggesting that any

endogeneity from this variable, if present, does not drive the main results.

Fourth, as another check for selection bias, in Table C.8, we conduct a placebo test by

comparing firms selected in the second round with those selected in the Pitch stage. Consistent

with the evidence we have presented for limited selection bias with the Full Sample in section

21In this specification, we do not use the estimator of Callaway and Sant’Anna (2021), as a Poisson QMLE
implementation of this method is, to the best of our knowledge, not yet available in standard software packages.



3.4.2, we find that second round and pitch stage firms are no different in terms of their

performance as a result of the program.

Finally, because our study period overlaps with the COVID-19 pandemic, we assess

heterogeneity in treatment effects using three sector-level exposure measures from Le et al.

(2024). The first classifies sectors as “essential” or “non-essential” based on labor supply

disruptions. The second captures sectoral demand shocks, measured by the average change in

realized and forecasted firm revenues pre- and post-pandemic onset. The third captures

intermediate input supply shocks, defined as the share of firms in a given sector reporting input

constraints in the World Bank’s COVID-19 Enterprise Follow-up Survey.22 For the latter two,

sectors are split into high and low exposure groups relative to the sample median.

Table C.9 reports the results. Panels A and B compare essential and non-essential sectors.

Only 8% of firms fall into the “essential” category—mainly food and health services— while the

majority of firms in our sample operate in non-essential tech-related sectors such as e-commerce,

AI, and business software. Estimates of program impacts on essential firms are imprecise and

indistinguishable from zero, likely due to the small sample size (35). For non-essential sectors,

which were arguably more exposed to the COVID-19 pandemic, results closely resemble those for

the baseline Full Sample findings presented Table 3.3. Panels C and D split firms by exposure to

demand shocks, with most firms operating in sectors experiencing relatively low shocks. Results

are similar across both groups with, if anything, higher program impacts in the most exposed

group. Panels E and F examine input supply shocks, with smaller but imprecisely estimated effects

for more exposed sectors, again likely due to limited sample size in this category. Overall, these

results suggest no consistent evidence of differential treatment effects by pandemic exposure.

We also explore whether program impacts varied across phases of the pandemic. Using the

Oxford COVID-19 Government Response Stringency Index (Hale et al., 2021), we exclude

quarters with the highest lockdown intensity in a quarterly difference-in-differences framework.

22Firms report whether their input supply in the last completed month decreased relative to the same month in 2019.
A response of “decreased” is classified as constrained input. The authors aggregate the share of firms with constrained
inputs at the 3-digit ISIC industry level across 33 countries (2020–2022). This measure is then mapped to 3-digit NAT
codes and standardized (Le et al., 2024).



Table C.10 shows results for the Full and Pitch samples, both for the full period and excluding

high-stringency quarters. Findings are consistent with our main results, with slightly larger

estimates for employment and wage bill outcomes when excluding the worst-hit periods. In other

words, COVID-19 may have somewhat attenuated the beneficial effects of the program on firms.

3.5.4 Potential mechanisms

Next we investigate the mechanisms behind the Start-up Label program’s impact on

employment. We first examine whether the program’s effects are driven by increased firm

survival or by job creation within surviving firms. To assess this, we focus on the intensive

margin—restricting the sample to firms with strictly positive outcomes—and then examine firms

that survive at least until 2022. We also investigate how the program’s impact varies across

different types of firms, sectors, and founder characteristics, and consider the potential role of the

program’s various components.

The results regarding the intensive margin are presented in Table C.11. The estimated effects

on employment and the wage bill are significantly larger in magnitude than those in Table 3.3 and

remain economically meaningful. Among firms with strictly positive outcomes in the pitch sample,

the program’s impact on employment (3.43) is 70% greater than the effect observed in Table 3.3

(2.03) for the sample that includes firms with non-positive outcomes. The impact on the wage bill

is 24% larger. Since the intensive margin sample represents 78% of the overall pitch sample, these

findings suggest that most of the program’s effect is driven by the intensive margin. This aligns

with the substantially larger overall impact of the program on employment (110%) and the wage

bill (113%) reported in Table 3.3 compared to its effect on long-term survival (18%) in Table 3.2.

Table C.12 uses the sample of firms still active as of 2022, comprising 320 firms out of 466

in the Full Sample and 79 out of 118 in the pitch sample. The results are qualitatively similar.

For the pitch sample, the employment and wage bill coefficients (3.14 and 114.0) are higher than

the corresponding coefficients (2.03 and 69.2) for the overall sample of 118 firms in Table 3.3,

providing further suggestive evidence that the program’s impact is primarily driven by the intensive



margin rather than by firm survival.

Which of the advantages offered by the program is most impactful? Since there is no

(experimental) variation in the intensity of each component within the bundle of advantages

offered by the program, we cannot precisely identify which element(s) drive the observed effects.

To shed some light on this issue, Table C.13 examines how the program’s impacts vary across

distinct types of firms, each likely to be differently influenced by various program components.

Specifically, we distinguish the program impact according to the degree of reliance on imports;

whether the firm is in the manufacturing sector, and whether it operates in the onshore or offshore

regime. The first two groups could help us isolate the impact of preferential customs treatment, as

import-dependent and manufacturing firms are more reliant on international trade than other

firms. The onshore/offshore analysis sheds light on the relevance of foreign exchange account

access, as offshore firms already benefit from this advantage.

We use the Full Sample in order to maximize power given that we are slicing our data into

various sub-groups to perform heterogeneity analysis. The results are presented in table C.13.

Panel A confines attention to firms operating in import-dependent sectors, defined as those with

import shares above the median, calculated over the entire universe of registered firms. Panel B

presents results for firms in non import-dependent sectors. The program impacts on employment

and the wage bill are larger in import-dependent sectors than in non-import-dependent ones. Panels

C and D present results for manufacturing and non-manufacturing sectors, revealing that program

impacts are much more positive for the former than the latter. Combined, these findings suggest

that preferential customs treatment may be an important enabler of firm growth and job creation.

Next, we examine the impacts on firms operating in the onshore and offshore regimes

separately in panels E and F, respectively. The program has a robust, positive, and significant

impact on sales, job creation, and the wage bill for onshore firms. Impacts for offshore firms,

while positive, are slightly smaller and statistically insignificant, possibly due to the limited

sample size. Nonetheless, the larger effects observed for onshore firms suggest that access to

foreign currency accounts along with preferential customs treatment contribute positively to firm



performance.

Finally, founder characteristics may influence how much firms benefit from the program.

Unfortunately we have limited information on these characteristics, except for gender. In all our

regressions, we control for having at least one female founder. In Table C.14, we explore

heterogeneity along this dimension. While estimated effects on sales and the wage bill are

somewhat larger for firms with all-male founders, the impacts on employment are very similar

across groups. Notably, the program is associated with a slightly less negative impact on profits

and slightly more positive impact on employment and wage bill for firms with at least one female

founder. However, the overall patterns of heterogeneity are modest, and there is no strong

evidence that gender composition materially modulates program impact. The last row of Table

C.14 shows that for each of the outcomes, we reject the null of equality of coefficients.

We complemented these results with interviews with a few firms. They claimed that the

coverage of social security contributions, access to foreign exchange and to preferential customs’

treatment were among the most useful features of the program. The program’s robust impact on

employment aligns with the supposition that reduced labor costs are a significant benefit.

Although access to financing was not a direct benefit of the program, obtaining the label may

have provided some signaling value, potentially easing access to finance in both credit and

investor markets. However, our interviews suggest that, while this effect may have been present,

its magnitude is likely to be marginal.

3.5.5 Cost-benefit analysis

Is the program worth it? To explore this, we conduct a back-of-the-envelope cost-benefit

analysis. We compare the net annual cost per firm borne by the government with the average

annual benefits the program has generated per firm thus far. This calculation is crude and

inevitably somewhat ad hoc: it focuses on short-term, partial equilibrium effects and abstracts

from spillovers, behavioral responses, and non-economic benefits of employment. It also relies on

estimates subject to statistical and economic uncertainty. As such, results should be interpreted



with caution and viewed as indicative rather than definitive. Taking this into account, we provide

a range for our benefit-cost ratio, using estimates for the Full Sample and the Pitch Sample as a

lower and an upper bound, respectively, in our calculations. Table 3.4 summarizes the results. For

brevity, we describe in this section the estimates from the Pitch Sample, which provides our

preferred estimates.

Costs Panel A of Table 3.4 shows the annual costs of the program per firm. These include (i)

direct costs and (ii) fiscal incentives. The direct costs (i) consist of monetary expenditures

disbursed to run the program (administrative costs) and to provide the stipends to the eligible

founders (stipend costs), both of which we obtain from Smart Capital. The former account for

TND 1,523(USD 508), while stipend costs account for TND 10,181(USD 3,394) per participating

firm per year on average.23 The main costs of the fiscal incentives (ii) that the program offers are

(1) foregone social security contributions and (2) foregone corporate tax revenue, but these are

partially offset by (3) increased personal income tax revenue from new hires. Foregone social

security contributions (1) amount to TND 23,415 (USD 7,805) per firm on average and are the

biggest cost of the program.24 Foregone corporate tax revenue (2) is a much smaller expense,

amounting to TND 659(USD 220) per participating firm per year.25 Fiscal expenses in the form of

foregone corporate taxes are limited because many firms report making losses. These tax

expenditures are partially offset by (3) increased personal income tax revenue from new hires,

which amounts to TND 6,136 (USD 2,045) per participating firm per year.26 Net annual

government costs per firm thus amount to TND 29,693(USD 9,898).

Benefits Our estimates of short-term program impacts point to an increase in survival,

23These figures are calculated by dividing the total amount of stipends received by all eligible firms in a given year
by the total number of labeled firms in a given year.

24They are calculated by multiplying the average annualized wage bill of program participants in the posttreatment
period by 𝜏𝑠𝑠 , the tax rate of 25.75%.

25Foregone tax revenue is calculated by taking the average of the hypothetical tax revenue across labeled firms in
the post-treatment period. Firms with negative profits are assumed to pay zero taxes, firms with positive profits are
assumed to be taxed at 𝜏𝑐 , 15%.

26To calculate this component, we use the results from our regression analysis. We calculate the increased personal
income tax revenue as the (taxable) average annualized earnings per worker for firms participating in the program
with employees in the posttreatment period, times the personal income tax rate of 19.5%, multiplied by the number
of new workers (implied by the coefficient estimated in col (3) of our main Table 3.3). The tax schedule in Tunisia is
progressive. Up to 5,000 TND is tax free. We apply 𝜏𝑝 to the taxable balance.



employment, and the wage bill, with no significant impact on sales and profits. We define the net

economic benefit of the program in the short term as the sum of the average yearly increase in the

wage bill and the average stipend that firms receive. Given that we construct a balanced sample

(we impute 0 outcomes for firms that exit), the survival benefits are taken into account in the

regressions on employment and the wage bill reported in Table 3.3. The average added annual

wage bill per program participant is TND 69,179 (USD 23,060) and average annual stipend

spending is TND 10,181 (USD 3,394).27 The total average annual benefits the program generates

per participating firm thus amount to TND 79,360(USD 26,453).

Returns The short-term return of the program is the ratio of benefits to costs. Our back-of-

the-envelope calculation suggests that, so far, the program has yielded an estimated TND 2.68 in

benefits for each TND spent. The program cost estimate also implies a short-term cost of TND

14,606 (USD 4,869) per full-time job created.28 Using estimates from the Full Sample instead of

the pitch-stage sample yields a benefit-to-cost ratio of 1.99.29 While these results indicate that the

program appears to generate net social benefits, they must be interpreted with caution given the

simplifying assumptions and uncertainties inherent in the analysis. Moreover, given the program’s

targeted focus on high-tech entrepreneurship, the estimated returns may not generalize to a broader

population of firms.

3.6 Conclusion

Governments across the globe are committing considerable resources to programs that spur the

development of companies with high potential for growth, innovation and job creation. Salient

selection issues and data constraints often prevent rigorous evaluations of such programs. This

paper is one of the first studies to examine high-tech entrepreneurship in a developing country
27Note that stipend spending is included both as a cost and as a benefit; it effectively is a transfer from the

government. This accounting choice may overstate the program’s net economic value.
28In comparison, Biancalani et al. (2022) calculate that the Italian Start-up Act cost EUR 32,000 per full-time

equivalent job created, conditional on the job existing for at least five years. Italy’s GDP per capita is almost ten times
higher than Tunisia’s.

29As a robustness check, we replicate the analysis using the Marginal Value of Public Funds framework (see
Appendix Table C.15). This alternative approach—accounting for foregone fiscal revenues as benefits and evaluating
the additional wage bill against its opportunity cost—produces returns ranging from 1.69 to 2.86.



context, by examining the impacts of Tunisia’s Startup Act – a new form of institutional support for

young ventures and the first program in Africa to offer a label of merit and several administrative

advantages to spur innovative startups.

To address the concern that our estimates are biased due to selection on unobservables, we

tested the robustness of our analysis to restricting it to a sample of firms for which the judges that

select program participants are undecided in the first round of voting, arguing that unobservables

are likely to be similar for this set of firms, irrespective of whether they are eventually accepted

into the program. We also show that selection into the program is difficult to predict, and that the

share of yes votes that firms receive in the first voting round does not predict subsequent growth,

neither for program participants nor for unsuccessful applicants.

Our findings point to positive and significant effects on firm survival and employment, one to

three years after program delivery. We find imprecisely estimated effects on sales, and no

detectable effects on profits. A crude cost-benefit calculation suggests that the program has thus

far been cost-effective, despite being implemented during a period marked by the COVID-19

pandemic and political upheaval. Given the program’s novelty and policy relevance, we set out to

assess its mid-course impacts. While its relatively recent launch precludes an evaluation of

long-term outcomes, this is a valuable topic for future research.



3.7 Figures and Tables



Table 3.1: Firm Outcomes and Characteristics at Time of Application

Full Sample Pitch Sample
Control Treatment P-value Control Treatment P-value

Mean (SD) Mean (SD) (1)-(2) Mean (SD) Mean (SD) (4)-(5)
(1) (2) (3) (4) (5) (6)

Located in Tunis 0.41 0.48 0.23 0.43 0.35 0.38
(0.49) (0.50) (0.50) (0.48)

Foreign 0.04 0.06 0.26 0.04 0.06 0.68
(0.19) (0.24) (0.20) (0.24)

Onshore 0.84 0.83 0.70 0.86 0.88 0.67
(0.37) (0.38) (0.35) (0.32)

Age at baseline 1.46 1.46 0.97 1.51 1.64 0.70
(1.73) (1.64) (1.83) (1.71)

Local Sales (1k 2022 dinars) 63.15 61.79 0.96 94.83 39.66 0.26
(294.66) (245.08) (392.90) (85.02)

Exports (1k 2022 dinars) 85.01 76.72 0.85 199.93 146.93 0.70
(460.28) (412.74) (757.45) (733.59)

Post-tax Sales (1k 2022 dinars) 157.16 146.97 0.85 309.83 193.39 0.43
(571.79) (492.30) (876.72) (731.53)

Profits (1k 2022 dinars) -6.50 -12.18 0.20 -10.47 -14.47 0.68
(41.34) (44.94) (51.53) (53.34)

Employment 0.92 1.09 0.53 1.12 1.30 0.76
(2.54) (2.82) (2.91) (3.19)

Total wagebill (1k 2022 dinars) 26.27 26.87 0.95 38.81 35.45 0.88
(94.37) (92.24) (122.03) (116.47)

Conflict declared 0.06 0.25 0.00*** 0.14 0.38 0.00***
(0.25) (0.43) (0.35) (0.49)

At least one female founder 0.34 0.28 0.25 0.29 0.25 0.64
(0.47) (0.45) (0.46) (0.43)

F-test of joint significance (p-value) 0.00*** 0.16
F-test (p-value), excluding Conflict declared 0.83 0.89
F-test, number of observations 466 118

N 140 326 49 69

Notes: Table presents descriptive statistics on general characteristics and outcomes for the Full Sample (columns 1-3)
and the Pitch Sample (columns 4-6) using RNE data and program data from the baseline year, prior to the program’s
start. Columns 1 and 4 display averages and standard deviations (in parentheses) for firms that were rejected, whereas
columns 2 and 5 provide these statistics for firms that received the label. Columns 3 and 6 report p-values from t-tests
of differences in means between treatment and control groups in the Full and Pitch Samples respectively. Profits, and
the wage bill are winsorized at the 5% level. *, **, and *** denote significance at the 10%, 5% and 1% significance
level respectively.



Table 3.2: Effects of the Start-Up Label Program on Survival

Full Sample Pitch Sample

A. Active this year
(1) (2) (3) (4)

Labeled 0.18*** 0.16*** 0.17** 0.11*
(0.04) (0.04) (0.06) (0.06)

R2 0.09 0.15 0.12 0.25
N 1,243 1,243 333 333
Firms 466 466 118 118

Mean in the control group 0.67 0.67 0.70 0.70
Controls X X

B. Survives until
end of the sample period (2022)

(5) (6) (7) (8)
Labeled 0.26*** 0.22*** 0.24*** 0.18*

(0.05) (0.05) (0.09) (0.10)

R2 0.06 0.15 0.06 0.21
N 466 466 118 118
Firms 466 466 118 118

Mean in the control group 0.51 0.51 0.53 0.53
Controls X X

Notes: Panel A reports results from estimating 𝑌𝑖𝑡 = 𝛽0 + 𝛽1 · Labeled𝑖 + 𝛽2 · 𝑋𝑖,baseline + 𝜃𝑡 + 𝜖𝑖𝑡 in the post period.
Panel B reports results from estimating 𝑌𝑖 = 𝛽0 + 𝛽1 · Labeled𝑖 + 𝛽2 ·𝑌𝑖,baseline + 𝜖𝑖 in the year 2022. 𝑌𝑖𝑡 is an indicator
of survival, notably a dummy that takes value 1 if the firm is active (in columns 1, 2, 3 and 4) or a dummy that
takes value 1 if the firm was active at the end of our sample period, 2022 (in columns 5,6,7 and 8). Labeled𝑖 is an
indicator equal to 1 if the firm received the label. Standard errors are clustered at the firm-level. 𝜃𝑡 are year dummies.
Controls (𝑋𝑖,𝑏𝑎𝑠𝑒𝑙𝑖𝑛𝑒) include an indicator for being located in Tunis, an indicator for being foreign, an indicator
for being onshore, age dummies, an indicator for having at least one female founder, an indicator for at least one
judge abstaining from voting due to a conflict of interest, and industry dummies. In panel B, we control only for age
dummies, an indicator for having at least one female founder, an indicator for at least one judge abstaining from voting
due to a conflict of interest, and industry dummies. We consider a firm as active in year 𝑡 if it has a nonzero variable
from any of the administrative sources used in the RNE (customs, tax, or social security data). Inactive firms have
either all missing or a mix of zero and missing administrative outcomes in a given year. The Full Sample (columns
1-2, 5-6) comprises firms for which sales information and employment are available in RNE in the baseline year (year
of application for newly created firms, year before application for older firms) and post period. The Pitch Sample
(columns 3-4, 7-8) comprises firms that compete for program entry in the pitch stage (i.e. whose application was not
immediately accepted or rejected in the second selection round). *, **, and *** denote significance at the 10%, 5%
and 1% significance level respectively.



Table 3.3: Effects of the Start-Up Label Program on Balance Sheet and Labor Outcomes, Level
outcomes, Callaway and Sant’Anna (2021) Estimator

sales profits employment Has 10+ emp. total wage bill

A. Full Sample
(1) (2) (3) (4) (5)

ATT 101.8* -13.1** 1.67*** 0.063* 54.0***
(60.4) (6.41) (0.48) (0.033) (18.1)

N 1665 1352 1709 1709 1709
Clusters 466 466 466 466 466
Mean in the control group 241.8 -8.45 1.57 0.060 46.5

B. Pitch Sample
(6) (7) (8) (9) (10)

ATT 70.9 -17.5 2.03** 0.056 69.2**
(109.5) (13.0) (0.80) (0.047) (34.8)

N 435 363 451 451 451
Clusters 118 118 118 118 118
Mean in the control group 350.5 -17.4 1.84 0.061 61.1

Notes: Panels A and B show results from estimating equation 𝑌𝑖𝑡 = 𝛼𝑖 +𝜆𝑡 +
∑

𝑘≠−1 𝛿𝑘 ·Labeled𝑘
𝑖𝑡 + 𝜖𝑖𝑡 , where 𝑌𝑖𝑡 is an

outcome of interest, notably sales, profits, employment, a dummy for employing at least 10 workers, or the total wage
bill, residualized on a vector of firm characteristics in the baseline year (an indicator for being located in Tunis, an
indicator for being foreign, an indicator for being onshore, an indicator for having a judge declare a conflict of interest
in the vote, an indicator for having at least one female founder, and age dummies) in the pre-treatment sample. 𝛼𝑖 are
firm fixed effects, 𝜆𝑡 are year fixed effects. Labeled𝑖𝑡 is the interaction of an indicator equal to 1 if the firm received
the label and indicator equal to 1 for the post period. Standard errors are clustered at the firm-level. The event year
is the year of application to the program. Regressions use the Callaway and Sant’Anna (2021) estimator. The overall
ATT is computed by averaging the individual ATTs across all treated groups and post-treatment periods. Full Sample
(Panel A) is firms for which sales information and employment are available in RNE in the baseline year (year of
application for newly created firms, year before application for older firms) and post period. The Pitch Sample (Panel
B) comprises firms that compete for program entry in the pitch stage (i.e. whose application was not immediately
accepted or rejected in the second selection round). Monetary outcomes are presented in 2022 TND 1k. Our measure
for sales is post-tax sales. Sales, profits, and the wage bill are winsorized at the 5% level. *, **, and *** denote
significance at the 10%, 5% and 1% significance level respectively.



Table 3.4: Cost-Benefit Analysis

Full Sample Pitch Sample

A. Direct costs and fiscal incentives
(1) (2)

+ Average yearly administrative spending 1,523 1,523
+ Average yearly stipend spending 10,181 10,181
+ Foregone social security contributions 23,110 23,415
+ Foregone corporate tax revenue 364 659
- Added personal income tax revenue 5,460 6,136
Net cost 29,874 29,693

B. Benefits
(3) (4)

+ Average yearly stipend spending 10,181 10,181
+ Added wage bill 54,042 69,179
Net benefit 64,223 79,360

C. Returns
(5) (6)

Short-term return 2.16 2.68
Notes: Table reports results from our cost-benefit analysis. The parameters used in the analysis include the
corporate tax rate (𝜏𝑐 ,15%), the social security contribution rate (𝜏𝑠𝑠, 25.75%), and the personal income tax rate
(𝜏𝑝 , 19.5%). Panel A itemizes direct costs and fiscal incentives. Panel B itemizes economic benefits. Panel C
calculates the benefit to cost ratio. Average yearly administrative spending is equal to the sum of (1) 10% of the
cumulative program cost to date (including staff salaries, estimated at TND 1,113,828.3) and (2) the development
cost of the online platform (TND 470,000), divided by the total number of labeled firms to date (1040). Average
yearly stipend spending is equal to total amount of stipends received by all eligible firms

total number of labeled firms . Foregone social security contributions is
equal to average total wage bill in the post period for labeled firms × 𝜏𝑠𝑠 . Foregone corporate tax revenue is equal to
average yearly positive profits in the post period for labeled firms× 𝜏𝑐 . Personal income tax revenue from new hires is
equal to average yearly earnings per worker in the post period for labeled firms×average number of new workers×𝜏𝑝 .
New workers is equal to the coefficient in Column (3) of Table 3.3. Added wage bill is equal to the coefficient in
Column (4) of Table 3.3. Monetary outcomes in 2022 TND. Calculations in (1), (3), (5) use the Full Sample, in (2),
(4), (6) use the Pitch Sample.

.



Figure 3.1: Dynamic Effects of the Start-Up Label Program on Employment, Full Sample,
Callaway and Sant’Anna (2021) Estimator

Notes: Figure reports coefficients from estimating equation 𝑌𝑖𝑡 = 𝛼𝑖 + 𝜆𝑡 +
∑

𝑘≠−1 𝛿𝑘 · Labeled𝑘
𝑖𝑡 + 𝜖𝑖𝑡 , where 𝑌𝑖𝑡

is quarterly employment, residualized on a vector of firm characteristics in the baseline year (an indicator for being
located in Tunis, an indicator for being foreign, an indicator for being onshore, an indicator for having a judge declare
a conflict of interest in the vote, an indicator for having at least one female founder, age dummies, and an indicator
for having at least one female founder) in the pre-treatment sample. 𝛼𝑖 are firm fixed effects, 𝜆𝑡 are quarter fixed
effects. Labeled𝑖𝑡 is the interaction of an indicator equal to 1 if the firm received the label and indicator equal to 1
for the post period. Standard errors are clustered at the firm-level. The event quarter is the quarter of application
to the program. Regressions use the Callaway and Sant’Anna (2021) estimator. The overall ATT is computed by
averaging the individual ATTs across all treated groups and post-treatment periods. Full Sample is firms for which
sales information and employment are available in RNE in the baseline year (year of application for newly created
firms, year before application for older firms) and post period. Employment is winsorized at the 5% level.
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 مكتب عون

1 070,446 1 063,596 1 056,746 1 049,896 1 043,046 1 036,196 1 029,346 1 022,496 1 015,646 1 008,796 1 001,946 995,096 988,246 981,396 974,546 965,196 958,346 951,496 944,646 3 

1 076,796 1 069,946 1 063,096 1 056,246 1 049,396 1 042,546 1 035,696 1 028,846 1 021,996 1 015,146 1 008,296 1 001,446 994,596 987,746 980,896 974,046 964,696 957,846 950,996 2 

1 083,146 1 076,296 1 069,446 1 062,596 1 055,746 1 048,896 1 042,046 1 035,196 1 028,346 1 021,496 1 014,646 1 007,796 1 000,946 994,096 987,246 980,396 973,546 964,196 957,346 1 

 كاتب

1 094,846 1 087,996 1 081,146 1 074,226 1 067,446 1 060,596 1 053,746 1 046,896 1 040,046 1 033,196 1 026,346 1 019,496 1 012,646 1 005,796 998,946 992,096 985,246 978,396 971,546 3 

1 101,196 1 094,346 1 087,496 1 080,646 1 073,796 1 066,946 1 060,096 1 053,246 1 046,396 1 039,546 1 032,696 1 025,846 1 018,996 1 012,146 1 005,296 998,446 991,596 984,746 977,896 2 

1 107,546 1 100,696 1 093,846 1 086,996 1 080,146 1 073,296 1 066,446 1 059,596 1 052,746 1 045,896 1 039,046 1 032,196 1 025,346 1 017,896 1 011,646 1 004,796 997,946 991,096 984,246 1 

 رئيسي كاتب

 قسم رئيس 211,096 1 217,946 1 224,796 1 231,646 1 238,496 1 245,346 1 252,196 1 259,046 1 265,896 1 272,746 1 279,596 1 286,446 1 293,296 1 300,146 1 306,996 1 313,846 1 320,696 1 327,546 1 334,396 1

 المرتبة خارج قسم رئيس 217,446 1 224,296 1 231,146 1 237,996 1 244,846 1 251,696 1 258,546 1 265,396 1 272,246 1 279,096 1 285,946 1 292,796 1 299,646 1 306,496 1 313,346 1 320,196 1 327,046 1 333,896 1 340,746 1

أعوان
 

جاز
الإن

 

1 346,026 1 339,176 1 332,326 1 325,476 1 318,626 1 311,776 1 304,926 1 298,076 1 291,226 1 284,376 1 277,526 1 270,676 1 263,826 1 256,976 1 250,126 1 243,276 1 236,426 1 229,576 1 222,726 3 

1 352,376 1 345,526 1 338,676 1 331,826 1 324,976 1 318,126 1 311,276 1 304,426 1 297,576 1 290,726 1 283,876 1 277,026 1 270,176 1 263,326 1 256,476 1 249,626 1 242,776 1 235,926 1 229,076 2 

1 358,726 1 351,876 1 345,026 1 338,176 1 331,326 1 324,476 1 317,626 1 310,776 1 303,926 1 297,076 1 290,226 1 283,376 1 276,526 1 269,676 1 262,826 1 255,976 1 249,126 1 242,276 1 235,426 1 

 محرر

 رئيسي محرر 398,776 1 405,626 1 412,476 1 419,326 1 426,176 1 433,026 1 439,876 1 446,726 1 453,576 1 460,426 1 467,276 1 474,126 1 480,976 1 487,826 1 494,676 1 501,526 1 508,376 1 515,226 1 522,076 1

1 528,426 1 521,576 1 514,726 1 507,876 1 501,026 1 494,176 1 487,326 1 480,476 1 473,626 1 466,776 1 459,926 1 453,076 1 446,226 1 439,376 1 432,526 1 425,676 1 418,826 1 411,976 1 405,126 2 

1 540,126 1 533,276 1 526,426 1 519,576 1 512,726 1 505,876 1 499,026 1 492,176 1 485,326 1 478,476 1 471,626 1 464,776 1 457,926 1 451,076 1 444,226 1 437,376 1 430,526 1 423,676 1 416,826 1 

 رئيس كاهية

 مصلحة

 مصلحة رئيس 428,526 1 435,376 1 442,226 1 449,076 1 455,926 1 462,776 1 469,626 1 476,476 1 483,326 1 490,176 1 497,026 1 503,876 1 510,726 1 517,576 1 524,426 1 531,276 1 538,126 1 544,976 1 551,826 1

  رئيسي مصلحة رئيس 440,226 1 447,076 1 453,926 1 460,776 1 467,626 1 474,476 1 481,326 1 488,176 1 495,026 1 501,876 1 508,726 1 515,576 1 522,426 1 529,276 1 536,126 1 542,976 1 549,826 1 556,676 1 563,526 1

 السلطة مفوض 640,626 1 647,476 1 654,326 1 661,176 1 668,026 1 674,876 1 681,726 1 688,576 1 695,426 1 702,276 1 709,126 1 715,976 1 722,826 1 729,676 1 736,526 1 743,376 1 750,226 1 757,076 1 763,926 1

 مدير كاهية 663,026 1 669,876 1 676,726 1 683,576 1 690,426 1 697,276 1 704,126 1 710,976 1 717,826 1 724,676 1 731,526 1 738,376 1 745,226 1 752,076 1 758,926 1 765,776 1 772,626 1 779,476 1 786,326 1

 مساعد مدير 680,076 1 686,926 1 693,776 1 700,626 1 707,476 1 714,326 1 721,176 1 728,026 1 734,876 1 741,726 1 748,576 1 755,426 1 762,276 1 769,126 1 775,976 1 782,826 1 789,676 1 796,526 1 803,376 1

1 820,426 1 813,576 1 806,726 1 799,876 1 793,026 1 786,176 1 779,326 1 772,476 1 765,626 1 758,776 1 751,926 1 745,076 1 738,226 1 731,376 1 724,526 1 717,676 1 710,826 1 703,976 1 697,126 3 

1 832,126 1 825,276 1 818,426 1 811,576 1 804,726 1 797,876 1 791,026 1 784,176 1 777,326 1 770,476 1 763,626 1 756,776 1 749,926 1 743,076 1 736,226 1 729,376 1 722,526 1 715,676 1 708,826 2 

1 843,826 1 836,976 1 830,126 1 823,276 1 816,426 1 809,576 1 802,726 1 795,876 1 789,026 1 782,176 1 775,326 1 768,476 1 761,626 1 754,776 1 747,926 1 741,076 1 734,226 1 727,376 1 720,526 1 

 مدير

أعوان
 

سير
س
الت

 
ي
الإدار

 
ف
شرا

والإ
 

.1989س مار9 بتاريخالممضىللبنوكالقوميةالمشتركةللاتفاقية1 عددالتعديليبالملحقعليهالمنصوصا)دينارا15(المنحةهذه
Notes: Figure shows the wage table in effect in 2014 for the banking sector. Wage floors are listed in
Tunisian dinars, with a comma denoting the decimal separator (e.g., 739,106 represents 739 dinars and 106
millimes). Rows classify workers by occupation and grade, while columns classify them by seniority at the
employer. Source: Official Journal of the Tunisian Republic [JORT].



Figure A.2: Descriptive Evidence on Wage Floors

(a) Bunching Around Wage Floors (b) Wage Floors Extend Throughout Earnings Distribution
Notes: Panel (a) shows the distribution of the ratio of actual wages to bargained wage floors. We use the employment module of the 2012
and 2015 waves of the National Survey of Population and Employment (ENPE), restricting the sample to non-agricultural wage employees
with a contract who have remained in the same job for the past three months. Monthly earnings are winsorized at the top 10% within sector
to reduce the influence of outliers. Panel (b) plots the distribution of monthly earnings (in dinars) in quarter 2 of 2014 against selected wage
floors for the banking sector. We use CNSS data, restricting the sample to 5767 incumbent male workers observed between 2010 and 2014,
aged less than 45. We plot, as vertical red lines, the four-year-seniority wage floors for the highest grade in each of three broad groups:
service/operations, management, and supervisors, as well as the maximum wage floor. Monthly earnings are computed as quarterly earnings
divided by three and winsorized at the top 10% within sector to reduce the influence of outliers. The bin width is 100 dinars. Source for wage
floors is collective bargaining agreements.



Figure A.3: Shift in Entire Earnings Distribution

Notes: Figure plots histograms of nominal average monthly earnings at the worker-level (in Tunisian dinars) in the banking sector by year.
Monthly earnings are computed as quarterly earnings divided by three and winsorized at the top 10% to reduce the influence of outliers.
Vertical red line is lowest wage floor (suboccupation 1, seniority 1) for 2014 (TND 739.106). Sample is 20,703 workers. Policy came
into effect in 2014. By 2015, all workers are to the right of the minimum wage floor. The entire distribution, rather than only the left tail,
experiences shifts over the years. Source: social security data.



Figure A.4: Effects on Log Mean Earnings and Employment (Binary Treatment Variable)

Notes: Figure plots the coefficients from version of regression 𝑦 𝑗𝑡 =
∑𝑇

𝑘≠−1 𝛽𝑘 × 𝐸𝑥𝑝𝑜𝑠𝑢𝑟𝑒 𝑗 × 1[𝑡 − 2014 = 𝑘] + 𝛼 𝑗 + 𝛿𝑡 + 𝜓𝑥 ( 𝑗) ,𝑡 + 𝜖 𝑗𝑡 with
a binary treatment indicator (above/below (standardized) median sample exposure). Balanced Sample is branches seen for the full period of
our analysis (2008-2021). Outcome is log mean monthly earnings in top Panel, log Employment in bottom Panel. Regressions include bank
by year FE.



Table A.1: Summary Statistics, Survey Sample

mean sd
Young 0.56 0.50
Female 0.47 0.50
High-skill 0.73 0.44
governorate==Tunis 0.15 0.36
governorate==Ariana 0.15 0.36
governorate==Ben Arous 0.15 0.36
governorate==Manouba 0.15 0.36
governorate==Kef 0.39 0.49
Seniority (years) 12.86 7.94
Observations 165

Notes: Table shows means and standard deviations of variables for the Survey Sample. We partnered with
a local survey firm to conduct in-person interviews in five Northeast and Northwest governorates of Tunisia
in September 2025: Tunis, Ariana, Ben Arous, Manouba, and El Kef. Our sample of 165 workers consisted
of incumbent employees in 15 banks across both low- and high-skill occupations. We collected information
on age, sex, seniority, and occupation and asked about perceptions around wage floor increases. We define
a young worker as one younger than the median age in our sample (45 years old).



Table A.2: Pooled time periods, Effects on Worker Rank

(1) (2)
Within-branch Rank

low-skill
Within-branch Rank

high-skill
Exposure × Post -0.49 -0.74*

(0.48) (0.42)

R2 0.76 0.68
Clusters 197 197
N 7711 5206
Worker FE X X
Year FE X X
regionxYear FE X X
BankxYear FE X X
Mean dep. var. 0.40 0.81

Notes: Table reports the coefficients (and standard errors in parentheses) from regression 𝑦 𝑗𝑖𝑡 = 𝛾 ×
𝐸𝑥𝑝𝑜𝑠𝑢𝑟𝑒 𝑗𝑖 ×1[𝑡 −2014 ≥ 0] +𝜂𝑖 +𝛼𝑡 +𝜓𝑥 ( 𝑗) ,𝑡 + 𝜖 𝑗𝑖𝑡 , separately for low-skill and high-skill workers, using
for each the samples of workers in the Balanced (branch) sample seen in the labor market over the entire
analysis period. *, **, and *** denote significance at the 10%, 5% and 1% level respectively. For young
workers at baseline, we calculate, in period 𝑡, the within-branch-age-group rank, scaling it to be between
(0,1].



Table A.3: Correlates of The Skill Premium

(1) (2) (3) (4)
Skill premium Skill premium Skill premium Skill premium

Career progression 0.098
Mean earnings 0.000
Employment 0.002
Located in Tunis 0.057

Notes: Table reports the coefficients from separate regression of the skill premium on 1) a proxy for career
progression, 2) mean earnings, 3) employment, and 4) an indicator for being located in Tunis, using the
Balanced Sample of 259 branches. The skill premium is the ratio of the wages of high- to low-skill workers.
Career progression is the gap between mean old and young earnings.



Table A.4: Earnings and Employment, Pooled time periods, Robustness to Using Average
Post Period Wage Floor Increases

(1)
Log Mean Earnings

Exposure × Post 5.65***
(0.68)

R2 0.97
Clusters 259
N 3626
year FE Y
branch FE Y
bank x year FE Y

Log Employment
Exposure × Post -2.64

(2.28)

R2 0.97
Clusters 259
N 3626
year FE Y
branch FE Y
bank x year FE Y
Mean dep. var. (levels, pre) 0.51
Elasticity -0.47

Notes: Table reports the coefficients (and standard errors in parentheses) from regression 𝑦 𝑗𝑡 = 𝛽 ×
𝐸𝑥𝑝𝑜𝑠𝑢𝑟𝑒 𝑗 × 1[𝑡 ≥ 2014] + 𝛼 𝑗 + 𝛿𝑡 + 𝜓𝑥 ( 𝑗) ,𝑡 + 𝜖 𝑗𝑡 , using the Balanced Sample. Regressions are weighted
by pre-period employment. *, **, and *** denote significance at the 10%, 5% and 1% levels respectively.
Balanced Sample is branches seen for the full period of our analysis (2008-2021). Dependent variable
means are for levels (not logs). We redefine exposure using changes in wages floors from the years after
2014. Specifically, we recalculate Δ𝑊𝐹𝑜,2014 in 1.1 to be the mean wage floor increase for that occupation
over the entire post period.



Figure A.5: Perceptions Around Wage Floor Increases, By Age

Notes: Figure reports the predicted probabilities (and 95 pct confidence intervals) from a logit of agree=1 (“agree” or
“somewhat agree” with: “Within a bank, percentage increases should be higher for higher-ranking employees”) on age
group, female, and governorate, with SEs clustered at the bank level. P-value is a test of the difference in probabilities
between young and old. Source: survey data.



A.2 Data Cleaning

We describe our data sources and cleaning in this section.

A.2.1 CNSS Data

Overview of CNSS Data Employee data from the National Social Security Agency [CNSS]

contain employee payroll records for the period 2008-2021. The CNSS administers pensions,

disability, and family benefits. We restricted the CNSS data to workers who ever work at an

employer covered by the banking CBA. For workers missing the CNSS bureau, we first assigned

them a governorate based on the zip-code of their residential address, then assigned them the

modal CNSS bureau for their governorate in the sample. We keep balanced branches (in operation

between 2008-2021) with at least five permanent employees in the pre-period. We keep branches

with employment below 200.

Sample Restrictions We dropped 45 workers with more than 1 employer per quarter. We

dropped 855 employees (2% of the sample) whose annual earnings (over four quarters) are ever

below the annual earnings implied by the national minimum wage. In order to reduce

measurement error from backing out the monthly salary from quarterly earnings (for example, a

worker can join the employer in December, so a simple division by 3 will underestimate their

monthly salary), we dropped the first and last quarters that the worker is seen at their employer, to

ensure quarterly earnings cover full 3 months.1 We dropped the negligible share (0.15%) of

workers with an implausible joining date (i.e. joined the firm before 15 years old). One employer

in our sample was previously a leasing institution and became a bank in 2015 (ilBoursa, 2017).

We considered this employer to be covered by the banking CBA throughout our panel to increase

the Balanced Sample size for analysis.

1This led to the removal of workers with only 1 quarter at an employer, approximately 2% of the sample.



Mapping to Occupations We collapsed earnings at the year level. We winsorized average

monthly earnings at the top 10% within sector to reduce the influence of outliers. Earnings

comprise the base wage, bonuses, insurance fees, and payroll taxes; the components are not

reported separately. For occupational mapping, we adjusted earnings using sector-level data on

the gross wage bill and base salary wage bill from the 2012 Employment and Salaries Survey

[Enquête Emploi et Salaires, ESS] conducted by the National Institute of Statistics [INS].

Specifically, we calculated the median ratio of base to gross salary at the 2-digit-NAT level and

deflated reported earnings by this ratio.2 We used adjusted earnings for comparisons to wage

floors and used the non-adjusted variable for our analysis. We calculated worker tenure at the

employer for workers who are hired after 2008, our first year of data. For workers already seen at

the employer in 2008, we assumed an upper bound for tenure and set it equal to their labor market

experience. We compared each worker’s earnings to the entry-level wage floors or to those for

their tenure if they joined before 2008. We recorded the highest wage floor that fell below the

worker’s earnings and assigned each worker to the corresponding broad occupation category.

Constructing Exposure For the exposure measure, we restricted the sample to 2008-2013. We

only kept workers seen at the employer for all pre-period years. We calculated average (rescaled)

wages over this period for each worker. We computed the wage bill gap for a branch as the percent

increase implied by the 2014 policy. Specifically, we divided the sum of amount increases in base

wages for all workers (as determined by their individual predicted broad occupation category) by

the branch wage bill (the sum of mean wages over the pre-period).

A.2.2 Labor Force Data

Overview of Labor Force Data The National Survey of Population and Employment [ENPE] is

a household survey conducted by the INS and aimed at estimating the demographic and educational

characteristics of the population. The survey was conducted annually between 2000-2011 and

2The sector–level median base-to-gross ratio is 0.72. While limited in precision, this rescaling is necessary. In
absence of this rescaling, we may fail to capture workers in low-wage-floor occupations.



on a quarterly basis starting in 2011. The survey includes a household module that asks about

geographical characteristics and household composition and an individual module that includes

demographics, education, current labor status, and wages. The sample is drawn from the frame of

the 2004 General Census of Population and Housing.

Cleaning and Sample Restrictions For Figure 1.3, we use the “Individuals” module of the

ENPE’s 2012, 2013, 2014, 2015, 2016, 2017 second quarter waves. In 2012, the survey was

conducted between April and June of 2012, with a sample of 132,000 households. We restrict the

sample to 18-64-years-old private sector wage employees with a contract in the financial services

and insurance sectors (NAT codes 64 and 66). For workers who do not report a monthly salary, we

use other wage information whenever possible: We impute the monthly salary using weekly wages

(multiplying by four) or daily salaries (multiplying by 20). We sum the monthly bonus and salary

and convert net to gross wages (multiplying by 1.4 to account for a 15 pct payroll tax and a 25 pct

social security tax). We winsorize wages at the top 5% to limit the influence of outliers. We match

the five banking sector CBA categories to the “professional category” occupational nomenclature

used in the ENPE survey: we map service/operations 1 to “employees”, operations 2/supervisory

to “middle professions”, and management to “managers.” For Figure A.2a, we use the ENPE’s

2012 and 2015 waves. We include all sectors and restrict the sample to non-agricultural wage

employees with a contract who have remained in the same job for the past three months. Monthly

earnings are winsorized at the top 10% within sector to reduce the influence of outliers. We report

the three broad occupation groupings used in most CBAs: “managers”, “middle professions,” and

“employees.” We match workers to the lowest-seniority wage floor that applies to their broad

occupation and sector at the time of the ENPE survey wave (2012 or 2015).



Appendix B: What Do Market-Access Subsidies Do? Experimental Evidence

from Tunisia

B.1 Theory

B.1.1 Optimal Market Penetration as a Function of Product Scope

We derive the optimal market penetration as a function of 𝐺 using an envelope theorem for

arbitrary choice sets from Milgrom and Segal (2002). Using the approximations in (2.10), profit

(from (2.8)) can be written:

𝜋(𝐺, 𝑛) = Θ𝑛

(
𝐺1−𝛼(𝜎−1)

1 − 𝛼(𝜎 − 1)

)
− 𝑎 ln

(
1

1 − 𝑛

)
𝐺1+𝛿

1 + 𝛿
(B.1)

Define 𝑉 (𝑛) as the value function corresponding to the upper envelope of the profit functions:

𝑉 (𝑛) = sup𝐺∈N 𝜋(𝐺, 𝑛). Let 𝐺∗(𝑛) = {𝐺 ∈ N : 𝜋(𝐺, 𝑛) = 𝑉 (𝑛)}, i.e., the optimal 𝐺 for a given 𝑛.

Theorem 2 of Milgrom and Segal (2002) implies 𝑑𝑉 (𝑛)
𝑑𝑛

=
𝜕𝜋(𝐺,𝑛)

𝜕𝑛
for 𝐺 ∈ 𝐺∗(𝑛). We thus have the

first-order condition:

𝜕𝜋

𝜕𝑛
= Θ

(
𝐺1−𝛼(𝜎−1)

1 − 𝛼(𝜎 − 1)

)
− 𝑎

(
1

1 − 𝑛

)
𝐺1+𝛿

1 + 𝛿
= 0

Solving for the optimal 𝑛 for a given 𝐺:

𝑛∗(𝐺) = 1 − 𝑎Λ

Θ
𝐺𝛿+𝛼(𝜎−1)

which is (2.12).
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B.1.2 Optimal Product Scope and Market Penetration in the Relaxed Problem

In this section, we solve for optimal product scope and market penetration in the relaxed

problem. Here we can apply a standard envelope theorem to derive the partial derivative of total

profits with respect to (continuous) 𝐺 for a given (optimized) value of 𝑛. The first-order condition

is:
𝜕𝜋̃(𝐺, 𝑛)

𝜕𝐺
= Θ𝑛𝐺−𝛼(𝜎−1) − 𝑎 ln

(
1

1 − 𝑛

)
𝐺𝛿 = 0 (B.2)

Together, (2.12) and (B.2) imply (2.13). To see this, note that (B.2) can be rewritten:

𝐺𝛿+𝛼(𝜎−1) =
Θ𝑛

𝑎 ln
(

1
1−𝑛

) (B.3)

Using (2.12) and re-arranging:

− Λ

1 − 𝑛
𝑒−

Λ
1−𝑛 = −Λ𝑒−Λ (B.4)

Given that 0 < Λ < 1, there are two solutions to (B.4) corresponding to the two branches of the

Lambert W function (Corless et al., 1996). One is simply 𝑛 = 0; this is inconsistent with entry.

The solution consistent with entry is:

− Λ

1 − 𝑛
= 𝑊−1

(
−Λ𝑒−Λ

)
(B.5)

This solution holds for −1
𝑒
≤ −Λ𝑒−Λ < 0, which is implied by 0 < Λ ≤ 1. Re-arranging (B.5)

gives:

𝑛̃∗ = 1 − Λ��𝑊−1
(
−Λ𝑒−Λ

) �� (B.6)

The solution for 𝐺, (2.13), then follows from (2.12).



B.1.3 Optimal Product Scope and Market Penetration in the Integer-Constrained Problem

In this section, we return to the integer-constrained problem and derive explicit solutions for

product scope and market penetration as functions of market-access costs, 𝑎, for a given level of

productivity, 𝜙. To begin, let 𝑎1, 𝑎2, ... be the values of 𝑎 at which 𝐺∗ happens to take on integer

values, i.e. 𝐺∗(𝑎𝑘 ) = 𝑘 for 𝑘 ∈ N. Using (2.13), we can solve explicitly for these values:

𝑎𝑘 =
Θ

𝑘𝛿+𝛼(𝜎−1)
��𝑊−1

(
−Λ𝑒−Λ

) �� (B.7)

Consider two such values, 𝑎𝑘+1 and 𝑎𝑘 , where 𝑎𝑘+1 < 𝑎𝑘 . By the definition of 𝑎𝑘 , 𝑘 + 1 is the

optimal scope at 𝑎𝑘+1, and 𝑘 is optimal at 𝑎𝑘 , hence:

𝜋̃(𝑘, 𝑛∗(𝑘)) |𝑎=𝑎𝑘 > 𝜋̃(𝑘 + 1, 𝑛∗(𝑘 + 1)) |𝑎=𝑎𝑘 (B.8)

𝜋̃(𝑘, 𝑛∗(𝑘)) |𝑎=𝑎𝑘+1 < 𝜋̃(𝑘 + 1, 𝑛∗(𝑘 + 1)) |𝑎=𝑎𝑘+1 (B.9)

Between 𝑎𝑘+1 and 𝑎𝑘 there is a single critical value, call it 𝑎̂𝑘 , below which 𝑘 + 1 is the optimal

integer product scope and above which 𝑘 is optimal. This is the value of 𝑎 for which:

𝜋̃(𝑘, 𝑛∗(𝑘)) = 𝜋̃(𝑘 + 1, 𝑛∗(𝑘 + 1)) (B.10)

We can solve for this value explicitly. With a fair amount of algebra, (B.10) can be rewritten:

𝑎̂𝑘 ln 𝑎̂𝑘 +
[
ln

(
Λ

Θ

)
+ 𝐽

]
𝑎̂𝑘 +

Θ𝐻

Λ
= 0 (B.11)

where

𝐻 B

(
(𝑘 + 1)1−𝛼(𝜎−1) − 𝑘1−𝛼(𝜎−1)

)(
(𝑘 + 1)1+𝛿 − 𝑘1+𝛿)

𝐽 B (𝛿 + 𝛼(𝜎 − 1))
(
(𝑘 + 1)1+𝛿 ln(𝑘 + 1) − 𝑘1+𝛿 ln 𝑘

)
(𝑘 + 1)1+𝛿 − 𝑘1+𝛿 − 1



Re-arranging,

−Θ𝐻

Λ𝑎̂𝑘
𝑒
− Θ𝐻

Λ𝑎𝑘 = −𝐻𝑒𝐽

Again using the Lambert W function (Corless et al., 1996):

−Θ𝐻

Λ𝑎̂𝑘
= 𝑊𝑖

(
−𝐻𝑒𝐽

)
Re-arranging again, we have:

𝑎̂𝑘 =
Θ𝐻

Λ|𝑊𝑖 (−𝐻𝑒𝐽) |

It can be shown that −1
𝑒
< −𝐻𝑒𝐽 < 0. In this range, the Lambert W function can take on two

values, 𝑊0(·) and 𝑊−1(·), but only 𝑊−1(·) yields a solution for 𝑎̂𝑘 between 𝑎𝑘+1 and 𝑎𝑘 . Hence we

have (2.14).

The optimal product scope is 𝑘 +1 in the range [𝑎𝑘+1, 𝑎̂𝑘 ) and 𝑘 in the range [𝑎̂𝑘 , 𝑎𝑘 ). Thus the

range of market-access costs can be partitioned into a set of intervals [𝑎̂𝑘+1, 𝑎̂𝑘 ) within which 𝑘 +1

is the optimal integer product scope. Within each of these intervals, optimal market penetration is

given by (2.12) with 𝐺 = 𝑘 + 1 and is declining in 𝑎.

To solve for the cutoff for entry into the destination, 𝑎̂0, we note that 𝐻 = 1 for 𝑘 = 0 and that

lim𝑘→0 𝐽 = −1. Since 𝑊−1(−1
𝑒
) = −1, we have that 𝑎̂0 = Θ

Λ
.

Note from (2.12) that 𝑛∗ = 0 at 𝑎̂0. For a given 𝐺, 𝑛∗ is declining in 𝑎. Hence for 𝑎̂1 ≤ 𝑎 < 𝑎̂0,

where 𝐺 = 1, 𝑛∗ > 0. For all other cutoffs 𝑎̂𝑘 , we have 𝑛∗ > 0 for 𝑎 → 𝑎̂−
𝑘

(i.e. as 𝑎 approaches 𝑎̂𝑘

from the left). To see this, note that combining (2.12) and (2.14) we have:

𝑛∗(𝐺) |𝑎→𝑎̂−
𝑘

= 1 − Λ

Θ

Θ𝐻

Λ|𝑊−1(−𝐻𝑒𝐽) |
𝑘𝛿+𝛼(𝜎−1)

= 1 − 𝐻

|𝑊−1(−𝐻𝑒𝐽) |
𝑘1+𝛿

𝑘1−𝛼(𝜎−1)

= 1 − 1
|𝑊−1(−𝐻𝑒𝐽) |

(
𝑘+1
𝑘

)1+𝛿
− 1(

𝑘+1
𝑘

)1−𝛼(𝜎−1)
− 1

> 0 for 𝑘 ∈ {1, 2, 3, ...} (B.12)



where the inequality follows from (2.9) and (2.11) and the fact that |𝑊−1(−𝐻𝑒𝐽) | > 1. Hence we

have 𝑛∗ > 0 for 𝑎 ∈ [0, 𝑎̂0). That is, unlike in Arkolakis et al. (2021), the constraint that market

penetration be non-negative does not bind for any value of market-access costs for which the firm

has positive product scope.

B.1.4 Impact on Exports

Using (2.6), (2.7), and (2.12), we can write total firm exports to a destination as follows:

𝐸 =

𝐺∑︁
𝑔=1

𝑝𝑥𝑔 =

𝐺∑︁
𝑔=1

𝑝1−𝜎
𝑔 𝑛𝑇𝑃𝜎−1

=

𝐺∑︁
𝑔=1

( 𝜎

𝜎 − 1

)1−𝜎
(
𝜏𝑔𝛼

𝜙

)1−𝜎 [
1 − 𝑎Λ

Θ
𝐺𝛿+𝛼(𝜎−1)

]
𝑇𝑃𝜎−1

= 𝜎Θ

[
1 − 𝑎Λ

Θ
𝐺𝛿+𝛼(𝜎−1)

] 𝐺∑︁
𝑔=1

𝑔−𝛼(𝜎−1)

Using the approximation in (2.10),

𝐸 =

[
Θ − 𝑎Λ𝐺𝛿+𝛼(𝜎−1)

] 𝜎𝐺1−𝛼(𝜎−1)

1 − 𝛼(𝜎 − 1) (B.13)

which is (2.15). The fact that 𝑛∗ > 0 for all 𝑎 ∈ [0, 𝑎̂0) (see Appendix B.1.3) implies that the term

in brackets is positive. Equations (2.16) and (2.18) follow immediately.

B.2 Details: Tasdir+ Program and Randomization

B.2.1 Program Overview

The Tasdir+ program, known officially as the Fund for Competitiveness and Export

Development Support [Fonds d’Appui à la Compétitivité et au Développement des Exportations],

was created in 2014 with a budget of USD 23.5 million. The program was housed in the Centre

de Promotion des Exports (CEPEX) [Export Promotion Center]. The Tasdir+ program included 4

waves of matching grants (Lots, in French). In Lot 1 (launched in 2015), 106 firms were selected;



in Lot 2 (launched in 2017), 194 firms were selected. The selection was not randomized in these

waves. In collaboration with the World Bank, we helped Tasdir+ implement a randomized

selection process in Lots 3 and 4. Each wave had application “rounds”; there were four rounds in

Lot 3 and one in Lot 4. The randomization sample (across the five randomized rounds) included

487 firms.1

In each wave, the program conducted a communication campaign to invite firms from around

the country to apply. In Lots 3 and 4, our team supported these efforts, including by hiring a

consultant to help Tasdir+ identify firms likely to be eligible for the program and contacting these

firms to share information about the program and to assist them with completing the Tasdir+

application.

As part of the Tasdir+ application, firms were required to submit a business plan (with the

possibility of modifying the plan later). The maximum budget for the business plan was TND

300,000 (USD 100,000).2 Firms chose between two types of plan: one for standard export

activities, referred to as an “Export Development Plan” (appui a l’export), and one for setting up

a foreign office, referred to as a “Foreign Affiliate Plan” (implantation a l’étranger).

Tasdir+ used the three calendar years preceding the program year as a time frame for various

eligibility criteria. These were 2015-2017 for Rounds 1-4 and 2016-2018 for Round 5. We refer

to these years as the “reference period.” As noted in the main text, when referring to pre-program

information from a single year, we follow Tasdir+ practice in using 2017 as the reference year for

Rounds 1-4 and 2018 for Round 5.3

The business plan had to list up to three target countries, of which ≥ 50% had to be new

destinations. Tasdir+ defined a new destination as a country to which the firm did not export in the

last year of the reference period.

1Parallel to the randomized selection process, Tasdir+ continued to use the traditional non-randomized method
for a separate set of firms. In total, 122 firms in Lot 3 and 21 firms in Lot 4 were offered the program based on the
traditional, non-randomized selection method; these firms are not part of our study.

2The average exchange rate of Tunisian dinars to US dollars over our study period was approximately 3 TND/USD.
3When determining eligibility, Tasdir+ staff used as the reference year the most recent calendar year for which

finalized accounting data were available. Finalized accounting data are often not available until late spring of the
following year. Hence even as late as Round 4 in May 2019, 2017 was still used as the reference year.



The eligible actions for business plans were organized by Tasdir+ into six categories (rubrics

in French). The categories and actions are listed in Table 2.1 in the main text. In their applications,

firms indicated their estimated budget, timeline, and desired objective for each chosen action.

Tasdir+ staff reviewed the applications to determine eligibility. To be eligible, a firm had

to fulfill a number of criteria: (1) be privately owned; (2) be legally based in Tunisia; (3) not

be a retailer or wholesaler, with the exception of importing and exporting firms, known locally

as “trading firms”; (4) not be an artisanal firm; (5a) (for non-agriculture/fishing firms) have a

“liquidity ratio,” defined as assets over liabilities averaged for the reference period, greater than or

equal to 1 in Rounds 1-4, and greater than or equal to 0.9 in Round 5;4 (5b) (for agriculture/fishing

firms) have five or more permanent employees or at least one export operation during the reference

period;5 (6) be established prior to Jan. 1, 2015 for Rounds 1-4 or Jan. 1, 2017 for Round 5.

When applying, firms self-classified into six sectors defined by the Tasdir+ program: (1)

agriculture/fishing, (2) trading, (3) food processing, (4) non-food manufacturing, (5) information

and communication technology (ICT), and (6) services.

Our team conducted a survey of the eligible firms in collaboration with a local survey firm.

Firms were invited to complete the survey online, through the Tasdir+ program’s web portal. The

survey firm followed up in person with firms that did not complete the survey online. The baseline

surveys took place in August 2018 (Round 1), November 2018 (Round 2), February 2019 (Round

3), May 2019 (Round 4), and November 2019 (Round 5). The follow-up surveys took place in

July-December 2020 (Rounds 1-3) and March-December 2021 (Rounds 4-5).

In each round, randomization took place in a public meeting. We describe the randomization

in detail in Appendix B.2.3 below.

Following randomization, firms assigned to treatment were able to revise their business plan in

consultation with Tasdir+ staff (the business plan type, used in stratification, could not be changed).

Tasdir+ staff reviewed the plan to ensure that, for instance, the number of new destinations was

4The Tasdir+ program relaxed the liquidity threshold in round 5 in order to increase the number of eligible firms.
This change was implemented prior to Round-5 randomization.

5For agriculture/fishing firms, the liquidity criterion was replaced by the employment/export criterion because
many agricultural firms did not have formal accounting of assets and liabilities.



≥ 50% and that firms’ text descriptions of actions corresponded to the declared action types and

desired objectives.

Treatment firms were then approved by the Tasdir+ steering committee (Comité de Pilotage).6

The treatment period of 12 months, referred to as the “business plan period”, started on the date of

approval by the steering committee. Each firm signed a contract with CEPEX to enroll officially.

In order to remain in the program, firms were technically required to meet two conditions.

First, the firm had to implement at least one action within the first three months of its business

plan period. Second, it had to spend 30% of its approved budget within the first six months of its

business plan period. The Tasdir+ rationale for these conditions was to encourage inactive firms

to exit the program to free up unused funds for future applicants. In practice, the program was

stricter in enforcing these conditions as the end of the program neared. In Rounds 1-4, 24% of

firms were removed for failing to meet these conditions; in Round 5, which largely coincided with

the covid-19 pandemic, 68% of firms were removed.

After incurring expenditures, firms submitted reimbursement requests. The required

supporting documents depended on the type of action. Receipts were required for travel expenses,

and contracts and proofs of payment were required for consulting expenditures. Tasdir+ staff

checked whether the expenditures corresponded to actions in the approved business plans and

whether the supporting documents were satisfactory. If so, CEPEX then issued a transfer order,

signed by the CEPEX president, to the Central Bank of Tunisia (the Banque Central de Tunisie

(BCT)). The BCT then disbursed the funds to the firm. The reimbursement rate was 50% for

eligible expenses.

B.2.2 The Rebate Arm

Our experimental design originally included two treatment arms, a “Matching Grant Only” arm

and a “Matching Grant + Rebate” treatment with a pay-for-performance element, in which firms

that were successful in increasing exports would be eligible to be reimbursed for a greater share of

6In principle, the steering committee could have exercised discretion at this stage, but in practice it approved all
firms assigned to treatment.



eligible expenses. In practice, however, the implementation of the rebate was not successful.

Although subsidies conditioned on exports are normally inconsistent with World Trade

Organization (WTO) rules, the WTO allowed for an exception in the case of some developing

countries’ exports of food products. Initially, in Round 1, this exception was interpreted to apply

to two of the six sectors listed above: agriculture/fishing and food processing. Starting in Round

2, the interpretation was broadened to include trading companies (since essentially all trading

firms exported food products). We refer to firms deemed eligible for the rebates as the

“rebate-eligible sample.”

The rebate was intended to be given as a supplement to the 50% subsidy in the main matching-

grant program. The amount was designed to be the minimum of (a) 20% of the cumulative value of

exports to new markets and (b) 40% of the firm’s eligible expenses. Firms in the Matching Grant

+ Rebate arm could thus in principle have received reimbursement of up to 90% of their eligible

expenses.

In practice, however, the design for the rebates was not implemented. Midway through our

study, a government audit of the Tasdir+ program resulted in new, more stringent constraints on

disbursements. These constraints included a prohibition on reimbursing more than 50% of firms’

expenditures. Although 41 firms were assigned to the Matching Grant + Rebate arm and 5 of these

firms submitted rebate requests, no rebates were paid out. Firms in the Matching Grant + Rebate

arm were effectively treated by Tasdir+ as if they were in the Matching Grant Only arm. In our

main analysis, we treat the Matching Grant + Rebate and the Matching Grant Only as a single

treatment.

B.2.3 Randomization

Randomization was carried out in public meetings in each round. Here we explain the

randomization procedure in detail.

Because of the planned rebate arm explained above in Appendix B.2.2, the probability of

selection in the randomization procedure differed by sector. In Rounds 1-4, in non-rebate-eligible



sectors, the probability of selection (for the Matching Grant Only treatment) was 1/2. In Round 5,

Tasdir+ leadership decided to increase the selection probability to 2/3. In rebate-eligible sectors,

the probability of selection for Matching Grant Only treatment was 1/3 and for the Matching

Grant + Rebate treatment was 1/3.7 (When we treat the Matching Grant Only and Matching Grant

+ Rebate as a single treatment, the effective selection probability is thus 2/3 for these sectors.)

Non-rebate-eligible firms were stratified based on size, business plan type, and sector. For

size, firms were classified as small, medium, or large based on their average sales in the reference

period. The sales bounds (in TND) by size for each sector were: a) for non-food manufacturing,

small = sales < 1.6 million; medium = sales between 1.6 million and 5 million; large: = sales >

5 million; b) for services and trading, small = sales < 0.3 million; medium = sales between 0.3

million and 2 million, large = sales > 2 million; for ICT, small = sales < 0.45 million; medium =

sales between 0.45 million and 2 million; large = sales > 2 million.

For rebate-eligible firms, the stratification differed by round. In Round 1, there were only four

rebate-eligible firms and no stratification was implemented in this round. In Rounds 2-5, rebate-

eligible firms were stratified by sector and business plan type. No agreement was reached about the

appropriate stratification by size for the rebate-eligible firms; as a result, the rebate-eligible sample

(including trading firms in Rounds 2-5) was not stratified by size. Because of these changes, the

number of strata varies across rounds. We obtained 18 strata for Round 1, 22 strata for Round 2,

20 strata for Round 3, 21 strata for Round 4, and 22 strata for Round 5.

The randomization sessions were held in public meetings at the CEPEX offices (Rounds 1-2)

and the office of a national small business association (Union Tunisienne de l’Industrie, du

Commerce et de l’Artisanat (UTICA) [Tunisian Union of Industry, Trade and Handicrafts],

Rounds 3-5). Firms, Tasdir+ staff, CEPEX/UTICA leaders, and reporters from local news outlets

attended the sessions. The randomization was conducted in excel, following a methodology

recommended by Gertler et al. (2016). Within each stratum, a random number between 0 and 1

was generated for each firm, and random numbers were sorted in decreasing order. Firms were

7The definition of rebate-eligible sectors changed in Round 2 as described above.



selected highest numbers first, according to the probabilities explained above. Following each

session, results were published on the CEPEX website. Although the randomization had the

potential to be politically contentious, especially given the large amounts of money involved, the

procedure was generally well-received in the local media (L’Économiste Maghrébien, 2018;

Kapitalis, 2018). This may in part have been because the transparency of the procedure contrasted

with the practices for allocating government support under the regime of former President Ben

Ali (Rijkers et al., 2017).

B.2.4 Foreign Affiliate Plan Implementation Issues

In practice, the implementation of "Foreign Affiliate Plans” was impeded by a number of

administrative and regulatory issues. To set up a foreign affiliate, firms needed to transfer money

to their target destination. Capital outflows were subject to strict regulations in Tunisia and

required authorizations from the Central Bank. These authorizations could take up to six months

to clear. As a result, foreign-affiliate-plan firms had a difficult time initiating their business plans.

Even if firms were able to transfer funds to their target destinations, they could still face issues in

implementing their actions. For example, many transactions in sub-Saharan countries were

conducted in cash. Tasdir+ staff considered cash transactions to be ineligible and rejected

reimbursement requests for them. As a result, many foreign-affiliate-plan firms were not able to

meet the two performance conditions summarized in Appendix B.2.1 above.

B.2.5 Other Issues

The covid-19 pandemic and ensuing lockdown were a blow to the Tasdir+ program on several

dimensions. There was uncertainty regarding when each covid-19 wave would occur (and end),

when vaccines would arrive, and when a return to normal was expected, affecting firms’ ability to

stick to their original business plans. Crucially, there were unexpected difficulties in implementing

most eligible actions. As the pandemic worsened and the government put in place harsh restrictions

on movement and gatherings, many Tasdir+-eligible actions were no longer feasible. Plans for



travel, prospecting missions, and fairs were canceled as commercial flights were completely halted.

Certification, marketing events, invitation of buyers and contractors, etc., were also cancelled or

postponed. All rounds were exposed to the pandemic shock during their treatment period, but

earlier rounds less so than later rounds. Unsurprisingly, the average matching grant realization

rates (spending as a share of the approved business plan amount) decrease markedly by round. For

instance, Round 5 firms have on average a realization rate of 5.7%, compared to 32.8% for Round

1 firms (Table 4).

B.3 Details on Data Sources and Samples

B.3.1 Repertoire National des Entreprises (RNE)

The Repertoire National des Entreprises (RNE) [National Repertory of Firms] is a database of

all formally registered private-sector firms in Tunisia, managed by the national statistical agency

(Institut National des Statistiques (INS) [National Institute of Statistics]). It combines firm-level

total quarterly employment and wages from the Tunisian social-security agency (Caisse Nationale

de Sécurité Sociale (CNSS) [National Social Security Fund]), annual local sales, export sales, and

total sales (pre- and post- tax) from the Tunisian tax agency (Direction Générale des Impôts (DGI)

[General Tax Authority]), and annual export and import flows from Tunisian customs (Direction

Générale des Douanes (DGD) [General Customs Authority]). The years available to us are 1996 to

2021. The RNE uses the first 7 digits of the firm’s unique tax identifier to identify firms. We used

this RNE unique identifier to match all 487 firms in our randomization sample to this dataset, for

the years beginning in the firm’s opening year and ending in 2021. In line with RNE guidelines, all

analysis using this data was carried out in person at the RNE office in Tunis by one of the authors.

B.3.2 Customs Transactions

At the time of applying to Tasdir+, firms provided written authorization for CEPEX to access

their customs records. For the purposes of our study, the Ministry of Finance (which oversees

the Tunisian customs agency) and CEPEX signed a data-sharing agreement. This allowed us to



access, for the 487 randomization-sample firms, all export and import transactions for Jan. 1, 2017-

Dec. 31, 2022. Information is available at the firm-shipment-product (11-digit Nomenclature de

Dédouanement des Produits (NDP) [Customs Clearance Product Nomenclature]) level.8 The data

include the declaration type (a 2-letter code that denotes whether the declaration is that of an

export, import, re-import, etc.), the “customs regime” (a 3-digit code that denotes the sub-type

of declaration, e.g. simple import, import following product transformation, simple export, etc.),

origin/destination country, shipment value, net invoice price, shipment gross weight in kilograms,

and declaration date. Using the firm’s unique tax identifier, customs staff matched 421 firms out of

the 487 randomization-sample firms in their database of firms that have ever had a trade operation.

The remaining 66 firms had never engaged in trade through customs. Of these 421 firms, 322 firms

had an import or export operation during Jan. 1, 2017-Dec. 31, 2022.

In Tunisia, exporters and importers may fill out a temporary declaration for an expedited

clearance by customs when the traded good is perishable or flammable. Firms are expected to fill

out a complete (final) declaration at a later date. The dataset contains both temporary and final

declarations. The customs agency kept track of firms that used the expedited process but did not

submit the final declaration. We received from the customs agency a list of the firms in our

randomization sample that fell in this group. We explain in Appendix B.4.3 how we used this list

to deal with temporary declarations.

B.3.3 Tasdir+ Administrative Data

Each firm’s application to the Tasdir+ program included information the firm’s unique tax

identifier, self-identified sector, export regime (totally-exporting or non-totally exporting), list of

quality certifications, and contact information.9 The application also included employment and

data from financial statements (sales, exports, assets, and liabilities) for the reference period.

Financial information in the application was verified against firms’ financial statements both by

8The first six digits of this classification correspond to the Harmonized System (HS).
9An export regime indicator is also available in the RNE data. We explain in Appendix B.4.2 how we harmonize

the two variables.



the Tasdir+ team and by us. The application also listed the firm’s type of business plan, the

approved budget, target destinations, actions, and estimated costs and quarter of implementation

for each action. The application data was the source for information on size, sector and business

plan used in stratification (see Appendix B.2.3).

B.3.4 Baseline and Follow-up Survey

We conducted baseline and follow-up surveys for the randomization sample. The survey

collected standard firm characteristics and also elicited information about innovative activities,

including spending on marketing, consulting, certifications, and software purchases. At baseline,

applicant firms were required to answer the survey before the randomization; all 487 firms in the

randomization sample responded. As mentioned in the main text, response rates to the endline

survey were much lower than for the baseline, in part due to the fact that CEPEX had little

leverage to oblige firms to respond.10 The follow-up survey for Rounds 1-2 included all questions

from the baseline survey. as well as new questions about (1) new quality certifications, (2)

participation in Tasdir+ (for treatment firms), and (3) the impact of the covid-19 pandemic

(changes in exports, sales, and employment; adaptation efforts such as remote work and supply

chain diversification; and access to government support programs), and (4) feedback about

Tasdir+. After experiencing low response rates in Rounds 1 and 2 (in July 2020-December 2020),

we shortened the survey for firms in Rounds 3-5 (March 2021-August 2021). Of the 487 firms in

the randomization sample, 332 (68%) answered the follow-up survey at least partially.

B.4 Cleaning Procedures

In this section, we describe our cleaning procedures. In cases where variables are available

from more than one source (e.g. exports, sales, employment, firm export regime), we took the RNE

information as the most authoritative source, in the absence of compelling alternative information.

10Lower-than-usual responses during the pandemic were documented even in established surveys like the Current
Population Survey in the US (Rothbaum and Bee, 2021).



The main reason is that the RNE reports exports for service firms, which do not appear in the

customs data — a major advantage for our purposes.

B.4.1 Cleaning Procedure for Application Data

We checked reported sales, assets and liabilities against firms’ financial statements, which

were submitted with their Tasdir+ applications. If reported exports were greater than reported

sales, we assumed that sales were correct and set exports equal to sales. We winsorized sales at

the tails, replacing values in the lower or upper 3% tails with values at the 3rd or 97th percentiles,

respectively, for the reference year (2017 for rounds 1-4, 2018 for round 5). To keep the values of

exports and export shares consistent with the winsorized values of sales, we calculated

“winsorized” exports from winsorized sales and directly observed values of export shares.

B.4.2 Cleaning Procedure for RNE Data

We first cleaned the RNE sales and exports data. Where possible, we used information from

the application data (for the reference period years, 2015-18) or the customs data (for the available

years, 2017-2022) to improve the measures. We used the following rules:

1. If total sales were reported as zero in the RNE, we set them to missing.

2. If both exports and local sales in the RNE were zero, we set both to missing.

3. If (i) a firm was listed as a “totally exporting” firm, (ii) had zero exports, and (iii) had positive

local sales, we assumed that local sales and exports had been reversed.

4. If a firm had never exported then immediately shifted to an export share of one, we assumed

that local sales and exports had been reversed.

5. If RNE sales were missing and sales in the application data were not, we used the application

data to impute sales.



6. If RNE exports were missing and application exports were positive and less than or equal to

RNE sales, we used application exports to impute exports.

7. If RNE exports were zero and application data exports were positive and less than or equal

to RNE sales, we used application exports to impute exports.

8. If RNE exports (from corporate tax records) were missing, we used customs transactions

data to impute exports.11

9. If exports were still missing or were zero, and the exports variable from customs available in

the RNE was positive and less than total sales, we used the this variable to impute exports.

We used the newly imputed information to calculate consistent values for local and total sales. If

local sales were non-missing, we added newly imputed exports to local sales to arrive at total pre-

tax sales, conditional on this new value being lower than total post-tax sales in the RNE. If local

sales were missing but total sales were non-missing, we subtracted newly imputed exports from

total pre-tax sales to calculate local sales.

We then cleaned the RNE employment/wages information. If total employment or total wages

were reported as zero, we set them to missing. Although in principle the RNE employment

variable should include both permanent and temporary employees, we determined that it is closer

to permanent employment reported in the application data. Hence we used permanent

employment in the application data (available for the last year in the reference period) to impute

missing employment in the RNE in the corresponding year.

We then imputed new values for missing values using the sequential regression multivariate

imputation technique implemented by Abowd and Woodcock (2001). We grouped our key

production-relevant variables of total sales, employment, and average quarterly wages. We

deflated monetary variables using the Consumer Price Index (CPI) from the INS, using the CPI

from July of each year. Following Verhoogen (2008), for our key production-relevant variables,

11In doing so, we prioritized the exports we calculated from the customs transactions data, rather than the customs
variables that appeared in the RNE, which appeared to be incomplete.



we set to missing the values that changed by more than a factor of five from one year to the next.

We then proceeded as follows:

1. We regressed sales on employment, a lead and lag of sales, and a lead and lag of employment

and used the predicted values to replace missing values of sales.

2. We regressed employment on sales, a lead and lag of employment, and a lead and lag of

sales and used the predicted values to replace missing values of employment.

3. We regressed wages on employment and sales, a lead and lag of wages, and a lead and lag

of employment and sales and used the predicted values to replace missing values of wages.

4. We imputed exports and local sales using the export share variable and newly imputed sales.

We winsorized sales at the tails, replacing values in the lower or upper 3% tails with values at

the 3rd or 97th percentiles, respectively. To keep the values of exports and export shares consistent

with the winsorized values of sales, we calculated “winsorized” exports from winsorized sales and

directly observed values of export shares.

Finally, we defined consistent exports and local sales based on winsorized sales and the reported

export share, and defined a consistent wage bill variable based on winsorized employment and

average quarterly wages.

B.4.3 Cleaning Procedure for Customs Transactions

For the customs transactions data, we first classified records into import and export transactions

using the 3-digit customs regime variable. In Tunisia, firms can engage in indirect export by selling

to totally exporting firms. As a result, some of our observations list “totally exporting firm” as

destinations. In a few cases, a unique destination country is not specified, with the country denoted

as “various.” These observations represent 8% of all transactions and 6% of total export value. We

keep these observations for our main analysis.

The customs data contain both temporary (expedited declarations associated with perishable or

flammable products) and final declarations. When a final declaration was available, we dropped



the corresponding temporary declaration. We received from the customs agency a list of the firms

in each year that used the expedited process but did not submit the final declaration. Using the

firm’s unique tax identifier, we matched these firms in our dataset. In each year, we dropped all

temporary declarations that were not reported by these firms.

We deflated imports, exports, and prices using the July CPI from the INS. We summed values

at the firm-year level and used the raw totals to impute missing exports in the RNE for non-service

firms as explained in Appendix B.4.2.

There were many discrepancies between total exports per firm-year reported in the customs

transactions data and firm self-reports of exports from the tax agency (DGI) in the RNE. This could

happen for several reasons. For example, an export operation could be realized in one calendar year

but reported by the firm to the tax authority in the following fiscal year. Or some firms may count

indirect exports towards their exports sales while some may not. When reconciling differences

between the customs and RNE data, we gave priority to the RNE data. We re-scaled the exports

variable in customs transactions to equate total exports in the customs data to the RNE total exports,

while maintaining the same composition of exports across destinations and products within firms.

For service and ICT firms, which generally do not appear in the customs data (unless they also

happen to export or import physical goods), we left customs outcomes as missing. For non-service

firms that did not appear in the customs data, we used RNE exports to impute missing customs

exports; if customs exports were still missing, we set them equal to zero and set other customs

outcomes (number of destinations, number of products, number of shipments, imports) to zero.

B.5 More on Treatment Effect Heterogeneity

In Section 2.6.3, we provide a simple discussion of heterogeneity by characteristics that are

suggested by our theoretical model or seem particularly salient. The discussion relies on our

discretion in choosing the dimensions of heterogeneity to focus on. In addition, in finite samples

it becomes unfeasible to do even an exploratory analysis across several underlying characteristics

at once. In this appendix, we complement the simple approach of Section 2.6.3 with data-driven



methods to elicit the extent of heterogeneous policy responses in a more disciplined — albeit

demanding for our limited sample — fashion. These Machine Learning (ML) methods have the

advantage that they leave to the data the choice of which dimensions of heterogeneity to focus on.

(For overviews, see Mullainathan and Spiess (2017), Athey and Imbens (2019), Chernozhukov et

al. (2024), and Gaillac and L’Hour (2025).)

Here we apply two approaches: the Generalized Random Forest (GRF) framework of Athey

et al. (2019), and the Generic Machine Learning (GenericML) approach of Chernozhukov et al.

(forthcoming). In both cases, we use the ML methods to predict the Conditional Average Treatment

Effects (CATEs). That is, in the notation of Chernozhukov et al. (forthcoming), we find a predictor

𝑆(𝑍) of 𝑠0(𝑍) = 𝐸 (𝑌 (1) |𝑍) − 𝐸 (𝑌 (0) |𝑍), where 𝑌 (1) and 𝑌 (0) are potential outcomes under

treatment and control and 𝑍 is a set of covariates. As an outcome, we focus on the intensive

margin of exporting, as in Column 2 of Table 2.3 and Columns 2 and 4 of Tables 2.11-2.12. We

first ask whether any heterogeneity can be detected and then examine the most salient dimensions

of heterogeneity. Recall that our sample consists of approximately 500 firms, with only 264 firms

having positive exports in the post period — a relatively modest sample, smaller than is typically

recommended for such methods. We therefore see this exercise as suggestive rather than definitive.

B.5.1 Generalized Random Forests (GRF)

The Generalized Random Forest (GRF) algorithm (Athey et al., 2019; Wager and Athey, 2018)

extends the random forest framework to estimate CATEs, among other features. The method relies

on a splitting criterion that directly targets heterogeneity in the treatment effect. As a result, it

may be too generous in the detection of heterogeneity. In addition, the inferential problem is not

well defined for CATE estimates. (See Chernozhukov et al. (forthcoming) for a discussion of both

points.) In our analysis, we use 2,000 trees with a 50% split of the sample for each tree (“honest

splitting”) as the default option.

We start with a large set of available covariates and we investigate the heterogeneity of the

treatment effects among a restricted set based on the variable importance above a pre-specified



threshold (2% in our case).12 Figure B.1 plots average CATE within quartiles of estimated CATEs.

The figure displays significant heterogeneity, in particular for the comparison between Q1 and Q4.

On average, the CATE is about 28 log points or about 32%, with the first quartile at about -12 log

points, the second at about 2 log points, the third at about 32 log points, and the fourth at 47 log

points or 60%. One caveat is that there is no guarantee that the 𝑆(𝑍) generated by this procedure

is unbiased; the confidence intervals displayed in Figure B.1, which use the estimated variation in

CATEs, should therefore be interpreted with caution.

In Figure B.2, to get a sense of which variables are contributing most to the heterogeneity,

we plot the shares of firms with particular characteristics across CATE quartiles, in the spirit of,

for instance, Athey et al. (2023) Table 1. We again focus on variables with having an importance

above 2%. A high share of firms with a specific characteristic in the highest quartile suggests that

the characteristic is an important contributor to the large CATE. The two variables that stand out

are (1) having any certification at baseline, which is positively correlated with CATE quartile, and

(2) being a totally exporting firm, which is negatively correlated, consistent with Table 2.11 and

our theoretical framework.

B.5.2 Generic Machine Learning (GenericML)

We also implement the GenericML method proposed by Chernozhukov et al. (forthcoming).

This approach has the advantages that it is more conservative in detecting heterogeneity and is also

clearer on how to do inference on features of CATEs. At the same time, it is more demanding in

12The analysis includes the following variables: strata dummies, selection round dummies, reference-year
log Exports, intended expenditures categories (Certifications, Product Marketing, Publicity/Ads), general firm
characteristics (whether firm has high liquidity, defined as with below or above-median values of assets-to-liabilities
ratios in reference year, whether firm is large (50+ employees), whether firm chose Export Plan subsidy, whether
firm is a totally exporting firm), other indicators (whether owner responded to our survey, whether firm is importer
in the reference year, whether the CEO/owner formerly lived outside of Tunisia), innovation indicators (indicators
for whether the firm introduced a new product or new process, indicator for whether firm uses data in decision-
making), spending types (on travel, technology, marketing, machinery, innovation, digital, consulting, certification),
whether firm has foreign presence, whether firm has unit dedicated to exporting, performance metrics (whether tracks
key performance indicator (KPIs), whether the firm has any certification, whether the firm targeted > 2 countries in
business plan), sector dummies, and a set of flag indicators for missing values in the included covariates. Variable
importance is determined by how often the GRF procedure selects the variable to split the data in order to capture
treatment effect heterogeneity.



terms of data and, especially in small samples such as ours, may fail to detect even economically

significant heterogeneity.13 We again proceed by choosing an initial list of variables and letting the

machine pick the relevant ones.14 Our preferred analysis uses a lasso with 100 splits and a 50%

training sample as chosen options.15 To get a sense of overall heterogeneity, Figure B.3 plots Group

Average Treatment Effects (GATES) for quartiles of the predicted CATEs. (We follow the notation

in Chernozhukov et al. (forthcoming) and refer to the groups as G1-G4; these correspond to Q1-

Q4.) The figure shows that the point estimates across quartiles are economically different — going

from about -8 log points in G1 to about 32 log points in G4 — but the confidence intervals are very

large and the treatment effects across quartiles are not statistically different. This overall lack of

significance however masks some relevant heterogeneity across underlying covariates. Figure B.4

presents the Chernozhukov et al. (forthcoming) Classification Analysis (CLAN) for a selected set

of characteristics, again following their notation. The figure presents the difference in the predicted

CATE across quartiles (𝛿.1 to 𝛿.4) and the difference between top-bottom quartile (𝛿.4 − 𝛿.1) We

confirm the heterogeneity based on totally exporting status as well as on having any certification

at baseline. There is evidence of heterogeneous effects by firm size (with smaller effects of the

matching grants on larger firms, consistent with our theoretical model) and by whether the firms

has any consulting expenditure at baseline. There is suggestive but not statistically significant

evidence of heterogeneity by whether the firm uses data in decision-making at baseline,

Although the estimates are noisy and should be treated with caution, we see the data-driven

analysis in this section as supportive of the simple split-sample approach in the main text (Section

2.6). In particular, it is reassuring that the results of smaller treatment effects for totally exporting

firms and larger treatment effects for firms having any quality certification at baseline are largely

confirmed. In addition, here there is stronger evidence of smaller effects for large firms than in

13Recent applications of the method include Beam et al. (2025) and Davies et al. (2024).
14We include the following variables: strata, flags, and selection round dummies; reference year log exports;

indicators for being large (50+ employees), high-liquidity, or totally exporting firms; indicators for having introduced
a new product in the year preceding the baseline, having any quality certification, using data in decision-making, and
having consulting expenditures in the reference year. We experimented with two learners: random forest and lasso.
The lasso learner appeared to perform best (in the sense of having the best goodness-of-fit for the CATE) and is what
we use below. The random forest learner produces similar results.

15This analysis was carried out using the GenericML R package from Welz et al. (2022).



Section 2.6.



Figure B.1: CATE by Quartile from Generalized Random Forest
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Notes: Figure presents averages of Conditional Average Treatment Effect (CATE), by quartiles of CATE, estimated
with generalized random forest with 50% honest splits and 2,000 trees using the causal_forest R package (Athey et
al., 2019). 90% confidence intervals are indicated for each CATE quartile. The dotted red line represents the Average
Treatment Effect (ATE) and the shaded area the corresponding 90% confidence interval.



Figure B.2: Shares of Firms with Specific Xs by CATE Quartiles
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Notes: Share of firms, by quartile of CATE, with a specific characteristic, based on generalized random forest with
50% honest splits and 2,000 trees. Ordering and colors reflect the importance of each variable.



Figure B.3: Group Average Treatment Effects (GATES) from GenericML Method
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Notes: Figure plots medians and 90% confidence intervals of Group Average Treatment Effects (GATES) over four
quartiles of predicted Conditional Average Treatment Effects (CATEs) for 100 splits. (G1-G4 correspond to Q1-Q4;
HTE score (for “heterogeneous treatment effect score” refers to predicted CATE.) Lasso is used as causal learner.
Analysis carried out using GenericML R Package (Welz et al., 2022). The dotted blue line indicates the Average
Treatement Effect (ATE) and dotted red lines the 90% conference interval for the ATE.



Figure B.4: Classification Analysis (CLAN) on Covariates
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Notes: Figure presents results from a Classification Analysis (CLAN) following Chernozhukov et al. (forthcoming).
For each covariate, we report the difference in the average predicted treatment effect (CATE) across quartiles (𝛿.1 to
𝛿.4) and the difference between top and bottom quartile.



Table B.1: Balance, RNE Export Sample

(1) (2) (3)
Control Treatment P-value

Mean/SD Mean/SD

A. Application data
Totally Exporting 0.26 0.27 0.76

(0.44) (0.45)
Age of firm (as of randomization) 15.94 15.44 0.75

(11.42) (11.26)
Domestic capital share 96.83 96.96 0.81

(12.68) (11.28)
Employment 47.36 52.53 0.56

(76.67) (127.59)
Sales (millions 2015 dinars) 8.12 7.66 0.72

(16.42) (13.89)
Exporter 0.73 0.72 0.97

(0.44) (0.45)
Exports (millions 2015 dinars) 2.51 2.40 0.95

(7.69) (7.02)

B. RNE data
Sales (millions 2015 dinars) 7.78 7.27 0.24

(15.63) (13.14)
Exports (millions 2015 dinars) 2.51 2.23 0.60

(7.48) (6.27)
Export share 0.38 0.41 0.58

(0.41) (0.43)

N 164 213

Notes: RNE Export Sample is firms for which sales and exports information is available in RNE both in reference year
(2017 for rounds 1-4, 2018 for round 5) and in 2021. Panel A source is application data for reference year, comparable
to Table 2.2 for the reduced sample. Panel B source is RNE data for reference year (2017 or 2018). Sales and exports
from RNE data are winsorized at the 97% level. Standard deviations in parentheses. P-values in Column 3 are from
OLS regressions of variable on treatment indicator controlling for round and stratum fixed effects. P-value for F-test
of joint null of no treatment-control differences for all variables (N=377 ) is 0.85 . Monetary values were deflated
to 2015 dinars using the CPI provided by INS. The average exchange rate over our study period is approximately 3
TND/USD. Additional details are in Appendices B.3 and B.4.



Table B.2: Balance, RNE Employment Sample

(1) (2) (3)
Control Treatment P-value

Mean/SD Mean/SD

A. Application data
Totally Exporting 0.23 0.24 0.89

(0.42) (0.43)
Age of firm (as of randomization) 16.50 16.15 0.85

(11.60) (11.42)
Domestic capital share 96.86 96.62 0.94

(12.69) (11.85)
Employment 50.92 61.38 0.35

(79.01) (138.03)
Sales (millions 2015 dinars) 8.76 8.89 0.98

(17.01) (14.81)
Exporter 0.73 0.70 0.68

(0.44) (0.46)
Exports (millions 2015 dinars) 2.64 2.72 0.75

(7.98) (7.60)

B. RNE data
Employment 59.47 64.54 1.00

(90.97) (93.11)
Annual Earnings/Employee (1k 2015 dinars) 10.48 10.33 0.77

(5.41) (5.63)

N 150 177

Notes: RNE Employment Sample is subset of RNE Export Sample for which employment and earnings (from social
security agency) are available in RNE in reference year (2017 for Rounds 1-4, 2018 for Round 5) and in 2021. Panel
A source is application data for reference year, comparable to Table 2.2 for the reduced sample. Panel B source
is RNE data for reference year. Employment and annual earnings from RNE data are winsorized at the 97% level.
Standard deviations in parentheses. P-values in Column 3 are from OLS regressions of variable on treatment indicator
controlling for round and stratum fixed effects. P-value for F-test of joint null of no treatment-control differences for
all variables (N=327 ) is 0.94 . Monetary values were deflated to 2015 dinars using the CPI provided by INS. The
average exchange rate over our study period is approximately 3 TND/USD. Additional details are in Appendices B.3
and B.4.



Table B.3: Balance, Customs Sample

(1) (2) (3)
Control Treatment P-value

Mean/SD Mean/SD

A. Application data
Totally Exporting 0.30 0.35 0.51

(0.46) (0.48)
Age of firm (as of randomization) 18.63 17.92 0.75

(12.78) (13.13)
Domestic capital share 94.75 96.95 0.20

(16.29) (11.13)
Employment 65.84 69.09 0.86

(91.73) (157.75)
Sales (millions 2015 dinars) 12.69 11.33 0.50

(20.50) (16.34)
Exporter 0.81 0.79 0.69

(0.40) (0.41)
Exports (millions 2015 dinars) 3.69 3.64 0.97

(9.53) (8.99)

B. Customs data
Exports (millions 2015 dinars) 3.68 3.35 0.53

(9.21) (8.00)
Imports (millions 2015 dinars) 7.42 5.58 0.25

(16.22) (12.16)
Destinations 3.20 3.20 0.71

(4.44) (4.35)
Products 4.61 4.50 0.76

(7.22) (6.34)

N 89 121

Notes: Customs Sample is subset of non-service firms from RNE Export Sample. If a firm reported no exports in a
given year, zero exports were imputed for that year, and similarly for imports. Panel A source is application data for
reference year, comparable to Table 2.2 for the reduced sample. Panel B source is customs data for reference year.
Exports and imports from customs are winsorized at the 97% level. Standard deviations in parentheses. P-values in
Column 3 are from OLS regressions of variable on treatment indicator controlling for round and stratum fixed effects.
P-value for F-test of joint null of no treatment-control differences for all variables (N=210) is 0.79. Monetary values
were deflated to 2015 dinars using the CPI provided by INS. The average exchange rate over our study period is
approximately 3 TND/USD. Additional details are in Appendices B.3 and B.4.



Table B.4: Balance, Survey Sample

(1) (2) (3)
Control Treatment P-value

Mean/SD Mean/SD

A. Application data
Totally Exporting 0.33 0.33 0.78

(0.47) (0.47)
Age of firm (as of randomization) 14.09 15.49 0.40

(9.79) (11.38)
Domestic capital share 98.30 96.40 0.47

(7.73) (14.13)
Employment 27.37 40.22 0.22

(45.04) (78.43)
Sales (millions 2015 dinars) 2.31 6.08 0.03**

(3.88) (12.05)
Exporter 0.65 0.77 0.07*

(0.48) (0.42)
Exports (millions 2015 dinars) 0.89 2.46 0.09*

(2.35) (6.14)
B. Survey data
Has contract with foreign dist./ agent/partner 0.19 0.26 0.16

(0.40) (0.44)
Has foreign affiliate/ representative 0.08 0.13 0.07*

(0.28) (0.34)
Participated in international fair 0.45 0.45 0.96

(0.50) (0.50)
Spent on certifications 0.14 0.28 0.06*

(0.35) (0.45)
Spent on new technology 0.71 0.77 0.41

(0.45) (0.42)
Spent on travel 0.74 0.87 0.02**

(0.44) (0.34)
Spent on consulting 0.45 0.49 0.77

(0.50) (0.50)

N 84 120

Notes: Source is survey data at baseline for Survey Sample, omitting round 5 firms. (See Section 2.4 for details.)
Standard deviations in parentheses. In applications, agricultural firms were not required to report sales or export
status, hence sample size is slightly smaller for these two variables (N=198, instead of 204). P-values in Column 3 are
from OLS regressions of variable on treatment indicator controlling for round and stratum fixed effects. F-test of joint
null of no treatment-control differences for first four variables in Panel A and Panel B variables (N=204) has p-value
0.26; for all variables (N=198), the p-value is 0.26. See notes to Table 2.8 or B.5 for variable definitions. Additional
details are in Section 2.4 and Appendices B.3 and B.4.



Table B.5: Survey Outcomes, ANCOVA

Dependent variable:

new contract with
foreign dist./
agent/partner

new foreign
affiliate/

representative

participated
in int’l fair

spent on
certifications

spent on
new tech.

spent on
travel

spent on
consulting

(1) (2) (3) (4) (5) (6) (7)

Treated 0.12* 0.09** 0.08 0.01 0.00 0.05 0.06
(0.06) (0.04) (0.06) (0.06) (0.07) (0.07) (0.07)

Dep. var., baseline 0.05 0.01 0.33*** 0.26*** 0.07 0.10 0.19***
(0.08) (0.07) (0.06) (0.08) (0.09) (0.09) (0.07)

R2 0.32 0.34 0.39 0.27 0.22 0.24 0.26
N 204 204 204 204 204 204 204

Strata dummies Y Y Y Y Y Y Y
Round dummies Y Y Y Y Y Y Y
Mean of dep. var. 0.24 0.06 0.23 0.19 0.54 0.57 0.30

Notes: Sample is Survey Sample, omitting round 5 firms. Table reports ANCOVA estimates of equation (2.19) in
text. Dependent variable in Column 1 is indicator for whether firm contracted with distributor, local agent or partner
in foreign market since July 2017 (for baseline) or since randomization (for endline). In Column 2, it is indicator for
already having a foreign affiliate or representative (baseline) or having established a new foreign affiliate/representative
since randomization (endline). In Column 3, it is indicator for having participated in international fair/expo since July
2017 (baseline) or since randomization (endline). In Columns 4-7, they are indicators for having positive spending in
indicated category in the reference year (baseline) or in calendar year 2019. Simple OLS specifications are reported in
Table 2.8. Means of dependent variables are for control firms at endline (2021). Additional details are in Section 2.4
and Appendices B.3 and B.4. * 𝑝 < 0.10, ** 𝑝 < 0.05, *** 𝑝 < 0.01.



Table B.6: Survey Outcomes, Controlling for Baseline Sales, Exports

Dependent variable:

new contract with
foreign dist./
agent/partner

new foreign
affiliate/

representative

participated
in int’l fair

spent on
certifications

spent on
new tech.

spent on
travel

spent on
consulting

(1) (2) (3) (4) (5) (6) (7)

Treated 0.13* 0.09** 0.10 0.03 0.02 0.10 0.09
(0.07) (0.04) (0.07) (0.06) (0.07) (0.07) (0.07)

R2 0.31 0.31 0.29 0.23 0.24 0.25 0.26
N 198 198 198 198 198 198 198

Strata dummies Y Y Y Y Y Y Y
Round dummies Y Y Y Y Y Y Y
Mean of dep. var. 0.24 0.06 0.23 0.19 0.54 0.57 0.30

Notes: Table is similar to Table 2.8, but controls for sales, exporter status, and exports from application data. Six firms
in Survey Sample were agricultural firms that were not required to report sales or exports in their Tasdir+ applications.
Means of dependent variables are for control firms at endline (2021). * 𝑝 < 0.10, ** 𝑝 < 0.05, *** 𝑝 < 0.01.
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Figure C.1: Selection Process

Application
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foreign start-ups

Round 2: Voting

1. Is start-up innovative?
2. If start-up scalable? 

≥5 yes                                                                 ≥5 no

Else 

rejectedselected

Round 3: Pitch Stage

≥5 yes                                                                 Else

rejectedselected

Eligible                                                                 Ineligible

rejected

Notes: The figure outlines the three-stage process for the labeling program. In Round 1, firms are screened for
eligibility. Firms must be younger than eight years, employ fewer than 100 people, generate under TND 15 million (≈
USD 5 million) in annual sales, and have at least two-thirds of their capital held by individuals, investment funds,
or foreign start-ups. Those that meet these criteria advance to Round 2, where a nine-member committee—the
“College”—convenes in monthly online sessions to evaluate written applications on the basis of innovation (whether
the business model offers a novel solution) and scalability (whether the firm can address demand from a sizable market)
before awarding the label through a vote. To be selected outright, a firm must secure at least five approval votes; those
that neither achieve five approvals nor five rejections enter a pitch stage, delivering a five-minute presentation followed
by a five-minute Q&A before the College votes again—requiring at least five approvals to receive the label.



Table C.1: Sectoral Composition, Full Sample

Control Treatment P-value
Mean (SD) Mean (SD) (1)-(2)

(1) (2) (3)

AI 0.09 0.12 0.25
(0.28) (0.33)

Advanced Manufacturing and Robotics 0.02 0.02 0.83
(0.15) (0.13)

Agriculture And Food 0.04 0.06 0.22
(0.19) (0.25)

Business Software 0.14 0.09 0.16
(0.34) (0.29)

Communication 0.12 0.05 0.01***
(0.33) (0.22)

E-Commerce 0.24 0.25 0.84
(0.43) (0.43)

Ed Tech 0.06 0.09 0.21
(0.23) (0.29)

Entertainment/Travel 0.10 0.06 0.11
(0.30) (0.23)

Environment and Energy 0.02 0.03 0.48
(0.15) (0.18)

Finance 0.01 0.07 0.01**
(0.12) (0.26)

Healthcare and Wellness 0.12 0.09 0.23
(0.33) (0.28)

Other 0.04 0.05 0.77
(0.20) (0.22)

Real Estate 0.00 0.01 0.26
(0.00) (0.10)

F-test of joint significance (p-value) 0.02**
F-test, number of observations 466

N 140 326

Notes: Table presents descriptive statistics on sectoral composition for the Full Sample using program data from the
baseline year, prior to the program’s start. Column 1 displays averages and standard deviations (in parentheses) for
firms that were rejected, whereas column 2 provides these statistics for firms that received the label. Column 3 reports
p-values from t-tests of differences in means between treatment and control groups in the Full Sample. The Full
Sample comprises firms for which sales information and employment are available in RNE in the baseline year (year
of application for newly created firms, year before application for older firms) and post period. *, **, and *** denote
significance at the 10%, 5% and 1% significance level respectively.



Table C.2: Sectoral Composition, Pitch Sample

Control Treatment P-value
Mean (SD) Mean (SD) (1)-(2)

(1) (2) (3)

AI 0.06 0.16 0.11
(0.24) (0.37)

Advanced Manufacturing and Robotics 0.02 0.03 0.77
(0.14) (0.17)

Agriculture And Food 0.04 0.06 0.68
(0.20) (0.24)

Business Software 0.20 0.10 0.12
(0.41) (0.30)

Communication 0.12 0.06 0.22
(0.33) (0.24)

E-Commerce 0.31 0.30 0.98
(0.47) (0.46)

Ed Tech 0.04 0.06 0.68
(0.20) (0.24)

Entertainment/Travel 0.06 0.01 0.17
(0.24) (0.12)

Environment and Energy 0.02 0.04 0.50
(0.14) (0.21)

Finance 0.00 0.06 0.09*
(0.00) (0.24)

Healthcare and Wellness 0.10 0.06 0.38
(0.31) (0.24)

Other 0.02 0.06 0.32
(0.14) (0.24)

Real Estate 0.00 0.00
(0.00) (0.00)

F-test of joint significance (p-value) 0.30
F-test, number of observations 118

N 49 69

Notes: Table presents descriptive statistics on sectoral composition for the Pitch Sample using program data from the
baseline year, prior to the program’s start. Column 1 displays averages and standard deviations (in parentheses) for
firms that were rejected, whereas column 2 provides these statistics for firms that received the label. Column 3 reports
p-values from t-tests of differences in means between treatment and control groups in the Full Sample. The Pitch
Sample comprises firms that compete for program entry in the pitch stage (i.e. whose application was not immediately
accepted or rejected in the second selection round). *, **, and *** denote significance at the 10%, 5% and 1%
significance level respectively. “Yes votes”, “No votes”, and “Pitch votes” are the number of yes, no, and invitation
to the pitch votes in round 2, respectively. “Advances to Pitch stage” is an indicator equal to 1 for firms that compete
for program entry in the pitch stage (i.e. whose application was not immediately accepted or rejected in the second
selection round).



Table C.3: Vote Statistics, Full Sample

Control Treatment P-value
Mean (SD) Mean (SD) (1)-(2)

(1) (2) (3)

Yes votes, round2 0.84 5.63 0.00***
(1.16) (2.03)

No votes, round2 5.09 0.65 0.00***
(2.48) (0.94)

Pitch votes 1.74 1.40 0.06*
(1.95) (1.71)

Advances to Pitch stage 0.35 0.21 0.00***
(0.48) (0.41)

F-test of joint significance (p-value) 0.00***
F-test, number of observations 466

N 140 326

Notes: Table presents descriptive statistics on voting outcomes for the Full Sample using program data from the
baseline year, prior to the program’s start. Column 1 displays averages and standard deviations (in parentheses) for
firms that were rejected, whereas column 2 provides these statistics for firms that received the label. Column 3 reports
p-values from t-tests of differences in means between treatment and control groups in the Full Sample. The Full
Sample comprises firms for which sales information and employment are available in RNE in the baseline year (year
of application for newly created firms, year before application for older firms) and post period. *, **, and *** denote
significance at the 10%, 5% and 1% significance level respectively.



Table C.4: The Predictive Power of Yes Votes for Change in Balance Sheet and Labor
Outcomes

Δ sales Δ profits Δ employment Δ total wage bill
A. Unlabeled

(1) (2) (3) (4)

Share Yes Votes -94.77 -3.87 0.95 9.71
(142.48) (3.40) (1.21) (49.59)

Conflict declared -25.20 0.90 -0.02 -1.95
(101.35) (2.51) (0.81) (33.30)

Yrs since application -7.03 -0.19 -0.65*** -26.09**
(29.64) (0.74) (0.25) (10.09)

R2 0.06 0.67 0.11 0.07
N 133 64 140 140

Mean 13.33 1.65 -0.03 -3.17

B. Labeled
(5) (6) (7) (8)

Share Yes Votes 99.53* 7.74 -0.04 3.03
(59.13) (10.55) (0.43) (12.87)

Conflict declared 22.01 1.73 0.34 11.51
(36.78) (6.75) (0.27) (8.04)

Yrs since application -22.59 2.04 -0.38*** -6.61
(18.56) (3.07) (0.14) (4.12)

R2 0.30 0.15 0.23 0.07
N 300 75 326 326

Mean 38.62 5.51 0.55 13.72

Notes: Panels A and B show results from a regression of 𝑌𝑖𝑡 on share of yes votes (the number of yes votes divided
by the number of non-abstaining judges), an indicator for having a judge declare a conflict of interest in the vote,
years since application, and 2-digit sector dummies in the last year of the data, 2022. 𝑌𝑖𝑡 is an outcome of interest,
notably the first difference in sales, profits, employment, or the total wage bill. Sample is Full Sample, for which sales
information and employment are available in RNE in the baseline year and post period. Panel A is unlabeled firms
and Panel B is labeled firms. The “Mean” row reports the mean first difference in the outcome of interest in 2022.
Monetary outcomes in 2022 TND 1k. Our measure for sales is post-tax sales. Sales, profits, and the wage bill are
winsorized at the 5% level. *, **, and *** denote significance at the 10%, 5% and 1% significance level respectively.



Table C.5: Effects of the Start-Up Label Program on Balance Sheet and Labor Outcomes,
Poisson Quasi-Maximum Likelihood Estimator (QMLE) Estimator

sales profits employment total wage bill

A. Full Sample
(1) (2) (3) (4)

Labeled 0.23 -0.03 0.66*** 0.65***
(0.16) (0.02) (0.17) (0.16)

Pseudo R2 0.91 0.47 0.72 0.92
N 1,665 1,352 1,709 1,709
Firms 466 466 466 466

Mean in the control group 241.75 -8.45 1.57 46.48

B. Pitch Sample
(5) (6) (7) (8)

Labeled -0.02 0.06 0.81*** 0.47
(0.45) (0.06) (0.30) (0.34)

Pseudo R2 0.93 0.38 0.74 0.94
N 435 355 451 451
Firms 118 112 118 118

Mean in the control group 350.51 -17.43 1.84 61.07

Notes: Panels A and B show results from equation 𝑌𝑖𝑡 = exp(𝛽0 + 𝛽1𝐿𝑎𝑏𝑒𝑙𝑒𝑑𝑖𝑡 + 𝜓𝑥 (𝑖) , 𝑝𝑜𝑠𝑡 + 𝛿𝑖 + 𝜃𝑡 )𝜖𝑖𝑡 , where 𝑌𝑖𝑡
is an outcome of interest, notably sales, profits, employment, or the total wage bill. 𝜓𝑥 (𝑖) , 𝑝𝑜𝑠𝑡 is a vector of firm
characteristics in the baseline year (an indicator for being located in Tunis, an indicator for being foreign, an indicator
for being onshore, an indicator for having a judge declare a conflict of interest in the vote, an indicator for having at
least one female founder, and age dummies) interacted with the post dummy. 𝛾𝑖 are firm fixed effects, 𝜃𝑡 are year
fixed effects. Labeled𝑖𝑡 is the interaction of an indicator equal to 1 if the firm received the label and indicator equal
to 1 for the post period. Standard errors are clustered at the firm-level. Regressions use the Poisson quasi-maximum
likelihood estimator (QMLE) difference-in-differences specification (Silva and Tenreyro, 2010; Correia et al., 2020)
following the recommendations of Chen and Roth (2024). The Full Sample (Panel A) comprises firms for which sales
information and employment are available in RNE in the baseline year (year of application for newly created firms,
year before application for older firms) and post period. The Pitch Sample (panel B) comprises firms that compete
for program entry in the pitch stage (i.e. whose application was not immediately accepted or rejected in the second
selection round). Monetary outcomes in 2022 TND 1k. Our measure for sales is post-tax sales. Sales, profits, and the
wage bill are winsorized at the 5% level. *, **, and *** denote significance at the 10%, 5% and 1% significance level
respectively.



Table C.6: Effects of the Start-Up Label Program on Balance Sheet and Labor Outcomes,
Level Outcomes, Callaway and Sant’Anna (2021) Estimator, Non-Winsorized data

sales profits employment Has 10+ emp. total wage bill
A. Full Sample

(1) (2) (3) (4) (5)

ATT 172.4 56.0 2.79*** 0.063* 96.3***
(108.5) (106.3) (0.72) (0.033) (28.9)

N 1665 1352 1709 1709 1709
Clusters 466 466 466 466 466
Mean in the control group 344.1 9.97 1.90 0.060 58.7

B. Pitch Sample
(6) (7) (8) (9) (10)

ATT 43.3 -58.6* 3.99*** 0.056 156.4**
(240.3) (35.6) (1.51) (0.047) (66.8)

N 435 363 451 451 451
Clusters 118 118 118 118 118
Mean in the control group 584.4 10.5 2.40 0.061 83.3

Notes: Panels A and B show results from estimating equation 𝑌𝑖𝑡 = 𝛼𝑖 +𝜆𝑡 +
∑

𝑘≠−1 𝛿𝑘 ·Labeled𝑘
𝑖𝑡 + 𝜖𝑖𝑡 , where 𝑌𝑖𝑡 is an

outcome of interest, notably sales, profits, employment, a dummy for employing at least 10 workers, or the total wage
bill, residualized on a vector of firm characteristics in the baseline year (an indicator for being located in Tunis, an
indicator for being foreign, an indicator for being onshore, an indicator for having a judge declare a conflict of interest
in the vote, an indicator for having at least one female founder, and age dummies) in the pre-treatment sample. 𝛼𝑖 are
firm fixed effects, 𝜆𝑡 are year fixed effects. Labeled𝑖𝑡 is the interaction of an indicator equal to 1 if the firm received
the label and indicator equal to 1 for the post period. Standard errors are clustered at the firm-level. The event year
is the year of application to the program. Regressions use the Callaway and Sant’Anna (2021) estimator. The overall
ATT is computed by averaging the individual ATTs across all treated groups and post-treatment periods. Full Sample
(Panel A) is firms for which sales information and employment are available in RNE in the baseline year (year of
application for newly created firms, year before application for older firms) and post period. The Pitch Sample (Panel
B) comprises firms that compete for program entry in the pitch stage (i.e. whose application was not immediately
accepted or rejected in the second selection round). Monetary outcomes are presented in 2022 TND 1k. Our measure
for sales is post-tax sales. Sales, profits, and the wage bill are not winsorized. *, **, and *** denote significance at the
10%, 5% and 1% significance level respectively.



Table C.7: Effects of the Start-Up Label Program on Balance Sheet and Labor Outcomes,
Level outcomes, Callaway and Sant’Anna (2021) Estimator, Omitting Firms with Declared
Conflict of Interest

sales profits employment Has 10+ emp. total wage bill
A. Full Sample

(1) (2) (3) (4) (5)

ATT 58.6 -14.5** 1.29*** 0.046 41.4***
(54.5) (5.72) (0.44) (0.030) (14.8)

N 1318 1076 1342 1342 1342
Clusters 375 375 375 375 375
Mean in the control group 227.7 -7.13 1.44 0.053 42.8

B. Pitch Sample
(6) (7) (8) (9) (10)

ATT 32.8 -21.5** 1.17 0.012 39.5
(114.3) (10.3) (0.81) (0.042) (32.2)

N 313 262 321 321 321
Clusters 85 85 85 85 85
Mean in the control group 330.7 -13.9 1.55 0.039 51.9

Notes: Panels A and B show results from estimating equation 𝑌𝑖𝑡 = 𝛼𝑖 +𝜆𝑡 +
∑

𝑘≠−1 𝛿𝑘 ·Labeled𝑘
𝑖𝑡 + 𝜖𝑖𝑡 , where 𝑌𝑖𝑡 is an

outcome of interest, notably sales, profits, employment, a dummy for employing at least 10 workers, or the total wage
bill, residualized on a vector of firm characteristics in the baseline year (an indicator for being located in Tunis, an
indicator for being foreign, an indicator for being onshore, an indicator for having at least one female founder, and age
dummies) in the pre-treatment sample. 𝛼𝑖 are firm fixed effects, 𝜆𝑡 are year fixed effects. Labeled𝑖𝑡 is the interaction
of an indicator equal to 1 if the firm received the label and indicator equal to 1 for the post period. Standard errors
are clustered at the firm-level. The event year is the year of application to the program. Regressions use the Callaway
and Sant’Anna (2021) estimator. The overall ATT is computed by averaging the individual ATTs across all treated
groups and post-treatment periods. Full Sample (Panel A) is firms for which sales information and employment are
available in RNE in the baseline year (year of application for newly created firms, year before application for older
firms) and post period. The Pitch Sample (Panel B) comprises firms that compete for program entry in the pitch stage
(i.e. whose application was not immediately accepted or rejected in the second selection round). Monetary outcomes
are presented in 2022 TND 1k. Our measure for sales is post-tax sales. Sales, profits, and the wage bill are winsorized
at the 5% level. *, **, and *** denote significance at the 10%, 5% and 1% significance level respectively. The samples
omit firms where a judge declares a conflict of interest during the vote.



Table C.8: Effects of the Start-Up Label Program on Balance Sheet and Labor Outcomes,
Level outcomes, Callaway and Sant’Anna (2021) Estimator, Comparing Round 2 and Pitch
Stage Firms

sales profits employment Has 10+ emp. total wage bill

(1) (2) (3) (4) (5)

ATT 7.27 -11.1 0.70 0.021 3.29
(56.1) (7.96) (0.54) (0.037) (13.0)

N 1187 948 1222 1222 1222
Clusters 326 326 326 326 326
Mean in the control group 272.7 -19.7 2.75 0.11 71.9

Notes: Table shows results from estimating equation 𝑌𝑖𝑡 = 𝛼𝑖 + 𝜆𝑡 +
∑

𝑘≠−1 𝛿𝑘 · Pitch𝑘
𝑖𝑡 + 𝜖𝑖𝑡 , where 𝑌𝑖𝑡 is an outcome

of interest, notably sales, profits, employment, a dummy for employing at least 10 workers, or the total wage bill,
residualized on a vector of firm characteristics in the baseline year (an indicator for being located in Tunis, an indicator
for being foreign, an indicator for being onshore, an indicator for having a judge declare a conflict of interest in the vote,
an indicator for having at least one female founder, and age dummies) in the pre-treatment sample. 𝛼𝑖 are firm fixed
effects, 𝜆𝑡 are year fixed effects. Pitch𝑖𝑡 is the interaction of an indicator equal to 1 if the firm received the label in the
pitch stage and indicator equal to 1 for the post period. Standard errors are clustered at the firm-level. The event year
is the year of application to the program. Regressions use the Callaway and Sant’Anna (2021) estimator. The overall
ATT is computed by averaging the individual ATTs across all treated groups and post-treatment periods. Full Sample
is firms for which sales information and employment are available in RNE in the baseline year (year of application for
newly created firms, year before application for older firms) and post period. The Pitch Sample comprises firms that
compete for program entry in the pitch stage (i.e. whose application was not immediately accepted or rejected in the
second selection round). Monetary outcomes are presented in 2022 TND 1k. Our measure for sales is post-tax sales.
Sales, profits, and the wage bill are winsorized at the 5% level. *, **, and *** denote significance at the 10%, 5% and
1% significance level respectively. The sample includes only selected firms, comparing those selected in Round 2 to
those selected in the Pitch Stage.



Table C.9: Heterogeneous Effects of the Start-Up Label by Covid Exposure

sales profits employment Has 10+ emp. total wage bill
A. low labor input shock (essential)

(1) (2) (3) (4) (5)

ATT 58.0 -5.18 0.63 -0.025 8.42
(151.1) (13.5) (1.25) (0.11) (17.5)

N 117 95 121 121 121
Clusters 35 35 35 35 35
Mean in the control group 222.1 -4.52 1.90 0.059 25.8

B. high labor input shock (non-essential)
(6) (7) (8) (9) (10)

ATT 117.2* -13.3** 1.81*** 0.073** 58.4***
(60.5) (6.68) (0.48) (0.033) (18.3)

N 1548 1257 1588 1588 1588
Clusters 431 431 431 431 431
Mean in the control group 243.2 -8.74 1.55 0.060 48.0

C. low demand shock
(11) (21) (13) (14) (15)

ATT 116.8 -8.57 1.68** 0.038 63.7**
(91.2) (8.03) (0.69) (0.046) (27.2)

N 1275 1038 1307 1307 1307
Clusters 360 360 360 360 360
Mean in the control group 288.5 -6.27 1.99 0.084 60.9

D. high demand shock
(16) (17) (18) (19) (20)

ATT 137.6** -19.7* 2.23*** 48.7***
(63.9) (11.0) (0.48) (13.2)

N 390 314 402 402
Clusters 106 106 106 106
Mean in the control group 127.8 -14.1 0.56 11.8

E. low intermediate input supply shock
(21) (22) (23) (24) (25)

ATT 127.9* -12.7* 1.92*** 0.068* 63.2***
(74.2) (6.78) (0.58) (0.039) (22.6)

N 1411 1148 1449 1449 1449
Clusters 393 393 393 393 393
Mean in the control group 243.7 -6.55 1.68 0.067 52.2

F. high intermediate input supply shock
(26) (27) (28) (29) (30)

ATT 39.5 -2.95 0.70 0.037 15.0
(89.2) (15.9) (0.78) (0.069) (11.4)

N 251 202 257 257 257
Clusters 72 72 72 72 72
Mean in the control group 241.3 -14.9 1.15 0.032 24.1

Notes: Panels A-F show results from estimating equation𝑌𝑖𝑡 = 𝛼𝑖 +𝜆𝑡 +
∑

𝑘≠−1 𝛿𝑘 ·Labeled𝑘
𝑖𝑡 +𝜖𝑖𝑡 . We incorporated measures from

Le et al. (2024). In A-B, we distinguish between “essential” and “non-essential” sectors. In C-D, we capture sectoral demand
shocks. In E-F, we capture intermediate input supply shocks. In col (19), we are unable to residualize the outcome because no
firms in this subsample have an outcome of 1 in the pre-period.



Table C.10: Effects of the Start-Up Label Program on Balance Sheet and Labor Outcomes,
Level outcomes, Callaway and Sant’Anna (2021) Estimator, Omitting High-Stringency
Quarters

employment Has 10+ emp. quarterly wage bill
A. All Quarters

(1) (2) (3)

ATT 1.36*** 0.078** 12.3***
(0.47) (0.037) (4.47)

N 4502 4502 4502
Clusters 466 466 466
Mean in the control group 1.67 0.071 12.1

B. Omitting High-Stringency Quarters
(4) (5) (6)

ATT 1.39** 0.096** 13.6**
(0.57) (0.047) (5.59)

N 2201 2201 2201
Clusters 466 466 466
Mean in the control group 1.70 0.070 12.3

Notes: Panels A and B show results from estimating equation 𝑌𝑖𝑡 = 𝛼𝑖 + 𝜆𝑡 +
∑

𝑘≠−1 𝛿𝑘 · Labeled𝑘
𝑖𝑡 + 𝜖𝑖𝑡 , where 𝑌𝑖𝑡 is

an outcome of interest, notably employment, a dummy for employing at least 10 workers, or the quarterly wage bill,
residualized on a vector of firm characteristics in the baseline year (an indicator for being located in Tunis, an indicator
for being foreign, an indicator for being onshore, an indicator for having a judge declare a conflict of interest in the
vote, an indicator for having at least one female founder, and age dummies) in the pre-treatment sample. 𝛼𝑖 are firm
fixed effects, 𝜆𝑡 are quarter fixed effects. Labeled𝑖𝑡 is the interaction of an indicator equal to 1 if the firm received the
label and indicator equal to 1 for the post period. Standard errors are clustered at the firm-level. The event quarter is
the quarter of application to the program. Regressions use the Callaway and Sant’Anna (2021) estimator. The overall
ATT is computed by averaging the individual ATTs across all treated groups and post-treatment periods. Full Sample
is firms for which sales information and employment are available in RNE in the baseline year (year of application
for newly created firms, year before application for older firms) and post period. Monetary outcomes are presented in
2022 TND 1k. The wage bill is winsorized at the 5% level. *, **, and *** denote significance at the 10%, 5% and
1% significance level respectively. Panel A includes all quarters. Panel B omits high-stringency quarters, defined as
those where the Oxford COVID-19 Government Response Stringency Index (Hale et al., 2021) for Tunisia is higher
than than the median over the period 2020q1-2023q1.



Table C.11: Effects of the Start-Up Label Program on Balance Sheet and Labor Outcomes,
Intensive Margin, Callaway and Sant’Anna (2021) Estimator

sales profits employment total wage bill
A. Full Sample

(1) (2) (3) (4)

ATT 117.0 1.90 2.73*** 110.0***
(95.7) (4.05) (1.01) (39.9)

N 1023 186 885 872
Clusters 357 119 304 300
Mean in the control group 469.7 25.5 4.37 131.6

B. Pitch Sample
(5) (6) (7) (8)

ATT 129.0 3.34 3.43*** 136.4**
(133.4) (3.92) (1.22) (54.4)

N 281 60 218 214
Clusters 92 34 74 72
Mean in the control group 666.7 36.9 4.65 158.4

Notes: Panels A and B show results from estimating equation 𝑌𝑖𝑡 = 𝛼𝑖 + 𝜆𝑡 +
∑

𝑘≠−1 𝛿𝑘 · Labeled𝑘
𝑖𝑡 + 𝜖𝑖𝑡 , where 𝑌𝑖𝑡

is a (strictly positive) outcome of interest, notably sales, profits, employment, a dummy for employing at least 10
workers, or the total wage bill, residualized on a vector of firm characteristics in the baseline year (an indicator for
being located in Tunis, an indicator for being foreign, an indicator for being onshore, an indicator for having a judge
declare a conflict of interest in the vote, an indicator for having at least one female founder, and age dummies) in the
pre-treatment sample. 𝛼𝑖 are firm fixed effects, 𝜆𝑡 are year fixed effects. Labeled𝑖𝑡 is the interaction of an indicator
equal to 1 if the firm received the label and indicator equal to 1 for the post period. Standard errors are clustered at
the firm-level. The event year is the year of application to the program. Regressions use the Callaway and Sant’Anna
(2021) estimator. The overall ATT is computed by averaging the individual ATTs across all treated groups and post-
treatment periods. Full Sample (Panel A) is firms for which sales information and employment are available in RNE in
the baseline year (year of application for newly created firms, year before application for older firms) and post period.
The Pitch Sample (Panel B) comprises firms that compete for program entry in the pitch stage (i.e. whose application
was not immediately accepted or rejected in the second selection round). Monetary outcomes are presented in 2022
TND 1k. Our measure for sales is post-tax sales. Sales, profits, and the wage bill are winsorized at the 5% level. *,
**, and *** denote significance at the 10%, 5% and 1% significance level respectively.



Table C.12: Effects of the Start-Up Label Program on Balance Sheet and Labor Outcomes,
Level Outcomes, Callaway and Sant’Anna (2021) Estimator, Surviving Firms

sales profits employment Has 10+ emp. total wage bill
A. Full Sample

(1) (2) (3) (4) (5)

ATT 126.5 -14.5 2.33*** 0.085* 79.7***
(90.4) (10.8) (0.69) (0.050) (26.4)

N 1166 856 1201 1201 1201
Clusters 320 320 320 320 320
Mean in the control group 450.4 -14.6 2.90 0.11 86.8

B. Pitch Sample
(6) (7) (8) (9) (10)

ATT 136.1 -1.63 3.14*** 0.092 114.0**
(127.4) (22.9) (0.98) (0.065) (45.9)

N 295 223 308 308 308
Clusters 79 79 79 79 79
Mean in the control group 635.2 -31.7 3.30 0.11 111.1

Notes: Panels A and B show results from estimating equation 𝑌𝑖𝑡 = 𝛼𝑖 +𝜆𝑡 +
∑

𝑘≠−1 𝛿𝑘 ·Labeled𝑘
𝑖𝑡 + 𝜖𝑖𝑡 , where 𝑌𝑖𝑡 is an

outcome of interest, notably sales, profits, employment, a dummy for employing at least 10 workers, or the total wage
bill, residualized on a vector of firm characteristics in the baseline year (an indicator for being located in Tunis, an
indicator for being foreign, an indicator for being onshore, an indicator for having a judge declare a conflict of interest
in the vote, an indicator for having at least one female founder, and age dummies) in the pre-treatment sample. 𝛼𝑖 are
firm fixed effects, 𝜆𝑡 are year fixed effects. Labeled𝑖𝑡 is the interaction of an indicator equal to 1 if the firm received
the label and indicator equal to 1 for the post period. Standard errors are clustered at the firm-level. The event year
is the year of application to the program. Regressions use the Callaway and Sant’Anna (2021) estimator. The overall
ATT is computed by averaging the individual ATTs across all treated groups and post-treatment periods. Full Sample
(Panel A) is firms for which sales information and employment are available in RNE in the baseline year (year of
application for newly created firms, year before application for older firms) and post period. The Pitch Sample (Panel
B) comprises firms that compete for program entry in the pitch stage (i.e. whose application was not immediately
accepted or rejected in the second selection round). Monetary outcomes are presented in 2022 TND 1k. Our measure
for sales is post-tax sales. Sales, profits, and the wage bill are winsorized at the 5% level. *, **, and *** denote
significance at the 10%, 5% and 1% significance level respectively. We use the samples of firms active in 2022.



Table C.13: Heterogeneous Effects of the Start-Up Label

sales profits employment Has 10+ emp. total wage bill
A. Import-dependent

(1) (2) (3) (4) (5)
ATT 139.0 -31.1** 2.33** 0.16** 53.4**

(121.7) (12.1) (0.92) (0.073) (24.3)
N 418 333 427 427 427
Clusters 116 116 116 116 116
Mean in the control group 204.0 -15.0 1.22 0.043 30.6

B. Non-Import-dependent
(6) (7) (8) (9) (10)

ATT 47.2 -3.49 1.30** 0.022 46.8**
(60.8) (4.99) (0.55) (0.035) (22.8)

N 1247 1019 1282 1282 1282
Clusters 350 350 350 350 350
Mean in the control group 253.2 -6.43 1.68 0.065 51.4

C. Manufacturing
(11) (12) (13) (14) (15)

ATT 258.5*** -28.5** 3.11*** 0.19*** 70.5***
(77.7) (12.6) (0.61) (0.066) (17.3)

N 233 182 238 238 238
Clusters 63 63 63 63 63
Mean in the control group 43.6 -5.24 0.28 0 3.67

D. Non-Manufacturing
(16) (17) (18) (19) (20)

ATT 85.6 -10.4 1.49*** 0.047 49.2**
(64.8) (6.80) (0.52) (0.035) (19.7)

N 1432 1170 1471 1471 1471
Clusters 403 403 403 403 403
Mean in the control group 261.8 -8.76 1.71 0.066 50.9

E. Onshore
(21) (22) (23) (24) (25)

ATT 120.1** -17.3** 1.56*** 0.060* 43.3***
(60.2) (7.06) (0.45) (0.031) (13.3)

N 1368 1120 1411 1411 1411
Clusters 388 388 388 388 388
Mean in the control group 175.2 -8.55 1.12 0.032 27.3

F. Offshore
(26) (27) (28) (29) (30)

ATT -37.5 3.40 1.78 0.032 73.1
(123.1) (11.4) (1.25) (0.079) (52.5)

N 297 232 298 298 298
Clusters 78 78 78 78 78
Mean in the control group 563.2 -7.92 3.80 0.20 141.0

Notes: Panels A-F show results from estimating equation 𝑌𝑖𝑡 = 𝛼𝑖 + 𝜆𝑡 +
∑

𝑘≠−1 𝛿𝑘 · Labeled𝑘
𝑖𝑡 + 𝜖𝑖𝑡 , where 𝑌𝑖𝑡 is an outcome

of interest, notably sales, profits, employment, a dummy for employing at least 10 workers, or the total wage bill, residualized
on a vector of firm characteristics in the baseline year (an indicator for being located in Tunis, an indicator for being foreign, an
indicator for being onshore, an indicator for having a judge declare a conflict of interest in the vote, an indicator for having at least
one female founder, and age dummies) in the pre-treatment sample. 𝛼𝑖 are firm fixed effects, 𝜆𝑡 are year fixed effects. Labeled𝑖𝑡 is
the interaction of an indicator equal to 1 if the firm received the label and indicator equal to 1 for the post period. Standard errors
are clustered at the firm-level. The event year is the year of application to the program. In A-B, we distinguish firms operating in
import-dependent sectors, defined as those with import shares above the median, calculated over the entire universe of registered
firms. In C-D, we present results for manufacturing and non-manufacturing sectors. In E-F, we examine the impacts on firms
operating in the onshore and offshore regimes.



Table C.14: Heterogeneous Effects of the Start-Up Label Program on Balance Sheet and
Labor Outcomes, Level Outcomes, Callaway and Sant’Anna (2021) Estimator

sales profits employment Has 10+ emp. total wage bill
A. No female founders

(1) (2) (3) (4) (5)

ATT 123.2* -13.2* 1.70*** 0.072* 56.8***
(70.8) (7.76) (0.55) (0.040) (20.4)

N 1213 990 1246 1246 1246
Clusters 327 327 327 327 327
Mean in the control group 281.6 -12.0 1.75 0.065 51.6

B. At least one female founder
(6) (7) (8) (9) (10)

ATT 77.2 -12.3** 1.90** 0.060 54.7*
(56.6) (5.97) (0.75) (0.038) (32.2)

N 452 362 463 463 463
Clusters 139 139 139 139 139
Mean in the control group 150.3 -0.55 1.16 0.047 34.8

P-value for null of coefficient equality 0.67 0.93 0.82 0.83 0.96

Notes: Panels A-B show results from estimating equation 𝑌𝑖𝑡 = 𝛼𝑖 + 𝜆𝑡 +
∑

𝑘≠−1 𝛿𝑘 · Labeled𝑘
𝑖𝑡 + 𝜖𝑖𝑡 , where 𝑌𝑖𝑡 is an

outcome of interest, notably sales, profits, employment, a dummy for employing at least 10 workers, or the total wage
bill, residualized on a vector of firm characteristics in the baseline year (an indicator for being located in Tunis, an
indicator for being foreign, an indicator for being onshore, an indicator for having a judge declare a conflict of interest
in the vote, and age dummies) in the pre-treatment sample. 𝛼𝑖 are firm fixed effects, 𝜆𝑡 are year fixed effects. Labeled𝑖𝑡
is the interaction of an indicator equal to 1 if the firm received the label and indicator equal to 1 for the post period.
Standard errors are clustered at the firm-level. The event year is the year of application to the program. Regressions
use the Callaway and Sant’Anna (2021) estimator. The overall ATT is computed by averaging the individual ATTs
across all treated groups and post-treatment periods. Full Sample is firms for which sales information and employment
are available in RNE in the baseline year (year of application for newly created firms, year before application for older
firms) and post period. Monetary outcomes are presented in 2022 TND 1k. Our measure for sales is post-tax sales.
Sales, profits, and the wage bill are winsorized at the 5% level. *, **, and *** denote significance at the 10%, 5% and
1% significance level respectively. In A-B, we distinguish firms with and without at least one female founder. Founder
gender is deduced from name in the voting data. The p-value for the test of coefficient equality is obtained by first
estimating the standard error of the difference via the delta method.



C.2 Data Cleaning

This section provides an overview of our data sources and cleaning procedures.

C.2.1 Program Data Cleaning

We digitized the outcomes of monthly voting sessions using reports published online by Smart

Capital.1 For each applicant, the data list the firm name, the founder names, whether the firm is

applying for a pre-label or a label, the voting breakdown for Round 2 and Round 3 (if applicable),

whether a judge declared a conflict of interest, and the voting outcome. The data also list the

firm that transition from the pre-label to the full label. Our analysis focuses on firms that applied

between March 2019 and December 2021. For firms that were initially rejected and later reapplied,

we retained the outcome of their most recent application.

We excluded from our sample firms that were rejected during the initial screening stage, as

well as those that applied only for the pre-label and never advanced. We retained firms that first

received the pre-label and subsequently transitioned to the label.

We also obtained from the Smart Capital a list of all applicants as of December 2022, which

included firm names and unique tax identifiers. Additionally, we received a list of firms that were

awarded stipends, along with the number of eligible founders for each recipient. After extensive

cleaning/harmonizing of firm names, we used a fuzzy matching algorithm to link firms across

the voting data, the applicant list, and the stipend recipient list. We then used a unique identifier

derived from the tax ID to match firms to the RNE database.

Finally, we constructed an indicator for founder gender based on first names, and another

indicator for declared conflicts of interest.

C.2.2 RNE Data Cleaning

The Repertoire National des Entreprises (RNE) is a register maintained by the National

Institute of Statistics (INS) of all formally registered private-sector firms in Tunisia. It integrates
1These reports are available for download at https://startup.gov.tn/fr/startup_act/results

https://startup.gov.tn/fr/startup_act/results


quarterly firm-level employment and wage data from the Caisse Nationale de Sécurité Sociale

(CNSS), annual local, export, and total (pre- and post-tax) sales figures from the Direction

Générale des Impôts (DGI), and yearly import and export flows from the Direction Générale des

Douanes (DGD). Covering 1996 through 2021, the RNE identifies each firm by the first seven

digits of its unique tax number.

We began by cleaning the RNE employment and wage data. For quarters with missing values,

we applied interpolation using the immediately preceding and following quarters with positive

data. If a variable was missing for three consecutive quarters, we set its value to zero. We then

constructed annual averages for both employment and the wage bill based on the quarterly data.

Next, we created an “active” indicator variable. In each year following a firm’s application,

we set this indicator to 1 if at least one of the following variables was non-missing: sales, profits,

employment, wage bill, imports, or exports. Our goal was to identify firms that had not

permanently exited. Accordingly, if a firm was inactive in year 𝑡 but returned in a subsequent

year, we considered it active in year 𝑡.

To construct a balanced panel for our regressions, we imputed zeros for sales, profits,

employment, and wages in any post-treatment year where a firm was classified as inactive (i.e.,

permanently exited). In the reference year, if profits were missing and the firm had no recorded

sales or employment, we also set profits to zero.

All monetary variables were deflated to 2022 dinars using the July Consumer Price Index (CPI)

from the INS. We winsorized sales, profits, employment, and the wage bill at the 5th and 95th

percentiles. Finally, we multiplied the average quarterly wage bill by four to compute the annual

wage bill.

Using data from the RNE, we computed the weighted ratio of import revenues to gross total

sales at the 2-digit NAT (Nomenclature d’Activités Tunisienne) level for the 2017–2018 period.

We winsorized the resulting ratios at the 5% level to limit the influence of outliers. Sectors with an

import share above the sample median were classified as import-dependent for the heterogeneity

analysis.



C.2.3 Measures of COVID-19 Exposure

We also incorporated three measures of sector-level exposure to COVID-19, provided by the

authors of Le et al. (2024), at both the 4-digit and 2-digit NAT levels. The first measure

distinguishes between “essential” and “non-essential” sectors based on labor supply disruptions.

The second captures sectoral demand shocks, measured as the average change in firm

revenues—realized and forecast—before and after the onset of the pandemic. The third reflects

intermediate input supply shocks, defined as the proportion of firms in a sector reporting input

constraints in the World Bank’s COVID-19 Enterprise Follow-up Survey. For the demand and

supply shock measures, we classified a sector as highly exposed if its shock value exceeded the

sample median.

C.3 Cost-Benefit Analysis Using the Marginal Value of Public Funds

We complement the cost-benefit analysis presented in the main text (in sub-section 3.5.5 with

an alternative approach based on the marginal value of public funds (MVPF). As noted by Hendren

and Sprung-Keyser (2020), the MVPF is useful because it measures the welfare delivered per unit

of government spending on a policy. For our case, this calculation requires assumptions about the

opportunity cost of gainful employment, which we do not directly observe. Consequently, these

estimates are subject to measurement error and serve as a robustness check on the results presented

in Table 3.4).

The MVPF results are presented in Table C.15. The program costs are computed as in Table

3.4, but the calculation of benefits differs in two key ways. First, foregone fiscal revenues (both

social security and corporate taxes) are included as benefits, as they eventually accrue to society

and contribute to overall welfare. Second, the additional wage bill from new recruits is evaluated

against its opportunity cost, i.e., the income the individual would have earned if not hired by the

start-up. Since we lack individual-level data to estimate alternative expected incomes, we consider

three scenarios: 25%, 50%, and 75% of the actual wage in the start-up. The MVPF results are



similar to the cost-benefit calculations, with returns ranging between 1.72 and 2.82.

The estimated range of program returns appears relatively high, irrespective of the calculation

method used. However, to assess whether the program delivers a net social benefit, these returns

must be compared against the marginal cost of public funds (MCF)—the social cost of raising

an additional unit of tax revenue to fund the program. While calculating the MCF for Tunisia is

beyond the scope of this paper, as it requires a general equilibrium model and detailed data on the

informal economy (which are not readily available), benchmarks from existing studies can provide

useful guidance. For instance, Auriol and Warlters (2012) estimate the MCF for 38 sub-Saharan

African countries, with a range of 1.05 to 1.72. These values fall below the program’s estimated

returns, suggesting that the start-up program in Tunisia likely generates net social benefits for the

country.



Table C.15: Cost-Benefit Analysis, (MVPF)

Full Sample Pitch Sample
A. direct costs and fiscal incentives

(1) (2)
+ Average yearly administrative spending 1,523 1,523
+ Average yearly stipend spending 10,181 10,181
+ Foregone social security contributions 23,110 23,415
+ Foregone corporate tax revenue 364 659
- Added personal income tax revenue 5,460 6,136
Net cost 29,874 29,693

B. benefits
(3) (4)

+ Higher earnings for existing workers 12,737 13,772
+ Average yearly stipend spending 10,181 10,181
+ Foregone social security contributions 23,110 23,415
+ Foregone corporate tax revenue 364 659
- Added personal income tax revenue 5,460 6,136

C. return (wa=.25w)
(5) (6)

+ Benefits to new workers 30,979 41,556
Net benefit 71,910 83,446
MVPF 2.42 2.82

D. return (wa=.5w)
(7) (8)

+ Benefits to new workers 20,652 27,704
Net benefit 61,583 69,594
MVPF 2.07 2.35

E. return (wa=.75w)
(9) (10)

+ Benefits to new workers 10,326 13,852
Net benefit 51,257 55,742
MVPF 1.72 1.88
Notes: Table reports results from a cost-benefit analysis using the MVPF methodology (Hendren and Sprung-
Keyser, 2020). The parameters used in the analysis are the corporate tax rate (𝜏𝑐 ,15%), the social security
contribution rate (𝜏𝑠𝑠 , 25.75%), and the personal income tax rate (𝜏𝑝 , 19.5%). Panel A itemizes direct
costs and fiscal incentives. Panel B itemizes economic benefits. Panel C calculates the benefit to cost
ratio. Average yearly administrative spending is equal to the sum of (1) 10% of the cumulative program cost
to date (including staff salaries, estimated at TND 1,113,828.3) and (2) the development cost of the online
platform (TND 470,000), divided by the total number of labeled firms to date (1040). Average yearly stipend
spending is equal to total amount of stipends received by all eligible firms

total number of labeled firms . Foregone social security contributions is equal
to average total wage bill in the post period for labeled firms × 𝜏𝑠𝑠 . Foregone corporate tax revenue is equal to
average yearly positive profits in the post period for labeled firms× 𝜏𝑐 . Personal income tax revenue from new hires is
equal to average yearly earnings per worker in the post period for labeled firms×average number of new workers×𝜏𝑝 .
New workers is equal to the coefficient in Column (3) of Table 3.3. Higher earnings for existing workers is equal to the
change in mean earnings × baseline employment. “wa” is the alternative wage rate. Benefits to new workers is equal
to (alternative wage rate - mean firm wage) × New workers. Added wage bill is equal to the coefficient in Column (4)
of Table 3.3. Monetary outcomes in 2022 TND. Calculations in the first set of columns use the Full Sample, in the
second set of columns use the Pitch Sample.

.
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