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Abstract

This paper presents the first comprehensive meta-analysis of formalisation policies
in Latin America, analysing 79 impact evaluations with 527 estimates from inter-
ventions implemented between 1990 and 2020. We calculate standardised mean
differences for 444 estimates and conduct thorough publication bias analysis us-
ing FAT-PET-PEESE methods. Unlike previous meta-analyses, we examine inter-
ventions targeting both worker and firm formalisation, include Spanish-language
studies and unpublished government reports, and provide the first systematic as-
sessment of effect magnitudes for the region. Our findings show that formalisa-
tion policies predominantly produce positive effects, with adverse impacts being
rare (5.1% of estimates). However, systematic publication bias, when corrected,
substantially reduces effect sizes. For formality outcomes, active labour market
policies show consistent positive effects (0.238 standard deviations, p < 0.05), as
do information campaigns (0.226 standard deviations, p < 0.10) and labour in-
spections (0.320 standard deviations, p < 0.10). For earnings outcomes, social
protection programmes with activation components demonstrate the largest effects
(1.258 standard deviations, p < 0.01), though negligible formality impact (0.033
standard deviations, not significant). This divergence suggests these programmes
primarily affect income rather than formal employment status. Programme bene-
fits strengthen over time, with long-term effects exceeding short-term impacts by
approximately 0.10 standard deviations for formality and 0.32 standard deviations
for earnings. Multi-component interventions outperform single-component policies
by 0.07 standard deviations. These findings underscore the need for realistic expec-

tations while supporting evidence-based, multifaceted approaches to formalisation.
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1 Introduction

Informality remains a defining characteristic of labour markets across Latin America,
with approximately 140 of the region’s 263 million workers operating in informal employ-
ment as of 2016 (Salazar-Xirinachs and Chacaltana, 2018). Following the standards of
the International Labour Organisation, informal employment refers to work that is not
covered by formal systems such as labour law, social security, and tax regulations (ILO,
2024). This represents a significant economic and social challenge. Informal workers
lack access to social protection, face precarious working conditions, and typically earn
lower and more irregular wages than their formal counterparts. Informal firms face sub-
stantial barriers to growth, including limited access to credit, restricted participation in
government procurement, and exclusion from formal supply chains. At the aggregate
level, informality undermines equity, efficiency, tax collection, social security coverage,
productivity, and economic growth (Bertranou, 2025).

The persistence of high informality rates has prompted governments in the region to
implement diverse policy interventions aimed at promoting transitions to formality. These
range from active labour market policies (training courses, internships, and employment
subsidies or intermediation) to institutional reforms, including simplified business regis-
tration, reduced payroll taxes, enhanced labour inspection, and information campaigns
on formalisation benefits (Escudero et al., 2019; Jessen and Kluve, 2021). This diversity
reflects both the multifaceted nature of informality and the competing theoretical frame-
works that guide policy design. Despite substantial investment in these interventions,
systematic evidence on their effectiveness remains limited. Individual impact evaluations
exist, but no comprehensive effort has been made to synthesise these findings to identify
which approaches work, for whom, and under what conditions.

Previous meta-analyses have examined related questions but with limitations. Escud-
ero et al. (2019) analysed active labour market policies in Latin America, finding positive
effects on formal employment, particularly for women and youth, but focused primar-
ily on employment outcomes rather than formalisation itself. Jessen and Kluve (2021)
examined formalisation interventions globally, identifying 170 impact estimates from 38
studies, but their analysis was not Latin America-specific and omitted Spanish-language
studies and unpublished reports. Floridi et al. (2020) conducted a meta-analysis of for-
malisation interventions, but restricted their scope to firm outcomes and did not focus
specifically on Latin America. In addition, none of these studies calculated standard-
ised mean differences for the impacts of formalisation policy in the region, limiting the
comparability of effect sizes in different outcomes and studies.

This paper addresses these gaps by conducting the first comprehensive meta-analysis
of formalisation policies specifically for Latin America. We built an extensive database of

79 impact evaluations covering interventions implemented between 1990 and 2020, with



527 impact estimates. Our analysis makes several advances over previous work. First,
we calculate standardised mean differences (Hedges’ g) for 444 estimates, providing the
first systematic assessment of effect magnitudes for formalisation policies in the region.
Second, we examine a comprehensive range of policy interventions targeting both worker
and firm formalisation, going beyond the focus on either active labour market policies or
firm-level interventions in isolation. Third, we include evaluations published in Spanish
alongside English-language studies, and incorporate unpublished reports often excluded
from global meta-analyses. We address potential quality concerns by applying strict inclu-
sion criteria requiring experimental or quasi-experimental methods. Fourth, we conduct
a thorough publication bias analysis using FAT-PET-PEESE correction methods. We
examine effectiveness across three key outcomes: probability of being formal (for employ-
ees or firms), monthly earnings, and hours worked. We employ both random-effects and
fixed-effects meta-analytical models to account for heterogeneity, and conduct extensive
subgroup analyses to identify conditions under which different intervention types prove
most effective.

Our findings indicate that formalisation policies in the region predominantly produce
positive effects, with adverse outcomes being rare (5.1% of estimates). However, un-
corrected pooled estimates overstate true effects substantially. For formality outcomes,
bias correction reduces estimates by approximately one-third; for earnings outcomes,
correction reduces estimates by half or more, depending on the method applied. Among
intervention types, active labour market policies show consistent positive impacts on for-
mality outcomes (0.238 standard deviations, p < 0.05). Social protection programmes
that combine income support with activation components produce the largest effects on
earnings (1.258 standard deviations, p < 0.01) but show negligible impacts on formal-
ity itself. Information campaigns and labour inspections also show positive effects on
formality, although evidence bases remain more limited.

Three additional patterns emerge from our analysis. First, programme benefits
strengthen over time. Long-term effects (measured 25+ months after programme comple-
tion) exceed short-term impacts by approximately 0.10 standard deviations for formality
outcomes and 0.32 standard deviations for earnings outcomes. This pattern has impor-
tant implications for evaluation design, as studies with follow-up periods shorter than two
years may substantially underestimate programme impacts. Second, multi-component
programmes outperform single-component interventions. Programmes combining multi-
ple policy tools (such as training with apprenticeships or labour intermediation) show
effects 0.07 standard deviations larger than single-component approaches. This suggests
potential complementarities between interventions that address multiple barriers to for-
malisation. Third, methodological choices influence reported effect sizes. Experimen-
tal evaluations report effects 0.06 to 0.09 standard deviations smaller than comparable

quasi-experimental studies, likely reflecting stricter methodological standards rather than



inferior programme performance.

These results have important implications for policy design and evaluation in Latin
America’s formalisation agenda. Active labour market policies emerge as the most con-
sistently effective tool for achieving formality outcomes, with substantial supporting ev-
idence across diverse contexts. For policymakers seeking to improve earnings among
vulnerable populations, social protection programmes with activation components show
large effects, though these do not translate into formal employment transitions. Informa-
tion campaigns offer promise as low-cost complements, particularly where knowledge gaps
constitute important barriers. The strengthening of programme benefits over time under-
scores the importance of sustained policy implementation and longer evaluation periods.
The consistent pattern of smaller effects after publication bias correction emphasises the
need for realistic expectations about programme impacts.

Several evidence gaps require attention. Rigorous evaluations of payroll tax reduc-
tions, labour inspections, and simplification measures remain limited, with the evidence
base heavily concentrated in active labour market policies (79% of estimates). Longer-
term follow-up studies are essential, as programme benefits appear to strengthen over
time. Research on combined policy approaches could identify complementarities between
interventions, given that multi-component programmes show larger effects. Understand-
ing mechanisms would enable better adaptation across contexts. Finally, firm-level for-
malisation requires more attention, as evidence remains concentrated on worker formali-
sation.

The paper proceeds as follows. Section 2 reviews conceptual foundations and exist-
ing empirical evidence on formalisation policies. Section 3 describes our methodology for
data collection, coding, and meta-analytical techniques. Section 4 presents our results,
including overall effect sizes and heterogeneity analysis by policy type, programme char-
acteristics, and target population. Section 5 discusses policy implications and concludes

with recommendations for future research and policy design.

2 Theoretical framework and evidence from previous

meta-analyses

We define formalisation policies as interventions aimed at increasing the rate of formality
among individuals and firms in Latin America. We include six types of policy interven-
tions: (1) Active labour market policies (ALMPs), which include training, apprenticeships
and internships, hiring subsidies, and labour intermediation; (2) Social protection poli-

cies with activation components; (3) Information campaigns; (4) Labour inspections; (5)



Payroll tax reductions; (6) Simplification of formalisation processes.!

These categories
reflect distinct theoretical mechanisms through which governments attempt to encourage

transitions from informal to formal employment and enterprise registration.

2.1 Theoretical perspectives on informality

Understanding why informality emerges and persists is central to the theoretical and
policy debates on formalisation. The conceptualisation of informality has evolved sub-
stantially since its introduction in the early 1970s. Initially associated with subsistence
self-employment, the concept now encompasses a diverse range of occupations in both for-
mal and informal economies (Bertranou, 2025). Three main theoretical perspectives have
emerged to explain informality’s origins and persistence, each with distinct implications
for policy design.

The dualist perspective views informality as a residual sector that absorbs workers
excluded from formal employment (Layard et al., 2005). Rigidities in formal labour mar-
kets, such as minimum wages, union agreements, or efficiency wage considerations, create
a limited number of formal jobs. Workers who are unable to access formal employment
turn to informal activities for survival (Fields, 2009). This perspective suggests that ex-
panding formal job creation through economic growth and reducing barriers to formal
employment should reduce informality. Formalisation policies under this view should
focus on enhancing workers’ productivity and employability to enable transitions into
available formal positions.

The structuralist perspective emphasises the links between formal and informal economies
(Portes et al., 1989). Informality arises from productive decentralisation processes, as for-
mal firms subcontract production to reduce costs and increase flexibility. Informal units
supply inputs and services to formal enterprises, creating functional interdependencies
(Moser, 1978). Unlike the dualist view, this perspective suggests that economic growth
alone may not reduce informality if formal sector expansion relies on informal production
chains. Formalisation policies must therefore address both demand-side factors (formal
firms’ incentives to hire formally) and supply-side factors (informal workers’ and firms’
capacity to meet formal requirements).

The exit or legalist perspective posits that workers and firms choose informality after
evaluating the costs and benefits of formalisation (Maloney, 2004; Levy, 2008). High
compliance costs, complex regulations, or weak links between contributions and benefits
may make informality attractive. Some workers may access social protection through
non-contributory programmes or family members, reducing formal employment benefits

(Perry et al., 2007). Firms may avoid registration costs and regulatory burdens by re-

'In our analysis, we consider a separate seventh category for policies that combine information cam-
paigns and payroll tax reductions.



maining informal (De Soto, 1989). This perspective suggests that reducing formalisation
costs and strengthening benefits should encourage transitions to formality. However, it
recognises that even workers who choose informality can face poverty and precarious con-
ditions, having selected this option as the least-bad alternative given their circumstances
(Bertranou, 2025).

More recent integrated approaches recognise that the informal sector itself is hetero-
geneous (Fields, 1990, 2023; Ranis and Stewart, 1999). Some informal workers engage
in subsistence activities with minimal formal sector connexions (consistent with dual-
ism). Others are microentrepreneurs who strategically choose partial compliance with
regulations (consistent with exit). A third segment comprises workers and small firms
subordinated to larger formal enterprises through subcontracting chains (consistent with
structuralism). This heterogeneity implies that different policy tools may be effective for

different segments of the informal sector.

2.2 Formalisation policy mechanisms

Individual studies measure formality using varied operational definitions reflecting the
ILO conceptual framework but adapting to data availability. For workers, common defi-
nitions include social security registration, pension system affiliation, possession of formal
employment contracts, or access to employer-provided health insurance. For firms, def-
initions typically capture business registration with tax authorities, legal entity status,
or participation in formal social security systems. We exclude studies using weak proxies
such as contract type, earnings thresholds, or bookkeeping practices. Our meta-analysis
addresses this heterogeneity by focussing on whether studies measure transitions towards

formality, regardless of the specific operational definition employed.

2.2.1 Active labour market policies

Active labour market policies (ALMPs) address skill deficits, search frictions, and em-
ployment costs that may keep workers in informal employment (Layard et al., 2005;
Kluve, 2010). Training programmes aim to improve human capital and productivity,
with effects materialising as skills accumulate (Card et al., 2010). Apprenticeships and
internships combine classroom learning with workplace experience, addressing skill gaps
and information asymmetries about worker quality (Lerman, 2019). Labour intermedi-
ation services improve job matching efficiency and reduce search costs (Schmid et al.,
2001). Employment subsidies alter relative hiring costs between formal and informal
workers (Katz, 1996), although sustained impacts depend on whether temporary support
enables permanent productivity increases (Abel et al., 2022).

Training programmes aimed at disadvantaged youth represent the most frequently

evaluated intervention, which typically combines three months of classroom instruction



with similar-length private sector internships. Major programmes include Colombia’s
Jovenes en Accion, Peru’s Projoven, and the Dominican Republic’s Juventud y Empleo
(Attanasio et al., 2011; Diaz and Jaramillo, 2006; Card et al., 2011). More intensive
approaches include Brazil’'s PRONATEC offering 1,200 hours of technical instruction
(Camargo et al., 2021) and Chile’s FOTRAB combining 500 classroom hours with 360
hours of on-the-job training (Doerr and Novella, 2024). Labour intermediation reforms
in Colombia and Mexico transformed basic job-matching into integrated systems offer-
ing counselling, job search assistance, and placement services (Pignatti, 2016; Morales-
Gonzélez et al., 2019). Hiring subsidies include direct worker bonuses, wage supplements,
and combined subsidy-intermediation models (Abel et al., 2022; Berniell and de la Mata,
2017; Novella and Valencia, 2022).

2.2.2 Social protection with activation components

Social protection programmes with activation components combine income support with
requirements or incentives for labour market participation. Income support allows for
a more effective job search by reducing the pressure to accept immediately available
opportunities (Marimon and Zilibotti, 1999), while activation requirements address skills
and information barriers that prevent access to formal employment.

Temporary public employment initiatives constitute the primary type of intervention,
providing work on community service projects or infrastructure development alongside
income support. The duration of the programme typically ranges from three to eight
months. Argentina’s Jefes de Hogar Programme, implemented during the 2002 crisis,
required twenty hours of community work, training, or private company employment
for household heads who received 150 pesos monthly (Gasparini et al., 2009). Peru’s
Construyendo Pert provided four-month employment on small-scale urban infrastruc-
ture projects with job training (Escudero, 2018; Macroconsult, 2012). Uruguay Trabaja
combined six to eight months of community service with competency workshops, voca-
tional training, health services, and documentation assistance (Blanchard et al., 2025;
Nogueira Puentes, 2018).

Impact pathways involve immediate effects (participation creates temporary formal
employment and income) and longer-term effects through improved employability. Skills
training, work experience, and formal work history signals should increase participants’

attractiveness to private formal sector employers.

2.2.3 Information campaigns

Information campaigns address knowledge gaps and misperceptions about formalisation
processes, costs, and benefits. Workers and firms may remain informal due to lack of infor-

mation about registration procedures, overestimation of associated costs, or unawareness



of benefits such as social protection access, credit availability, and government procure-
ment opportunities (Bruhn and McKenzie, 2014). These interventions aim to correct
knowledge deficits without altering the underlying economic incentives.

Several studies examined campaigns promoting Brazil’s Microempreendedor Individ-
ual programme through in-person consultancy, virtual assistance through mobile messag-
ing, and information sessions with text message reminders (Zucco et al., 2020, 2023; Lenz,
2017). Other interventions targeted domestic worker employers in Argentina through
email and letter campaigns (Ohaco, 2023; Feld, 2024). Some approaches combined infor-
mation with complementary elements: Brazil’s Descomplicar tested brochures about STM-
PLES registration procedures alongside fee waivers and free accounting services (Bruhn,
2013), while Colombia’s Act No. 1429 workshops combined information provision with
payroll tax reductions (Galiani et al., 2017).

These low-cost interventions are effective when information gaps constitute the pri-
mary barrier to formalisation. Where economic factors such as high taxes or procedu-

ral complexity dominate, information campaigns alone may generate limited responses
(De Mel et al., 2013).

2.2.4 Labour inspections

Labour inspections aim to increase formalisation by raising the expected cost of remaining
informal through monitoring and enforcement. Firms compare compliance costs (taxes,
social security contributions, administrative requirements) against expected costs of non-
compliance (Allingham and Sandmo, 1972; Becker, 1968). Increased inspection intensity
raises detection probability, shifting calculations towards compliance. Inspections may
also generate spillover effects if firms perceive generally higher enforcement (Ronconi,
2010).

Studies examine substantial variation in institutional design throughout the region,
including decentralised systems with provincial variation in enforcement intensity in Ar-
gentina (Viollaz, 2018b), graduated enforcement regimes where requirements vary by
firm size in Peru (Viollaz, 2018a), expansion of inspector numbers in Colombia (Pignatti,
2020), and interactions between trade liberalisation and local inspection intensity in Brazil
(Ponczek and Ulyssea, 2022). While intensified enforcement raises detection probability
and pushes firms towards compliance, higher labour costs may simultaneously reduce

employment or shift production towards capital-intensive methods (Ronconi, 2010).

2.2.5 Payroll tax reductions

Payroll tax reductions lower non-wage labour costs associated with formal employment.
In Latin American countries, formal employment typically involves employer contribu-

tions to social security, health insurance, and mandatory levies that substantially increase



total labour costs beyond gross wages. Reducing these costs narrows the price differences
between formal and informal labour, making formal hiring more attractive to employers
and potentially increasing workers’ take-home pay in competitive markets (Gruber, 1997).
Effect magnitudes depend on labour supply and demand elasticities and on whether tax
savings are captured by firms, passed to workers, or shared.

Reforms show considerable heterogeneity in design. Colombia’s 2012 reform reduced
employer payroll taxes and health contributions by 13.5 percentage points for workers
earning up to ten times the minimum wage, phased in over 2013-2014 (Bernal et al.,
2017; Morales and Medina, 2017; Kugler et al., 2017). Brazil’s SIMPLES programme
consolidated multiple employer taxes into a single payment while substantially reducing
overall burdens for eligible micro- and small firms (Fajnzylber et al., 2011; Monteiro and
Assuncao, 2012; Piza, 2018). The Individual Microentrepreneur Programme extended
this to own-account workers, combining web-based registration with reduced social se-
curity contributions (Rocha et al., 2018; Pereda et al., 2022). Brazil’s 2006 reform for
domestic workers allowed employers to deduct social security contributions from personal
income taxes, effectively reducing the employer cost of formal registration (Madalozzo
and Bortoluzzo, 2011).

Lower tax rates increase formal labour demand by reducing relative costs, with magni-
tudes shaped by substitution possibilities between formal and informal workers (Ulyssea,
2018). Responses differ substantially between extensive margins (whether firms formalise)
and intensive margins (the share of formal workers within firms), particularly when fixed

registration costs remain binding for smaller enterprises.

2.2.6 Simplification of formalisation processes

Simplification interventions reduce time and administrative burden associated with for-
mal registration, targeting barriers including number of required procedures, completion
time, and compliance complexity (Djankov, 2009). Rather than changing price incen-
tives, simplification reduces fixed formalisation costs. Complex procedures also create
corruption opportunities and disadvantage less educated entrepreneurs.

Mexico’s Rapid Business Opening System created centralised facilities enabling si-
multaneous completion of federal, state, and municipal procedures, reducing the average
registration time from 30 to 1.4 days (Aparicio, 2014; Bruhn, 2013). Colombia’s 2006
reform unified payment systems for health insurance and pensions, simplifying compli-
ance (Calderén-Mejia and Marinescu, 2012). Other approaches combined simplification
with tax reductions through web-based platforms, consolidating registration requirements
(Rocha et al., 2018; Fajnzylber et al., 2011; Monteiro and Assunc¢ao, 2012).

Simplification generates heterogeneous responses across firm types. Registration bar-

riers bind more tightly for retail and service firms with low capital requirements, while



manufacturing firms face additional constraints that administrative reforms alone cannot
address (Bruhn, 2013; Monteiro and Assuncao, 2012). Entrepreneur education levels and

geographic proximity to registration offices further shape reform effectiveness.

2.2.7 Combined approaches

Many evaluated policies combine multiple intervention types, recognising that informality
arises from intersecting barriers. Combined approaches may produce larger effects than
individual interventions if constraints interact. Primary combinations include tax reduc-
tion with administrative simplification (Fajnzylber et al., 2011; Monteiro and Assuncao,
2012; Piza, 2018; Rocha et al., 2018), regulatory change with enforcement and informa-
tion campaigns (Feld, 2024), and ALMP packages that incorporate training, internships,
job search assistance, and financial support (Alzud and Brassiolo, 2006; Attanasio et al.,
2011; Van Gameren, 2010).

Combined approaches present evaluation challenges: they may generate larger effects
by addressing multiple constraints, but hinder identification of which components drive
impacts. Most evaluations assess overall packages rather than disentangling individual
element contributions, reflecting both practical constraints and the reality that many

programmes were designed as integrated packages rather than separable components.

3 Methodology

3.1 Search and Selection Strategy

We selected impact evaluations through a systematic process. First, we established the
following inclusion criteria: studies must assess the effects of labour formalisation policies
implemented in Latin America, evaluate impacts at the individual or firm level, employ
experimental or quasi-experimental methods controlling for selection into treatment, and
provide sufficient statistical information (coefficient, standard error, sample size) to cal-
culate effect sizes.

We searched multiple sources to identify relevant studies: international repositories
(3ie Impact Evaluation Studies Registry and Inter-American Development Bank), aca-
demic databases (Scopus, Web of Science, SSRN, IDEAS, Google Scholar, and social-
protection.org), studies from previous meta-analyses by Card et al. (2010), Kluve (2010),
Escudero et al. (2019), Jessen and Kluve (2021), and Floridi et al. (2021), and evaluations
conducted by government agencies within the region.

Search terms included “formalisation”, “registration”; “(in)formality”, “labour inter-
mediation”, “public employment service”, “labour inspection”, “hiring subsidies”, “job
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training”, “social protection”, “conditional transfer programmes”, “wage subsidies”, “pay-

9

roll tax reduction” and “active policies” in Spanish or English. We conducted searches
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without restrictions on publication date, capturing studies from the earliest available to
the most recent. For each study identified, we conducted forward and backward citation
searches using snowballing throughout the entire process. We completed the search at
the end of February 2024, identifying 152 studies eligible for inclusion.

Applying the selection criteria reduced the sample from 152 studies to 79 studies with
527 estimates. We excluded 45 studies at the paper level (removing 150 estimates) because
they did not meet fundamental inclusion criteria: social protection programmes without
activation components (67 estimates), studies not presenting estimations for probability
of being formal (38 estimates), studies not evaluating formalisation policy effectiveness as
a primary objective (30 estimates), and studies employing non-experimental identification
methods (15 estimates).

We then applied estimate-level refinement to the remaining 112 studies, excluding
1,302 estimates for methodological and definitional reasons. We then applied estimate-
level refinement to the remaining 112 studies, excluding 1,302 estimates for method-
ological and definitional reasons. Major exclusions included estimates from individual
programme cohorts or intake rounds when aggregate or initial cohort treatment effects
were available (247 estimates); for instance, when a study reported separate impacts for
the 2005, 2006, and 2007 intakes of a training programme, we retained only the pooled
estimate across all cohorts or, when no aggregate was available, the first cohort reported.
Other major exclusions included outcome variables outside our scope (427 estimates) and
cases where only combined treatments were available when disaggregated effects were re-
quired (166 estimates). Methodological exclusions included estimates lacking standard
errors (110 estimates) and multiple formality definitions (95 estimates). We created 19
additional pooled gender estimates for studies reporting separate male and female effects
but lacking overall estimates. Table A.1 in Appendix A provides a detailed breakdown

of all exclusions.

3.2 Data Extraction and Sample Description

We extracted information systematically from studies meeting our inclusion criteria: (i)
analysed intervention; (ii) outcome measuring intervention effectiveness; (iii) study char-
acteristics (authors, title, type, and year of publication); (iv) intervention characteristics
(country, target population, implementation period, duration, and number of compo-
nents); (v) empirical analysis (methodological approach, data source, type of estimate
and time horizon); and (vi) estimated impact (coefficient, standard errors, treatment,
and control group sizes).

When studies reported separate estimates for different interventions, outcome vari-
ables, subgroups, or time horizons, we recorded each estimate separately. However, we

applied consistency rules to avoid over-representation of individual studies. For studies
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presenting multiple treatment variations or cohorts, we extracted the aggregate treat-
ment effect rather than the disaggregated results. When multiple identification strategies
were reported, we selected the estimate identified as preferred or constituting the main
focus of the findings. When multiple definitions of formality were used, we selected the
estimate based on the most comprehensive definition.

Two authors selected studies and constructed the database independently, working on
the same sample separately and then comparing the results to minimise bias. Additional
technical details on data construction procedures, including the handling of interaction
terms, the creation of pooled estimates, and sample size adjustments for standardised
mean difference calculations, are provided in Appendix A.

Our final sample includes 79 impact evaluation studies with 527 impact estimates
from formalisation policies implemented in Latin America between 1990 and 2020. Ta-
ble 1 presents key characteristics of the sample. On average, each study contributes 6.7
estimates distributed among three outcome categories (formality, hours worked, earn-
ings) and disaggregated by gender, age, and time horizon. This represents the most
comprehensive collection of formalisation policy evaluations in the LAC region to date.

The temporal distribution shows growing policy activity, with 44% of estimates evalu-
ating interventions from the 2010s and 34% from the 2000s. Unlike previous global meta-
analyses that excluded Spanish-language studies or focused solely on published papers,
our systematic search captured a comprehensive regional coverage: 19% of the studies
are in Spanish and 44% are published in peer-reviewed journals. This inclusive approach
addresses the limitations noted by Jessen and Kluve (2021) regarding Spanish-language
studies and unpublished reports.

At the estimate level, 31% employ experimental designs while 69% use quasi-experimental
methods. Among quasi-experimental approaches, difference-in-differences is more preva-
lent (35%), followed by instrumental variables (15%), propensity score matching (11%),
and regression discontinuity (8%). Geographic coverage spans major LAC sub-regions:
Southern Cone (46%), Andean countries (44%), and Central America and Caribbean
(10%). Notably, 63% of estimates evaluate nationally implemented policies, while 37%
focus on sub-national interventions.

Active labour market policies represent the largest category (79% of estimates). Our
broader scope includes social protection programmes with activation components (10%),
payroll tax policies (3%), information campaigns (3%), labour inspections (2%), and
simplification measures (1%). Within ALMPs, 88% involve training programmes alone
or in combination with other policies. The most common configuration combines training
with apprenticeships or internships (49% of ALMP estimates). At the estimate level, 63%
evaluate multi-component programmes while 37% assess single-component interventions.

The target population analysis reveals clear policy priorities: 53% focus on youth in-

terventions, 34% target unemployed and job seekers, 8% focus on firms and self-employed
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workers, and 5% examine the general population. The outcome coverage shows that 59%
examine formality, 10% examine hours worked, and 30% examine monthly earnings. Gen-
der analysis is well-represented: 23% provide male-specific results, 24% provide female-
specific estimates, and 53% report pooled results. Regarding age, 51% focus on youth
populations (aged 15 to 24 or 15 to 30) while 49% examine pooled adult populations
(184). Temporal scope varies: 52% capture short-term effects (0 to 12 months), 22%
examine medium-term impacts (13 to 24 months), and 26% assess long-term effects (25+

months).

3.3 Analytical Approaches

We employ two complementary analytical methods. First, we conduct a preliminary sign
and significance analysis that examines patterns in the direction and statistical signifi-
cance of the effects of treatment. This approach requires only the sign and significance
reported for each estimate, making it applicable to the full sample of 527 estimates regard-
less of whether the studies report complete sample size information. Inspired by Escudero
et al. (2019) and Kluve et al. (2019), we create a binary outcome variable coded as 1 if
the estimate shows a statistically significant positive effect and 0 otherwise, then estimate
linear probability models examining how the likelihood of obtaining positive significant
results varies with study characteristics.

Second, we calculate standardised mean differences for all estimates with available
treatment and control group sample sizes. This forms our primary analytical approach,

preserving effect size information and enabling explicit publication bias correction.

3.4 Standardised Mean Differences

Studies in our sample assess the impacts of formalisation policy using three main out-
comes: probability of being formal, monthly earnings, and hours worked. Each outcome
is measured differently across studies. Table 2 presents the distribution of the outcome
variables across the entire sample and by policy type.

The probability of being formal presents the greatest definitional variation. Our sam-
ple includes measures from both the employee and the firm perspectives. The definitions
of formality for employees include the registration of social security (RAIS in Brazil, SIPA
in Argentina, PILA in Colombia), the contribution to the pension and health insurance
systems, the possession of formal contracts, and the access to social protection benefits.
Firm formality measures include business registration with tax authorities, possession
of municipal or state licences, registration in programmes such as MFEI in Brazil, and
compliance with regulatory obligations.

Similarly, earnings measures vary between levels and logarithmic transformations,

capturing individual monthly wages, firm-level average wages, or regional wage indicators.
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Table 1: Characteristics of included estimates

Characteristic Freq. % \ Characteristic Freq. %
Policy type Outcome category
ALMPs 417 79.1% | Formality 313 59.4%
Labour inspections 11 2.1% | Hours worked 55 10.4%
Payroll tax reduction 13 2.5% | Monthly earnings 159  30.2%
PTR + Simplification 10 1.9%
Sensitization 16 3.0% | Target population
Simplification 5  0.9% | Youth 279 52.9%
Social protection 55 10.4% | Unemployed and job seekers 181 34.3%
Firms and self-employed 43 8.2%
Sub-region General workers 24 4.6%
South Cone 240  45.5%
Andean countries 233 44.2% | Programme components
Central America 36  6.8% | Single component 194 36.8%
Caribbean 18  3.4% | Multiple components 333 63.2%
Geographical coverage Gender
National 333 63.2% | All 279  52.9%
Sub-national 194 36.8% | Men 119 22.6%
Women 129 24.5%
Evaluation period
1990s 96 18.2% | Age
2000s 180 34.2% | Pooled (18+) 256 48.6%
2010s 230 43.6% | Youth (15-24/30) 271 51.4%
2020s 21 4.0%
Timing of follow-up
Method used Short-term (0-12 months) 275 52.2%
DID 186 35.3% | Medium-term (13-24 months) 117 22.2%
1Y 80 15.2% | Long-term (254 months) 135 25.6%
PSM 59 11.2%
RD 41  7.8%
Randomised 161 30.6% | Total estimates 527

Notes: ALMPs refers to Active Labour Market Policies, including hiring subsidies, apprenticeships,
training programmes, and employment services. PTR refers to Payroll Tax Reduction. Social protection
refers to policies with activation components (e.g., cash transfers conditional on training or job search).
Formality includes both worker and firm formalisation outcomes. Youth (15-24/30) aggregates estimates
targeting individuals aged 15-24 or 15-30, while Pooled (18+) includes estimates for the general adult
population. Timing of follow-up refers to the period between programme participation and outcome
measurement. Studies can contribute multiple estimates through disaggregation by outcome, time hori-

zon, or population subgroup.
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Table 2: Estimates availability by policy type and outcome

Policy Type Formality Hours Income | Total
ALMPs 240 40 137 417
Labour inspections 6 2 3 11
Payroll tax 10 0 3 13
Payroll+Simplification 10 0 0 10
Sensitization 16 0 0 16
Simplification 5 0 0 )
Social protection 26 13 16 55
Total 313 55 159 527

Notes: Rows represent policy categories: ALMPs = Active Labour Market Programmes (training, ap-
prenticeships, labour intermediation, hiring subsidies); Labour inspections = enforcement measures to
increase formalization compliance; Payroll tax = reductions in employer social security contributions;
Payroll + Simplification = combined interventions reducing taxes and streamlining registration proce-
dures; Sensitization = information campaigns; Simplification = business registration and administrative
procedure reforms; Social protection = programmes with activation components linking benefits to for-
malization. Columns represent outcome measures: Formality = probability of formal employment or
firm registration; Hours = weekly hours worked (total or formal sector); Income = monthly earnings or
wages (total or formal).

Hours worked estimates span weekly hours in levels or logarithms, with some studies
focussing on formal sector hours specifically. Table B.1 in Appendix B provides a complete
list of the definitions of formality, earnings, and hours worked used in all studies.

To enable systematic comparison across these different measurement approaches, we
calculate standardised mean differences (SMD) for all estimates with available treatment
and control group sample sizes. The SMD represents the difference between treatment and
control group means expressed in standard deviation units, providing a scale-free metric
that facilitates comparison across studies with different outcome measures (Higgings et al.,
2023).

We use Hedges’ g, which includes a small-sample bias correction, making it preferable

to Cohen’s d for studies with limited sample sizes. Hedges’ ¢ is calculated as:

Y, - Y, 3
TS, Xll_zx(df)—J (1)

where Y; — Y, represents the estimated treatment effect, S, denotes the pooled standard

9

deviation, and the bracketed term provides the small-sample correction factor. Since

pooled standard deviations are rarely reported in primary studies, we calculate S, using:

Sy, = SE x m><\/nc+m—2 (2)

Ne X Ny

where n; and n. represent treatment and control group sample sizes, and SFE is the

standard error of the estimated treatment effect. A standardised effect of 0.2 is generally
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considered small, 0.5 medium, and 0.8 large, regardless of the original metric or baseline

rate.

3.5 Meta-Analytical Models

Our analysis follows the comprehensive approach recommended by Irsova et al. (2024)
for modern meta-analysis. We begin by presenting summary measures of overall effects
across formalisation policy categories and outcomes. This is followed by a heterogeneity
analysis and a publication bias assessment. We then estimate conditional effects through
meta-regression models that correct for publication bias while controlling for study char-
acteristics.

Meta-analysis employs two primary statistical models: fixed-effects and random-
effects. In meta-analysis terminology, these terms differ from panel data econometrics.
The distinction concerns whether studies represent a fixed set (the entire population of
interest) or a random sample from a larger population. Fixed-effects models assume that
all studies share the same true effect size, with observed variation reflecting only sam-
pling error. These models use weights w; =1/ 0]2-, where 0]2- is the within-study variance.
Random-effects models allow true effects to vary across studies due to genuine differences
in implementation, context, or populations. These models incorporate between-study
heterogeneity through weights w; = 1/ (0]2 +72), where 72 captures variation across stud-
ies beyond sampling error.

We present results from both specifications. Random-effects models are appropriate
when true effects genuinely vary across studies due to differences in design, implementa-
tion, and context, as is common in policy evaluation research. The model explicitly incor-
porates between-study variance (72), producing correct standard errors and confidence
intervals when heterogeneity is present (Borenstein et al., 2021). However, random-effects
models can produce biased estimates when publication selection is present (Stanley and
Doucouliagos, 2011; Picchio, 2020). Our publication bias correction methods address this
limitation.

Following Irsova et al. (2024), we also report unrestricted weighted least squares
(UWLS) estimates. UWLS provides a simple summary statistic that uses inverse variance
weighting without imposing additional structure on between-study heterogeneity. UWLS
avoids the efficiency-bias tradeoff inherent in FE and RE models, providing a weighted
average that does not require assumptions about the structure of heterogeneity between
studies (Stanley, 2008).

3.6 Publication Bias Testing and Correction

Publication bias arises when researchers systematically under-report results that con-

tradict theoretical expectations or policy objectives. In formalisation policy evaluation,

16



researchers and policymakers may be reluctant to report small or statistically insignif-
icant effects, particularly when substantial resources have been invested in programme
implementation. When imprecise but large positive estimates are treated more favourably
than imprecise but small estimates, a systematic bias emerges that overstates the impact
of the programme in the literature (Stanley and Doucouliagos, 2011).

Our sample includes both published peer-reviewed studies and unpublished working
papers, reducing but not eliminating publication bias. Academic journals may favour
studies based on effect size magnitude and statistical significance rather than method-
ological quality alone (Stanley and Doucouliagos, 2011; Brodeur et al., 2016).

We assess publication bias through visual inspection, formal statistical tests, and
multiple bias correction approaches. Visual inspection relies on funnel plots that display
effect sizes against precision measures (inverse standard errors). In the absence of se-
lection bias, studies should be distributed symmetrically around the mean effect, with
greater dispersion among less precise estimates, creating an inverted funnel shape. Asym-
metry, particularly sparse representation of small effects when precision is low, indicates
systematic under-reporting.

For formal testing, we implement the Funnel Asymmetry Test-Precision Effect Test
(FAT-PET) methodology (Egger et al., 1997; Stanley, 2008). This regresses the effect

sizes on their standard errors:
gi=a+ B3 xSE(g;) +¢ (3)

where g; denotes the standardised effect size for the estimate i. The intercept o provides
the precision-effect test (PET): the estimated effect when the precision is perfect (SE =
0), representing the average effect adjusted for publication bias. The slope coefficient [
provides the funnel asymmetry test (FAT): a test of whether the effect sizes systematically
relate to their standard errors. A statistically significant § coefficient indicates funnel
plot asymmetry, suggesting publication bias. The model uses weighted least squares with
inverse variance weights (1/SE(g;)?) to address known heteroskedasticity.

Following Irsova et al. (2024), we employ multiple approaches to estimate Equa-
tion 3. We estimate the FAT-PET model using weighted least squares following Stanley
(2008), ordinary least squares with standard errors clustered at the study level to ac-
count for within-study dependencies, fixed effects specifications, instrumental variables
using sample size as an instrument for standard errors to address potential endogeneity,
and precision-weighted regression using inverse standard errors as weights. This multi-
method approach reveals the sensitivity of conclusions to different assumptions.

When FAT-PET indicates nonzero effects, we use the Precision Effect Estimate with
Standard Error (PEESE) model, which employs quadratic approximation to minimise

bias (Stanley and Doucouliagos, 2014). PEESE replaces the standard error term with
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the variance term:
gi=a+ [ x SE(g:)* +e (4)

The quadratic specification corrects for the non-linear relationship between effect sizes
and their variances when publication bias is present. Linear FAT-PET (Equation 3)
underestimates the true effect when the genuine effect is non-zero because it assumes a
constant relationship between effect size and standard error. PEESE allows this relation-
ship to vary with the level of imprecision, which better approximates how publication
selection operates in practice (Stanley and Doucouliagos, 2014). The PEESE constant
term provides the bias-corrected-effects estimate. We implement PEESE with clustered

standard errors at the study level.

3.7 Meta-Regression with Covariates

Beyond publication bias correction, we address additional sources of effect heterogeneity
by including comprehensive control variables. We account for within-study dependencies
through clustered standard errors at the study level. Study-specific factors include pro-
gramme type, duration, and multi-component design indicators, along with participant
characteristics such as age and gender distributions. Methodological controls account for
differences in evaluation design between studies. We include GDP growth rates in the
year of programme implementation to control for macroeconomic conditions that may
influence labour market transitions and programme effectiveness.

To incorporate these factors while maintaining publication bias correction, we extend

the FAT-PET specification to include covariates:

where 7 indexes individual estimates, X; represents the covariate vector, and -y contains

the estimates of the corresponding parameters. For PEESE specifications with covariates:
g9i = a+ B x SE(g:)* +7Xi + & (6)

Our preferred specification uses the PEESE methodology with random-effects meta-
regression, incorporating clustered standard errors at the study level to account for de-
pendencies within the study estimate, following Irsova et al. (2024) recommendations for

robust inference in meta-analysis.
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4 Analysis and Results

We present our meta-analytical findings in four parts. First, we conduct a preliminary
sign and significance analysis examining the distribution of positive, negative, and in-
significant results across the entire sample. Second, we examine the overall effect sizes
and heterogeneity patterns using standardised mean differences. Third, we assess publi-
cation bias using multiple diagnostic approaches. Fourth, we estimate conditional effects
through a meta-regression analysis that simultaneously corrects for publication bias and

controls for study characteristics.

4.1 Sign and Significance Patterns

We conducted a preliminary sign and significance analysis on the full sample of 527 esti-
mates. This approach examines whether estimates are statistically significant and positive
without requiring complete sample size information. Of all estimates, 287 (54.5%) show
statistically significant positive effects, 213 (40.4%) are statistically insignificant, and 27
(5.1%) show statistically significant negative effects. Linear probability models regress-
ing a binary indicator for positive significant results on study characteristics reveal three
notable patterns. First, experimental evaluation designs consistently show large negative
associations with the probability of reporting significant positive results, with coefficients
ranging from —0.301 to —0.349 (p < 0.01), likely reflecting stricter methodological stan-
dards rather than worse programme performance. Second, information campaigns show
positive associations of 0.505 to 0.543 (p < 0.10). Third, country fixed effects substan-
tially increase explanatory power from R? = 0.130 to R? = 0.223, indicating country-level
factors explain considerable variation beyond observable programme characteristics.
Most other factors show no consistent relationship with the likelihood of obtaining
positive significant results. Programme type differences between ALMPs, social protec-
tion, and other interventions are not statistically significant. Similarly, neither the timing
of effect measurement (short, medium, or long-term), programme duration, nor demo-
graphic targeting (gender or age focus) systematically predicts whether a study reports
positive significant findings. This preliminary analysis provides descriptive context but
discards information about effect magnitudes and does not correct for publication bias,
motivating our focus on standardised mean differences in the remainder of this section.

The complete results appear in Appendix B.

4.2 Sample Coverage and Overall Effects

From the 527 estimates available in our full sample, 444 (84.3%) disclosed sample sizes
for treatment and control groups, allowing calculation of standardised mean differences

using Hedges’ g. Table 3 presents the distribution of estimates with SMD data across pro-
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gramme types and outcome categories. Active labour market policies dominate with 366
estimates (82% of the SMD sample), while social protection programmes with an activa-
tion component contribute 55 estimates. Several categories show limited representation:
labour inspections (1 estimate), payroll tax interventions (5 estimates), and simplification
measures (0 estimates). This concentration limits our ability to draw conclusions about

these types of intervention.

Table 3: Estimates with Hedge’g availability by policy type and outcome

Policy Type Formality Hours Income | Total
ALMPs 222 31 113 366
Labour inspections 1 0 0 1
Payroll tax 3 0 2 5
Payroll+Simplification 2 0 0
Sensitization 15 0 0 15
Simplification 0 0 0 0
Social protection 26 13 16 55
Total 269 44 131 444

Notes: Rows represent policy categories: ALMPs = Active Labour Market Programmes (training, ap-
prenticeships, labour intermediation, hiring subsidies); Labour inspections = enforcement measures to
increase formalization compliance; Payroll tax = reductions in employer social security contributions;
Payroll4+Simplification = combined interventions reducing taxes and streamlining registration proce-
dures; Sensitization = information campaigns and awareness-raising activities; Simplification = business
registration and administrative procedure reforms; Social protection = programmes with activation com-
ponents linking benefits to formalization. Columns represent outcome measures: Formality = probability
of formal employment or firm registration; Hours = weekly hours worked (total or formal sector); Income
= monthly earnings or wages.

Figure 1 presents pooled effect sizes across all studies using the three estimation ap-
proaches described in Section 3.5. The random effects estimate for the pooled sample
shows a positive and statistically significant effect of 0.143 standard deviations, represent-
ing approximately one-seventh of a standard deviation improvement in outcomes. The
substantial difference between fixed effects (0.016) and random effects estimates indicates
considerable between-study heterogeneity. The I? statistic of 99.9% confirms that varia-
tion across studies reflects genuine differences in treatment effects rather than sampling
error alone.

The effects vary by outcome type. The formalisation outcomes show consistent and
statistically significant effects in all estimation methods: UWLS of 0.117, FE of 0.017,
and RE of 0.107. Hours worked shows smaller effects with RE of 0.046, suggesting that
formalisation policies primarily affect employment status and earnings rather than work
intensity. Monthly earnings shows the largest point estimates with RE of 0.258, but with
wide confidence intervals reflecting high uncertainty:.

Programme-specific analyses appear in Appendix B Table B.2. ALMPs produce
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Figure 1: Meta-Analytic Effect Sizes by Outcome Category
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Notes: Meta-analytic effect sizes with 95% confidence intervals comparing three estimation methods:
unrestricted weighted least squares (UWLS), fixed effects (FE), and random effects (RE). Effect sizes
represent standardised mean differences (Hedges’ g). Sample sizes (N observations) shown in parentheses
on y-axis. I? statistics indicate percentage of variation across studies due to heterogeneity rather than
chance, shown for random effects estimates. The “Overall” row presents effects pooled across all three
outcome categories. Sample includes estimates from 79 formalisation policy evaluations in Latin America
(1990-2020).

consistent positive and statistically significant effects across all outcomes, with formality
impacts of 0.117 and monthly earnings effects of 0.114. Social protection programmes
show large earnings effects of 1.264, although this estimate relies on limited observations.
Information campaigns show modest but statistically significant formality effects of 0.015.

The outlier analysis following Havranek et al. (2020) criteria identifies 52 extreme
observations (11.7% of the SMD sample) with effect sizes outside the [—1, 1] range or
precision measures beyond reasonable bounds. Removing these outliers reduces the over-
all mean effect from 0.155 to 0.115 and substantially decreases variability (the standard
deviation falls from 0.464 to 0.176), indicating that the main results are not driven by

extreme studies.

4.3 Publication Bias

We assess publication bias through funnel plot inspection and formal statistical tests.
Figures 2 and 3 show funnel plots for pooled outcomes, with and without outliers. Both
plots exhibit clear asymmetry, with studies concentrated in the bottom-right quadrant
(large positive effects with low precision) and sparse representation in the bottom-left

quadrant (small or negative effects with large standard errors). Approximately 73% of
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the estimates fall in the right half of the funnel plot, compared to the 50% expected under
symmetry. This pattern shows systematic under-representation of studies finding smaller
effects when precision is low, consistent with publication selection favouring studies that

report larger positive impacts. The asymmetry persists after outliers are excluded.

Figure 2: Funnel plot: Hedges’ g with pooled estimate
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Notes: 0 (red line) shows pooled random-effects estimate.

The Egger test provides formal confirmation of these visual patterns. For the pooled
sample (N=444), both random effects and fixed effects models strongly reject the null
hypothesis of no publication bias (Appendix B Table B.2). Publication bias appears in
all outcome categories, with particularly strong evidence for monthly earnings.

Table 4 presents bias-corrected estimates using the multiple approaches described in
Section 3.6. Each row represents a different method to estimate the FAT-PET model
(Equation 3). The constant term provides the precision-effect test (PET), represent-
ing the bias-corrected average effect. The standard error coefficient provides the funnel
asymmetry test (FAT), which tests for publication bias.

The results show sensitivity to methodological choices. The weighted least squares
method following Stanley (2008) generates a bias-corrected effect of 0.004, representing
a 97% reduction from the uncorrected pool estimate of 0.143. The standard error co-
efficient of 2.412 is statistically significant at the 1% level, providing strong evidence
of publication bias. When accounting for study-level clustering through ordinary least
squares with clustered standard errors, the bias-corrected estimate becomes —0.117, al-
though statistically insignificant. The standard error coefficient remains large at 5.267
and significant at the 10% level, suggesting publication selection may entirely account for

observed positive effects once within-study dependencies are addressed.
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Figure 3: Funnel plot: Hedges’ g with pooled estimate, outliers excluded
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Notes: 6 (red line) shows pooled random-effects estimate. Outliers excluded based on Havranek
et al. (2020) criteria.

The fixed effects specification produces a bias-corrected estimate of —0.246 with a
standard error coefficient of 7.767, significant at the 5% level. The instrumental variable
approach, using sample size as an instrument for standard errors to address potential
endogeneity, results in a bias-corrected estimate of 0.013 with a standard error coefficient
of 2.752, significant at the 5% level. The precision-weighted approach produces a bias-
corrected effect of —0.011 and a standard error coefficient of 3.219; significant at the 1%
level.

All five approaches reject the null hypothesis of no publication bias at conventional
significance levels through the FAT test, while none of the bias-corrected estimates from
the PET test differ significantly from zero. The wide range of bias-corrected estimates
(from —0.246 to 0.013) reflects the uncertainty of the model about the correct specification
for publication bias correction.

Following Stanley and Doucouliagos (2014), when PET rejects the null of a zero effect,
the PEESE estimator should be used, as it better approximates the quadratic relationship
between effect sizes and their standard errors. Since our PET estimates do not reject
zero in most specifications, we present PEESE primarily for comparison. The PEESE-
corrected estimate of 0.071, significant at the 5% level with clustered standard errors,
suggests effects approximately 50% smaller (0.071 versus 0.143) than the uncorrected
random-effects pooling indicates. The PEESE standard error squared coefficient of 18.927
confirms the presence of publication bias, although with less precision than the linear
FAT-PET specifications.
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Table 4: FAT-PET-PEESE Analysis: All Outcomes Pooled

Model Constant SE Coefficient
(PET) (FAT)
WLS (Stanley 2008) 0.004 2.41 2%
(0.003) (0.276)
OLS Clustered -0.117 5.267*
(0.113) (2.895)
Fixed Effects -0.246 7767
(0.195) (3.785)
IV (Sample Size) 0.013 2.752%*
(0.026) (1.108)
Precision (1/SE) -0.011 3.219%#%
(0.018) (1.146)
PEESE Analysis
PEESE Clustered 0.071** 18.927
(0.032) (11.962)

Notes: N=444 from 79 studies. The table presents publication bias assessment following Equation 3
(rows 1-5) and Equation 4 (row 6). PET (Precision Effect Test): The constant term provides the
bias-corrected average effect, representing the estimated effect when precision is perfect (SE=0). FAT
(Funnel Asymmetry Test): The SE coefficient tests whether effect sizes systematically relate to their
standard errors; a significant coefficient indicates publication bias. WLS implements inverse variance
weighting following Stanley (2008). OLS Clustered uses study-level clustered standard errors. Fixed
Effects includes study-level fixed effects. IV instruments standard errors with sample size. Precision
weights by 1/SE. PEESE uses variance (SE?) instead of SE and is recommended when PET rejects zero
effect (Stanley and Doucouliagos, 2014). Standard errors in parentheses. * p < 0.10, ** p < 0.05, ***
p < 0.01

Bias patterns vary by outcome. Formality outcomes show PEESE-corrected effects
of 0.087, significant at the 1% level (Appendix B Table B.3). Hours worked exhibit
mixed signals with a PEESE-corrected estimate of 0.022, not statistically significant.
Monthly earnings display the strongest bias, with PEESE correction resulting in —0.097,
significant at the 10% level, suggesting publication selection may entirely account for
observed positive effects in this outcome category. Detailed outcome-specific results and
funnel plots appear in Appendix B (Tables B.3 to B.5, Figures B.1 to B.3).

These findings indicate that conclusions about formalisation policy effectiveness de-
pend critically on addressing publication selection. The substantial reductions in effect
sizes after bias correction suggest the uncorrected literature overstates policy impacts,

particularly for earnings outcomes.

4.4 Conditional Effects from Meta-Regression

We now examine which programme features are associated with larger or smaller effects
after correcting for publication bias and controlling for study characteristics. The meta-
regression simultaneously estimates the independent association of each characteristic

while holding others constant.
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4.4.1 Specification

The meta-regression model follows Equation 6:
9i =a+ B xSE(g)+vX; + &

where g; is Hedges’ g for estimate i, SFE(g;) corrects for publication bias, X; represents
study characteristics (programme type, target population, evaluation design, duration,
outcome category, and contextual factors), and ¢; is the error term. The subscript i
indexes the 444 estimates with SMD data from 79 studies. Standard errors cluster at
the study level to account for dependencies between multiple estimates from the same
evaluation.

We estimate both random effects and fixed effects specifications. Random effects al-
lows true effects to vary across studies. Fixed effects assumes a common underlying effect.
All models control for programme characteristics, participant demographics, evaluation
design, and contextual factors. The baseline category for programme types is combined
interventions that pair payroll tax reductions with administrative simplification of reg-
istration procedures (such as Brazil’s SIMPLES programme, which reduced tax burdens
while streamlining the registration process). The coefficients represent differences relative

to this baseline.

4.4.2 Programme Type Effects

Table 5 presents meta-regression results with correction for publication bias. We focus
first on programme type effects, then examine other dimensions of heterogeneity.

For formality outcomes (columns 3 to 4), active labour market policies show robust
positive effects under both specifications: 0.238 (p < 0.05) for random effects and 0.169
(p < 0.01) for fixed effects. This makes ALMPs the most consistently effective policy
tool relative to the baseline category. The convergence among the estimation methods
reinforces this finding.

Labour inspections show the largest point estimates for formality: 0.320 (p < 0.10)
for random effects and 0.146 (p < 0.01) for fixed effects, although the random effects
estimate shows considerable uncertainty. The single observation in the SMD sample
limits the interpretation. Information campaigns show positive formality effects under
random effects of 0.226 (p < 0.10), although the fixed effects estimate of 0.019 is not
statistically significant. This suggests that information-based approaches may produce
modest improvements in formality, but the evidence is less robust than for ALMPs.

Payroll tax reductions alone show positive but statistically insignificant effects on
formality under random effects of 0.186, while under fixed effects, the coefficient is sig-

nificant but modest in magnitude (0.095, p < 0.01). The coefficients suggest payroll tax
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Table 5: Meta-regression results: SE publication bias correction

All Outcomes Formality Earnings Hours Worked
RE FE RE FE RE FE RE FE
(i) Programme type (base: payroll + simplification)
ALMPs 0.290 0.158* 0.238** 0.169** 0.352 0.105** —0.203 —0.203
(0.204) (0.028) (0.109) (0.028) (0.313) (0.017) (0.207) (0.207)
Social protection 0.699** 0.140" 0.033 —0.021 1.258** 0.588***
(0.210) (0.030) (0.117) (0.032) (0.347) (0.031)
Labour inspections 0.499 0.149*** 0.320* 0.146***
(0.347) (0.052) (0.183) (0.052)
Sensitization 0.204 0.023 0.226* 0.019
(0.233) (0.042) (0.127) (0.042)
Payroll tax 0.186 0.085* 0.186 0.095*
(0.236) (0.028) (0.137) (0.030)
(ii) Effect duration (base: long-term)
Medium-term —0.097** 0.000 —0.046 0.003 —0.317* —0.085**  —0.010 —0.010
(0.042) (0.002) (0.029) (0.002) (0.105) (0.010) (0.033)  (0.033)
Short-term 0.061 0.006** —0.054* 0.006™* —0.194 —0.037 0.017 0.017
(0.044) (0.002) (0.029) (0.002) (0.130) (0.010) (0.040) (0.040)
(iii) Outcome category (base: hours worked)
Formality outcome 0.073 0.056*
(0.052) (0.007)
Earnings outcome 0.121** 0.053"**
(0.054) (0.007)
(iv) Target group (base: men, pooled samples)
Female 0.012 0.008** 0.007 0.012* —0.058 —0.002 —0.002 —0.002
(0.041) (0.002) (0.028) (0.002) (0.099) (0.003) (0.026) (0.026)
Gender pooled 0.056 0.010" 0.011 0.012%* 0.131 0.006** —0.010 —0.010
(0.038) (0.001) (0.026) (0.002) (0.093) (0.003) (0.030) (0.030)
Youth(18-24) —0.024 —0.011* 0.007 —0.028"* 0.042 0.125" 0.012 0.012
(0.039) (0.004) (0.025) (0.005) (0.108) (0.014) (0.048)  (0.048)
(v) Programme duration (base: long duration)
Short duration —0.040 —0.013* —0.021 0.014 —0.129 —0.039*
(0.056) (0.007) (0.041) (0.010) (0.132) (0.013)
Medium duration —0.265"* —0.009 —0.010 0.045** —0.656"** —0.177* —0.173 —0.173
(0.052) (0.007) (0.039) (0.010) (0.126) (0.015) (0.147)  (0.147)
(vi) Evaluation design (base: non-experimental)
Experimental design —0.059 —0.064"** —0.090"** —0.070"** —0.324 —0.138"* 0.014 0.014
(0.045) (0.004) (0.030) (0.005) (0.144) (0.011) (0.082)  (0.082)
(vii) Contextual factors
GDP growth 0.023" 0.005" 0.004 0.007** 0.026* 0.008*** 0.013 0.013
(0.004) (0.000) (0.003) (0.001) (0.014) (0.001) (0.013) (0.013)
(viii) Publication bias correction
Standard Error (SE) 6.639" 3.435" 1.974* 3.265" 11.588** 5.388"* —0.314 —0.314
(0.503) (0.092) (0.397) (0.116) (1.156) (0.211) (1.398) (1.398)
Constant —0.512 —0.143"** —0.142 —0.109"** —0.356 —0.078"* 0.306 0.306
(0.227) (0.030) (0.125) (0.031) (0.335) (0.023) (0.261)  (0.261)
Pub. bias correction SE SE SE SE SE SE SE SE
Observations 392 392 233 233 119 119 40 40

Notes: Meta-regression with SE publication bias correction. RE = Random Effects, FE = Fixed Effects.
Full specification includes all covariates and country fixed effects. Standard errors in parentheses.

p < 0.10, ** p < 0.05, *** p < 0.01.
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policies alone do not substantially outperform the combined baseline approach. Social
protection programmes show no significant formality effects: 0.033 for random effects and
—0.021 for fixed effects.

However, for earnings outcomes (columns 5 to 6), social protection programmes show
strong positive effects under both specifications: 1.258 (p < 0.01) for random effects
and 0.588 (p < 0.01) for fixed effects. This substantially exceeds impacts on formality
itself. ALMPs show positive earnings impacts of 0.352 for random effects and 0.105
(p < 0.01) for fixed effects, although the random effects estimate does not reach statistical
significance.

Hours worked outcomes (columns 7 to 8) show limited evidence of programme effec-
tiveness differences. The small sample (N=40) and the absence of observations for most

categories of programmes prevent reliable conclusions.

4.4.3 Effect Measurement Timing and Programme Duration

The timing of effect measurement and the duration of the programme show distinct pat-
terns that require careful interpretation. These represent different dimensions: effect
measurement timing refers to when outcomes are measured relative to programme com-
pletion (follow-up period), while programme duration refers to how long the intervention
itself lasted.

The timing of the effect measurement shows important patterns. For formality out-
comes, short-term effects (measured 0 to 12 months after programme completion) show
negative associations relative to long-term measurement: —0.054 (p < 0.10) for random
effects and 0.006 (p < 0.01) for fixed effects. Medium-term effects show smaller and
statistically insignificant associations. This indicates that formality impacts take time to
materialise. The longer follow-up periods tend to report larger effects.

For earnings, the pattern is more pronounced. Medium-term effects show large nega-
tive coefficients relative to long-term measurement: —0.317 (p < 0.01) for random effects
and —0.085 (p < 0.01) for fixed effects. Short-term effects also show negative associations.
This indicates earnings impacts also strengthen considerably over time.

These temporal patterns likely reflect several mechanisms. Skills accumulate and
employers observe productivity over time. Job search takes time to find good matches.
The stigma of unemployment or informality fades. Networks develop through formal em-
ployment experience. These processes suggest that short-term evaluations substantially
underestimate programme impacts, particularly for earnings outcomes.

Programme duration shows strong associations with earnings outcomes. Medium-
duration interventions show large negative coefficients relative to long-duration pro-
grammes: —0.656 (p < 0.01) for random effects and —0.177 (p < 0.01) for fixed effects.

Short-duration programmes also show negative associations. This implies that sustained
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programme implementation is particularly important for achieving earnings gains.
For formality outcomes, programme duration shows mixed patterns with no clear
relationship. The coefficients for short-duration and medium-duration programmes are

small and statistically insignificant.

4.4.4 Demographic Patterns

Gender patterns in formality outcomes remain modest. Women-specific estimates show
small positive effects: 0.007 for random effects and 0.012 (p < 0.01) for fixed effects.
Gender-pooled estimates display similarly small positive associations. The programmes
report similar formality effects for participants in women and men.

Youth-targeted estimates show coefficients of 0.007 for random effects and —0.028
(p < 0.01) for fixed effects. This indicates that youth-focused programmes report smaller
formality effects relative to programmes targeting broader age groups, not that youth
programmes are ineffective in absolute terms. The positive association in the sign-and-
significance analysis (Appendix B) confirms that youth programmes produce positive
effects; the meta-regression coefficient indicates that these effects are somewhat smaller
than for general-population programmes.

For earnings results, youth-targeted estimates show positive associations of 0.042 for
random effects and 0.125 (p < 0.01) for fixed effects, while female-specific estimates show
small negative coefficients. This indicates systematic differences in how programmes

affect earnings across demographic groups.

4.4.5 Methodological and Contextual Factors

Experimental evaluation designs show strong negative associations with effect sizes across
all outcomes. For formality, the coefficient is —0.090 (p < 0.01) for random effects and
—0.070 (p < 0.01) for fixed effects. For earnings, experimental designs show —0.324
(p < 0.05) for random effects and —0.138 (p < 0.01) for fixed effects. This likely re-
flects lower attrition bias and reduced selection on unobservables in experimental de-
signs. Randomised experiments prevent systematic sorting of high-ability participants
into treatment, which can inflate quasi-experimental estimates when unobserved charac-
teristics correlate with both treatment assignment and outcomes. Experimental studies
report effect sizes approximately 0.06 to 0.09 standard deviations smaller than compara-
ble quasi-experimental evaluations.

GDP growth shows positive associations with effectiveness in the pooled sample:
0.023 (p < 0.01). For earnings specifically, the coefficient is 0.026 (p < 0.10) for random
effects and 0.008 (p < 0.01) for fixed effects. This suggests that formalisation policies
may be more effective in boosting earnings when implemented during periods of economic

expansion.
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The publication bias correction term (standard error) shows strong positive and sta-
tistically significant coefficients across all outcome categories, confirming the systematic
overestimation of effects in the uncorrected literature. For formality, the coefficient is
1.974 (p < 0.01) for random effects and 3.265 (p < 0.01) for fixed effects. For earn-
ings, the publication bias term reaches 11.588 (p < 0.01) for random effects, indicating a

particularly severe publication bias in the earnings literature.

4.4.6 Synthesis

Conditional effect estimates provide several policy-relevant insights. Active labour mar-
ket policies emerge as the most effective tool for achieving formality outcomes. The effect
size of approximately 0.24 standard deviations falls between conventional benchmarks for
small (0.2) and medium (0.5) effects. For formality outcomes, where the underlying vari-
able measures the probability of formal employment, this corresponds to an increase of
roughly 12 to 14 percentage points in the likelihood of being formally employed. So-
cial protection programmes with activation components show large earnings effects (1.26
standard deviations) but limited formality impacts, suggesting that these interventions
primarily affect income rather than transitions to employment status. Labour inspections
and information campaigns show positive formality effects, although the evidence is less
robust given limited observations.

Programme benefits strengthen over time. Long-term effects exceed short- and medium-
term impacts across outcome categories. This pattern is most pronounced for earnings,
where medium-term effects are 0.32 standard deviations smaller than long-term effects.
For formality, short-term evaluations report effects 0.05 standard deviations smaller than
long-term evaluations. These temporal patterns underscore the importance of extended
follow-up periods in impact evaluations.

The consistent pattern of smaller effects after correction for publication bias empha-
sises the need for realistic expectations about the impact of programmes. Uncorrected
pooled estimates overstate true effects considerably. Bias correction reduces formality es-
timates by roughly one-third and earnings estimates by half or more. This has important
implications for programme planning and resource allocation. Robustness checks using
alternative publication bias correction methods and outcome-specific meta-regressions
appear in Appendix B (Tables B.8 to B.11). These alternative specifications produce
qualitatively similar results, with the relative ranking of programme effectiveness and
the direction of key associations remaining consistent across methods. The descriptive
heterogeneity analysis by programme type, demographic targeting, and implementation

features also appears in Appendix B.
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5 Discussion and conclusions

This meta-analysis provides the first comprehensive synthesis of formalisation policy ev-
idence for Latin America, analysing 79 impact evaluations with 527 estimates from in-
terventions implemented between 1990 and 2020. We address gaps in the literature by
including Spanish-language studies and unpublished reports, examining interventions tar-
geting both worker and firm formalisation, and calculating standardised mean differences

for 444 estimates while controlling for publication bias.

Main Findings

Three main findings emerge. First, formalisation policies predominantly produce posi-
tive effects, with adverse outcomes being rare (5.1% of estimates). However, systematic
publication bias substantially reduces effect sizes when corrected. Uncorrected pooled
estimates substantially overstate true effects. After correction, formality effects fall by
approximately one-third, while earnings effects are reduced by half or more depending on
the correction method.

Second, programme effectiveness varies substantially across intervention types. Active
labour market policies show the most consistent positive effects on formality, producing
improvements that fall between small and medium effect sizes by conventional standards.
In practical terms, these effects correspond to increases of 12 to 14 percentage points
in the probability of formal employment. Information campaigns also produce positive
effects, though more modest in magnitude and with weaker statistical confidence. Labour
inspections show promising point estimates but rely on limited evidence. For earnings
outcomes, social protection programmes with activation components produce the largest
effectssubstantially larger than formality impactsbut show negligible effects on transitions
to formal employment. This divergence indicates that these programmes primarily affect
income through direct transfers and improved job quality rather than by helping workers
move into formal positions.

Third, the benefits of the programme strengthen over time. Long-term effects exceed
short- and medium-term impacts across outcomes. For earnings, medium-term effects are
0.32 standard deviations smaller than long-term effects (p < 0.01). Programme duration
matters: medium-duration interventions produce effects 0.27 standard deviations smaller
than long-duration programmes (p < 0.01). Multi-component programmes outperform

single-component interventions (0.173 versus 0.101 standard deviations).

Mechanisms and Interpretation

The observed patterns suggest different operating mechanisms across intervention types.

Active labour market policies work through human capital accumulation, reduced search
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frictions, and lower hiring costs. Results show that these mechanisms translate more
directly into formality outcomes than earnings gains. Information campaigns address
knowledge gaps about registration procedures and formalisation benefits, explaining their
modest but consistent formality effects. Labour inspections operate through deterrence,
raising the expected costs of non-compliance.

Social protection programmes with activation components show large earnings effects
without corresponding formality gains. Income support allows for a more effective job
search and may finance investments in self-employment or skill acquisition. These mech-
anisms increase earnings in both formal and informal work, explaining why earnings im-
pacts substantially exceed formality effects. The temporary nature of these programmes
(typically 3 to 8 months) may limit formal employment transitions while allowing income
improvements.

The heterogeneity in the effectiveness of the programme is aligned with integrated
theoretical perspectives that recognise multiple segments of the informal sector (Fields,
2023; Bertranou, 2025). The effectiveness of ALMPs’ effectiveness for formality supports
human capital and employability mechanisms emphasised in dualist perspectives. The
positive effects of information campaigns are consistent with exit theories that highlight
knowledge barriers. The persistence of informality despite positive programme effects
reflects structuralist insights about formal-informal links that economic growth alone
cannot break.

The temporal strengthening of the effects likely reflects several mechanisms. Skills
accumulate, and employers observe productivity over time. Job search takes time to
find good matches. The stigma of unemployment or informality fades. Networks de-
velop through formal employment experience. Multi-component programmes show larger
effects potentially because they address multiple binding constraints simultaneously, cre-
ating complementarities between skills and job search support.

Our demographic findings differ from Escudero et al. (2019), who found stronger
effects for women and youth. We observe modest gender differences (0.012 standard
deviations for female-specific estimates, not significant) and negative associations for
youth-targeted interventions (—0.028 standard deviations, p < 0.01 for formality). These
divergences reflect our broader policy scope beyond ALMPs, explicit publication bias
corrections, and a focus on formality rather than employment. The negative youth coeffi-
cient indicates that youth programmes report smaller formality effects than programmes
targeting broader age groups, not that youth programmes are ineffective in absolute
terms.

Experimental designs consistently report smaller effects than quasi-experimental stud-
ies (0.09 standard deviations smaller for formality, p < 0.01). This likely reflects lower at-
trition bias and reduced selection on unobservables in experimental designs. Randomised

experiments prevent systematic sorting of high-ability participants into treatment, which
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can inflate quasi-experimental estimates when unobserved characteristics correlate with
both treatment assignment and outcomes. GDP growth shows positive associations with
effectiveness (0.023 standard deviations per percentage point, p < 0.01), confirming that

formalisation policies work better during economic expansions.

Policy Implications

Several practical recommendations emerge. First, prioritise active labour market policies
combining training with apprenticeships or labour intermediation for formality outcomes.
These show consistent positive effects with substantial supporting evidence. Second,
consider information campaigns as low-cost complements where knowledge gaps con-
stitute barriers. Cost-effectiveness considerations favour information campaigns despite
their modest effect sizes. These low-cost interventions may offer superior value relative
to resource-intensive ALMPs or social protection programmes, although rigorous cost-
benefit analysis remains scarce. Third, use social protection programmes with activation
components to support vulnerable populations, recognising that these primarily affect
earnings rather than formality status.

Fourth, invest in longer-term programmes. The benefits of the programme are
strengthened over time, and sustained interventions are more effective than brief ones.
Fifth, plan evaluation periods extending beyond 24 months to capture full impact tra-
jectories. Short-term evaluations substantially underestimate programme impacts, par-
ticularly in terms of earnings. Sixth, maintain realistic expectations. After correcting
for publication bias, even the most effective interventions produce modest formality ef-
fectsmeaningful improvements, but not transformative ones. Policymakers should there-
fore view these programmes as useful components of a broader formalisation strategy
rather than standalone solutions. No single intervention will dramatically reduce infor-
mality; sustained effort across multiple policy domains remains essential.

Finally, allocate resources for a rigorous evaluation of the intervention types under-
studied. The evidence is primarily concentrated on active labour market policies (79%
of estimates). Rigorous evaluations of payroll tax reductions, labour inspections, and

simplification measures remain scarce despite suggestive evidence of effectiveness.

Limitations and Future Research

Our analysis faces several limitations. Excluding studies without complete statistical
information may introduce selection bias, although including unpublished studies and
evaluations in Spanish mitigates this concern. The predominance of ALMP evaluations
reflects historical priorities rather than necessarily indicating superior effectiveness. High
heterogeneity (12 > 99%) indicates that unobserved factors such as implementation qual-

ity, local labour market tightness, informal sector structure, enforcement capacity, and
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complementary policies play crucial roles that our covariates cannot fully capture. This
reinforces the need for context-sensitive policy adaptation rather than one-size-fits-all
approaches. Pooling estimates across different formality definitions may mask important
distinctions between dimensions of formalisation.

Future research should address several priorities. First, conduct rigorous evaluations
of understudied intervention types, particularly payroll tax reductions, labour inspections,
and simplification measures. Second, examine combined policy approaches to understand
which combinations work best and whether effects are additive or synergistic. Third, in-
vestigate mechanisms through which interventions affect outcomes. Understanding why
interventions work enables better adaptation across contexts. Fourth, assess implemen-
tation quality and its relationship to effectiveness. Implementation quality likely matters
substantially but remains understudied. Finally, examine firm-level formalisation more

extensively, as evidence concentrates on worker outcomes.

Concluding Remarks

Informality remains a defining challenge for Latin American labour markets. Our meta-
analysis demonstrates that formalisation policies produce positive outcomes, but effect
sizes are modest and vary across contexts and intervention types. The substantial pub-
lication bias we document underscores the need for realistic expectations. After bias
correction, the effects remain positive, but smaller than the uncorrected estimates sug-
gest.

Active labour market policies show consistent evidence of the effectiveness of formal-
ity outcomes. Social protection programmes produce large earnings effects but limited
formality transitions. Information campaigns and labour inspections show promise, but
require more rigorous evaluation. No single intervention provides a complete solution.
Formalisation represents a gradual process that requires sustained effort in multiple policy
domains, combining targeted interventions with broader macroeconomic policy, regula-
tory reform, and institutional strengthening.

The high heterogeneity in our results suggests substantial scope for understanding
what makes interventions work in specific contexts. Context-specific factors, implementa-
tion quality, and complementary policies are likely to play crucial roles. Future progress
depends on continued investment in rigorous impact evaluation, particularly for under-
studied intervention types, combined with efforts to understand mechanisms and imple-
mentation processes. The current evidence supports cautious optimism: formalisation
policies work, but realistic expectations about impact magnitudes and attention to im-

plementation remain essential for success.
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Appendices

Appendix A

Sample Selection and Construction Process

Paper-level screening first identified 45 studies that did not meet our fundamental inclu-
sion criteria, removing 150 estimates. The largest exclusion category was social protection
programmes without activation components (67 estimates), followed by studies that did
not present estimations for probability of being formal (38 estimates), studies that did
not evaluate formalisation policy effectiveness as a primary objective (30 estimates), and
studies employing non-experimental identification methods (15 estimates). This initial
screening left 112 relevant studies containing 1,810 estimates.

Estimate-level refinement applied granular selection criteria to these remaining esti-
mates, excluding 1,302 for various methodological and definitional reasons. The largest
exclusion categories reflected our analytical focus: 247 estimates related to cohort or
call variations not incorporated, 247 estimates for outcome variables outside our scope,
180 estimates for employment outcomes we decided not to analyse, and 166 estimates
where only combined treatments were available when disaggregated effects were required.
Methodological exclusions included 110 estimates lacking standard errors, 95 estimates
representing duplicate formality definitions, and various other technical exclusions to-
talling 267 estimates.

Data construction adjustments subsequently created 19 additional pooled gender es-
timates for five studies that reported separate male and female effects but lacked overall
estimates. This refinement process resulted in 527 estimates from 79 studies, ensuring
methodological consistency while capturing the full breadth of formalisation policy eval-

uations in Latin American.

Data Construction and Technical Adjustments

We made several technical adjustments during data construction to ensure consistency
and avoid double-counting across studies. For studies presenting multiple treatment
variations targeting the same outcome, we prioritised aggregate treatment effects when
available. Nine studies reported both individual and aggregate treatment estimates (such
as different types of training programmes or sensitisation mechanisms), and we consis-
tently selected the aggregate estimate to maintain comparability while avoiding over-
representation of individual studies. Six studies did not provide aggregate estimates for
multiple treatments and therefore contribute multiple estimates per outcome category.
These include studies examining different training modalities or varied sensitisation ap-

proaches within the same evaluation framework.

44



Table A.1: Study and estimate selection process

Selection Stage Studies Estimates
Initial search results 152 1,960
Paper-level exclusions: -45 -150
Does not evaluate formalization policy effectiveness -13
Does not present estimations for probability of being formal -11
Non-experimental identification -13
Social protection without activation component -8
Remaining after paper exclusions 107 1,810
Estimate-level exclusions from relevant papers: -1,502
Cohort /call not incorporated =247
Outcome variable not considered =247
Employment outcome not considered -180
Only combined treatment is considered -166
No standard errors -110
Duplicate formality (definition not considered) -95
Age categories not used -o7
Informal employment outcome not considered -43
Duplicate earnings (definition not considered) -42
Estimates not considered -29
Only pooled definition of firm considered -25
Matching method not selected -18
Paper analyzed in new version -12
Subgroup not considered -12
Only pooled definition of worker considered -8
Estimate with non-experimental identification -6
Control group not considered -3
Duplicate employment (definition not considered) -2
Estimate-level inclusions from relevant papers: 19
Pooled gender estimates created 19
Final analytical sample 79 527

Notes: The table shows the complete selection process from 1,960 initial estimates to 527 final es-
timates. Data construction adjustments created pooled gender estimates for studies reporting only
gender-disaggregated results. Paper-level exclusions removed entire studies that did not meet inclusion
criteria. Estimate-level exclusions removed specific estimates within retained studies for methodological
and definitional reasons. When all estimates from a study are not considered, the study is not considered.
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One study, Pignatti (2016), presented estimates for four different control groups. We
excluded the “employers” control group as it was not comparable with other labour inter-
mediation programmes in our sample, retaining only the three control groups representing
job seekers.

Three studies contributed estimates for both firm-level and worker-level outcomes
within the same intervention, reflecting the dual nature of formalisation processes. These
studies examined both employer registration and employee social security coverage, pro-
viding complementary perspectives on policy effectiveness. We retained both types of
estimates as they measure distinct aspects of formalisation.

Our sample includes eleven programmes that have been evaluated by multiple in-
dependent studies, representing 27 total evaluations. These include large-scale national
programmes such as Colombia’s Jovenes en Accion (evaluated by four separate studies)
and Peru’s Projoven programme (assessed in five different evaluations). This overlap
strengthens our evidence base by providing multiple perspectives on the same interven-
tions while allowing us to examine consistency across different evaluation approaches and

time periods.

Handling Interaction Terms and Gender Pooling

We implemented two additional data construction procedures to maximise the analytical
value of available estimates. First, six studies reported results using interaction terms
rather than separate subgroup estimates. Following the approach recommended by Irsova
et al. (2024), we calculated the total treatment effects for specific demographic groups
by computing partial derivatives of the treatment effect. For gender interactions, for in-
stance, we derived effects as Bae = Bireatment and 3 female = Bireatment + Binteraction, With
standard errors adjusted using the delta method: SEfcpmare = \/ SE? coiment T+ SE2 ieractions

assuming zero covariance between coefficients due to the typical unavailability of covari-

ance estimates (Irsova et al., 2024; 7). This approach allowed us to derive gender-specific
and age-specific effects from studies by Alzua and Brassiolo (2006), Barrera-Osorio et al.
(2023), Lépez Mourelo and Escudero (2017), and Doerr and Novella (2024).

Second, we created pooled gender estimates for study-outcome combinations that
reported separate male and female effects but lacked an overall estimate. Following
Borenstein et al. (2021), we employed inverse-variance weighting to combine mutually

exclusive subgroups within studies:

Bpooled =
Wy, + Wy

where weights are defined as w = 1/SE? and pooled standard errors as SFEppoed =

1/y/wWs, +wy. This inverse-variance approach is preferred over simple sample-size weight-

46



ing as it better accounts for variance driven by study design and outcome measurement
precision (Borenstein et al., 2021). This procedure generated 19 additional estimates in
five studies, allowing us to include studies with gender-disaggregated results in analyses

that examine the overall effectiveness of the programme.

Sample and Control Group Observations for SMD Construction

The calculation of standardised mean differences requires precise treatment and con-
trol group sample sizes for each estimate. However, most studies in our sample report
regression-based results where the analytical sample may differ substantially from the ini-
tial design sample due to attrition, missing covariates, or subgroup-specific analyses. We
therefore constructed treatment and control group sizes based on the actual regression
samples rather than design samples to ensure accurate weighting in our meta-analytical
models.

For studies reporting overall treatment and control group distributions, we applied
these proportions to subgroup analyses when demographic breakdowns were not explicitly
provided. When studies presented descriptive statistics showing the demographic compo-
sition of treatment and control groups separately (e.g., 40% of the treatment group and
45% of the control group were women), we maintained these differential distributions
in our sample size calculations. In cases where only general demographic proportions
were reported (e.g., 70% of the total sample were women), we assumed equal representa-
tion between treatment and control groups while acknowledging that this can introduce
measurement error.

This approach was particularly relevant for quasi-experimental studies, where the con-
cept of distinct treatment and control groups is less straightforward than in randomised
trials. In difference-in-differences, regression discontinuity, and instrumental variable de-
signs, we constructed treatment and control samples based on the analytical framework
of each study, typically defining the control group as observations contributing to the
baseline comparison in the regression specification. While this methodology introduces
some imprecision, particularly for subgroup analyses, we considered it preferable to using
aggregate sample sizes that would not reflect the actual precision of demographic-specific
estimates.

Our approach ensures that the weights assigned to each estimate in our meta-analysis
correspond to the statistical precision of the underlying regression rather than potentially
misleading design sample sizes, thereby improving the accuracy of our standardised mean

difference calculations and subsequent meta-analytical results.
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Appendix B

This appendix provides supplementary analyses referenced in Section 4. We present
outcome-specific publication bias diagnostics, a preliminary sign-and-significance anal-
ysis, descriptive heterogeneity patterns, and robustness checks for the meta-regression

results.

Outcome Variable Definitions

Table B.1 presents the complete list of formality, earnings, and hours worked definitions
used across all studies in our sample, along with programme types analysed. This demon-
strates the heterogeneity in outcome measurement that motivates our use of standardised

mean differences.
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Table B.1: Outcome Definitions Across Studies

Author (Year)

Programme Formality

Hours

Earnings

Abel et al. (2022)

Aedo and Pizarro (2004)
Alcézar and Huerta (2023)
Alzué and Brassiolo (2006)
Alzia et al. (2016)
Amarante et al. (2009)
Aparicio (2014)*
Attanasio et al. (2011)*
Attanasio et al. (2017)
Barrera-Osorio et al. (2023)
Barron (2020)

Bernal et al. (2017)

Berniell and de la Mata (2017)
Blanchard et al. (2025)*
Bruhn (2013)

Cabrera et al. (2016)
Calderon-Mejia
(2012)*

Calero et al. (2017)
Camargo et al. (2021)

and Marinescu

HS
T+ A
T
T+ A
T+ A
SP
S
T+ A
T+ A
T

PTR

HS
SP

(E) Social security registration
(E) Work contract
(E) Formal salaried worker
(E) Employer pays social security
(E) SIPA registration
(E) Social security access
(F) Government registration
(E) Health, pension, injury benefits
(E) PILA registration
(E) Formal contract
)

F) Tax ID number

(E) SIPA registration

(E) Employer has paid licence

(F) Government registration / (E)
Signed contract

(F) Legal work permit

(E) Health and pension contribu-
tions

(E) Official work card

(E) Official work card

Weekly, level

Weekly, level

Weekly, level

Weekly, level

Weekly, level

Monthly - formal, level
Monthly, level
Monthly, level
Monthly, level
Monthly - formal, level
Monthly, log

Monthly - formal, level
Monthly - formal, level
Monthly, level
Monthly average wage,
log (firm level)
Monthly - formal, level

Monthly, level
Monthly, level

Continued on next page
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Table B.1 — continued from previous page

Author (Year)

Programme Formality

Hours

Earnings

Card et al. (2011)
Carvalho et al. (2021)
Chaparro et al. (2020)
Corseuil et al. (2019)
Costa (2022)

Da Mata et al. (2025)
De Andrade et al. (2016)
de Barros et al. (2023)
Delajara et al. (2013)
Departamento Nacional
Planeacién (2008)*

Diaz et al. (2018)*
Diaz and Jaramillo (2006)

Diaz and Rosas (2016)*
Doerr and Novella (2024)

Durand (2018)

Escudero (2018)
Fajnzylber et al. (2011)
Feld (2024)

Galdo and Chong (2012)

de

T+ A (E) Employer health insurance
T (E) Formal sector worker

T + LI (E) PILA registration

T+ A (E) RAIS registration

T (E) RAIS registration

T+ A (E) RAIS registration

SE/LIN (F) Government registration
T (E) RAIS registration

T + LI (E) IMSS registration

T+ A (E) Formal sector employment
PTR + S (F) Municipal licenses / (E) Elec-

tronic Payroll Registry
T+ A (E)

tract /insurance/social security

Formal con-

T+ A (E) Retirement pension

T (E) Social security/unemployment
insurance

A (E) Healthcare access

SP (E) Pension system affiliation

PTR + S (F) Tax registration

SE + LIN (E) Pension contributions

T+ A (E) Formal contract

Weekly, level

Weekly, level

Weekly, level

Weekly, log

Hours worked

Weekly, log

Weekly, log

Monthly, level

Monthly - formal, level

Monthly - formal, level

Monthly, log

Monthly, level

Monthly, log
Monthly, level

Monthly, log

Monthly, log
Monthly, level

Continued on next page
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Table B.1 — continued from previous page

Author (Year)

Programme Formality

Hours

Earnings

Galiani et al. (2017)
Garsous et al. (2015)

Gasparini et al. (2009)

Gomez and Gonzalez-Velosa (2023)

Hernani-Limarino and Villarroel

(2015)

Ibarraran et al. (2019)*
Ibarrardn et al. (2014)*
Kugler et al. (2017)*
Kugler et al. (2022)

Lenz (2017)

Llerena Pinto et al. (2013)

Lépez Mourelo and Escudero (2017)

Macroconsult (2012)

Madalozzo and Bortoluzzo (2011)
Mera et al. (2023)

Monteiro and Assuncao (2012)
Morales and Medina (2017)

Morales-Gonzalez et al. (2019)
Nogueira Puentes (2018)
Novella and Valencia (2022)

SE + PTR
PTR

SP

T + LI
T+ A
T+ A
T+ A
PTR
T+ A
SE

A

T + LI
SP

PTR

T

PTR + S
PTR

LI

SP

HS + LI

(F) License

(E) SLJP registration
(E) Social security contributions

(E) Social protection compliance

(E) Employer health insurance

(E) Employer health insurance

(E) Health and pension contribution

)

)

)

(E) Health/pension coverage

(F) MEI registration

(E) Formal sector employment

(E) Formal sector employment

(E) Legal entity/contract

(F) Registered employment

(F) Tax authority registration
)

F) Official license

(E) Social security benefits
(E) BPS contributions

(E) Social security contributions

Weekly, level
Weekly, level

Monthly average wage,
log (municipal)
Monthly - formal, level
Monthly, level

Monthly, log
Monthly, log

Monthly, level

Monthly average wage
(firm level)

Monthly, log

Continued on next page
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Table B.1 — continued from previous page

Author (Year)

Programme Formality

Hours

Earnings

Novella et al. (2017)

OConnell et al. (2019)
Ohaco (2023)

Pena (2010)

Pereda et al. (2022)
Pignatti (2020)*
Pignatti (2016)

Piza (2018)

Reis (2015)

Rocha et al. (2018)
Ronconi and Colina (2011)
Ronconi et al. (2006)
Rosas-Shady (2006)
Santa Maria et al. (2009)

Ponczek and Ulyssea (2022)
Valdivia (2015)

Van Gameren (2010)
Viollaz (2018a,b)*

T

T

SE

T+ A
PTR + S
LIN

LI

PTR + S

PTR + S
SP
T+ A
T+ A
LIN

LI/T/A
LIN

(E) Unemployment insurance regis-
tration

E) RAIS registration

F) Domestic worker registration

E) Youth training contract

F) MEI registration

E) Health social security

E) Social security coverage

E) Formal sector employment
F) RAIS registration
E

E) Social security coverage

Pension contributions
E) Formal sector employment

(
(F)
(E)
(F)
(E)
(E)
(F) Municipal/state license
(E)
(F)
(E)
(E)
(E)
(E)

E

tion

Social security/pension affilia-

(F) Tax registration
(E) Labour benefits
(E) Employment benefits

Weekly, level

Weekly, level

Monthly, log

Monthly, level

Monthly, log

Monthly, level
Monthly, level

Monthly, level
Monthly, level
Monthly, log

Monthly average, level

(micro-region)

Monthly, level
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Zucco et al. (2020, 2023) SE (F) MEI formalization - -

Notes: (E) = Employee formality; (F) = Firm formality. Programme type abbreviations: HS = Hiring subsidies; T = Training; A
= Apprenticeship or Internship; SP = Social protection; S = Simplification; SE = Sensitization; PTR = Payroll tax reduction; LI =
Labour intermediation; LIN = Labour inspections. Dashes (—) indicate outcome not measured in the study. Preferred estimate was
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benefits, 3) pension benefits, 4) social security benefits, 5) signed contract.



Outcome-Specific Publication Bias Analysis

We complement the pooled publication bias analysis in Section 4.3 with outcome-specific
assessments. Table B.2 presents Egger test results for each outcome category. All out-
comes show evidence of publication bias, with particularly strong evidence for monthly
earnings (coefficient: 11.237, p < 0.01).

Table B.2: Summary of Egger Test Results by Outcome

Outcome Test Coefficient Interpretation
RE  4.921 *** Pub. Bias
All Outcomes (0.413)
FE  2.412 *#* Pub. Bias
(0.055)
Formalit RE 1.766 *** Pub. Bias
Y (0.349)
FE  2.332 *** Pub. Bias
(0.071)
RE 1.396 ** Pub. Bias
Hours Worked (0.576)
FE 1.651 *** Pub. Bias
(0.397)
) RE 11.237 *** Pub. Bias
Monthly Earnings (1.109)
FE  3.186 *** Pub. Bias
(0.100)

Notes: Egger’s test is a linear regression of the intervention effect estimates on their standard errors
weighted by their inverse variance. RE refers to Random Effects, FE refers to Fixed Effects. Pub. Bias
refers to Publication Bias. * p < 0.10, ** p < 0.05, *** p < 0.01.

Figures B.1 to B.3 display funnel plots for each outcome category. Visual inspection
confirms the asymmetry patterns identified in the pooled analysis, with studies concen-
trated in regions indicating positive effects with low precision across all outcome types.

Tables B.3 to B.5 present detailed FAT-PET-PEESE bias correction estimates for
each outcome category. Bias correction substantially reduces effect sizes across all out-
comes, with the largest reductions for earnings outcomes. For formality outcomes, the
PEESE-corrected estimate is 0.087 (p < 0.01). Hours worked shows a PEESE-corrected
estimate of 0.022, though this does not reach statistical significance. Monthly earnings
displays the strongest bias, with PEESE correction yielding —0.097, suggesting publica-

tion selection may entirely account for observed positive effects in this outcome category.

54



Precision (1/SE
[he]
o
(=]
Precision (1/SE)

Precision (1/SE)

publication bias. These limitations motivate our primary focus on standardised mean

Figure B.1: Funnel plots for formality outcomes

4004
80+

3004

=2}
=1

I~
o

100+

[
=1

—.'5 6 é‘ 5 1r 1:5 —‘5 0 & .“:
Effect size (Hedges' g) Effect size (Hedges' g)
(a) With pooled estimate (b) Outliers excluded

Notes: 0 (red dashed lines) show pooled random-effects estimates. N=269.

Figure B.2: Funnel plots for hours worked outcomes
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Sign and Significance Analysis

Before presenting our main standardised mean difference meta-analysis in Section 4, we
conducted a preliminary sign and significance analysis following Escudero et al. (2019),
Card et al. (2018), and Jessen and Kluve (2021). This complementary method examines
patterns in the direction and statistical significance of treatment effects without requiring
complete sample size information. The approach requires only the reported sign and
statistical significance of each estimate, making it applicable to the full sample of 527
estimates. This analysis provides a descriptive overview of patterns in the literature but
has important limitations: it discards information about effect magnitudes, treats all

statistically significant positive effects equally regardless of size, and does not correct for

difference meta-analysis with explicit bias correction in the main text.
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Figure B.3: Funnel plots for monthly earnings outcomes
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Notes: 6 (red dashed lines) show pooled random-effects estimates. N=131.

For each estimate, we extracted information on effect direction (positive or negative)
and statistical significance based on conventional thresholds (typically p < 0.05 or p <
0.10). Our sample presents 287 (54.5%) statistically significant positive, 213 (40.4%)
statistically insignificant, and 27 (5.1%) statistically significant negative effects. Given
the low proportion of significant negative effects, we follow Escudero et al. (2019) in
creating a binary outcome variable coded as 1 if the estimate is statistically significant
positive and 0 otherwise.

Table B.6 presents results from linear probability models examining the relationship
between programme effectiveness (binary indicator for positive and significant effects) and
study characteristics. Explanatory variables are added sequentially across eight specifi-
cations, with standard errors clustered at the study level. Models 7 to 8 include country
fixed effects.

The analysis reveals that most study characteristics are not significantly correlated
with the likelihood of obtaining positive significant results. Three patterns emerge with
statistical support. First, youth-targeted programmes show robust positive associations
in specifications with country fixed effects (Models 7 to 8), with coefficients of 0.176
(p < 0.05) and 0.181 (p < 0.05). However, youth coefficients are small and statistically
insignificant in specifications without country controls, indicating the relationship is sen-
sitive to model specification. Second, experimental evaluation designs show consistently
large negative associations across Models 6 to 8, with coefficients ranging from —0.301
to —0.349 (all p < 0.01). This likely reflects stricter methodological standards in ex-
perimental studies rather than worse policy performance. Third, information campaigns
show positive coefficients in Models 6 to 8, ranging from 0.505 to 0.543 (all p < 0.10).

Most other factors show no significant relationships. Programme type differences

between ALMPs, social protection, payroll tax reductions, and simplification measures
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Table B.3: FAT-PET-PEESE Analysis: Formality Outcomes

Model Constant SE Coeff Interpretation
(PET) (FAT)

WLS (Stanley 2005)  0.006  2.332%** Pub. Bias
(0.003)  (0.389)

OLS Clustered 0.018 2.024%** Pub. Bias
(0.035)  (0.597)

Fixed Effects -0.058  3.584*** Pub. Bias
(0.046) (0.945)

IV (Sample Size) 0.032 1.741%* Pub. Bias
(0.034)  (0.752)

Weighted (1/SE) 0.007  2.234%%*%  Pub. Bias

(0.009)  (0.483)

PEESE Analysis
PEESE Clustered 0.087 6.871#H*
(0.025) (1.493)

Notes: N=444 from 59 studies. PET (Precision Effect Test) provides bias-corrected effects through the
constant term. FAT (Funnel Asymmetry Test) tests the SE coefficient for publication bias. * p < 0.10,
**p < 0.05, *** p < 0.01.

are statistically insignificant across specifications. Formality and earnings outcomes show
positive but insignificant coefficients relative to hours worked. Both effect duration (short
versus medium versus long-term measurement timing) and programme duration show in-
consistent patterns with no statistical significance. Women-focused estimates and gender-
pooled estimates show small negative coefficients that rarely reach significance. GDP
growth shows a positive but insignificant association (0.014).

The inclusion of country fixed effects in Models 7 to 8 substantially increases the 2
from 0.130 to 0.223 to 0.230, indicating that country-level factors explain considerable
variation in results beyond observable characteristics.

Table B.7 presents results using study-level weights where each study receives equal
weight regardless of the number of estimates it contributes. Results are qualitatively
similar to the main specification.

This preliminary analysis identifies experimental designs as systematically reporting
more conservative findings and shows that country-level factors explain substantial vari-
ation. However, the approach discards information about effect magnitudes and does
not correct for publication bias. These limitations motivate our main standardised mean

difference meta-analysis presented in Section 4.
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Table B.4: FAT-PET-PEESE Analysis: Hours Worked Outcomes

Model Constant SE Coeff Interpretation
(PET) (FAT)

WLS (Stanley 2005)  -0.031  1.651***  Pub. Bias
(0.023)  (0.546)

OLS Clustered -0.011 1.232%* No bias
(0.041)  (0.723)

Fixed Effects 0.010 0.836 No bias
(0.056)  (1.062)

IV (Sample Size) -0.012 1.255% No bias
(0.036)  (0.700)

Weighted (1/SE) -0.021 1.417%* Pub. Bias

(0.032)  (0.595)

PEESE Analysis
PEESE Clustered 0.022 10.178
(0.030) (7.378)

Notes: N=444 from 59 studies. PET (Precision Effect Test) provides bias-corrected effects through the
constant term. FAT (Funnel Asymmetry Test) tests the SE coefficient for publication bias. * p < 0.10,
**p < 0.05, *** p < 0.01.

Heterogeneity by Programme Type and Implementation Fea-

tures

The high heterogeneity in the pooled analysis (12 = 99.9%) indicates substantial variation
in treatment effects across studies. We examine effect sizes across key characteristics to
understand sources of this variation. The results in this section are simple weighted
averages within each subgroup. They are not meta-regression estimates, which appear
in Section 4.4 and control for multiple characteristics simultaneously while correcting for

publication bias.

Programme Type Heterogeneity Figure B.4 presents effect sizes for each programme
category with sufficient observations. ALMPs show the most consistent effectiveness.
With 366 observations, random effects meta-analysis shows an effect size of 0.112 (p <
0.01). Between-study heterogeneity is high (12 = 99.6%), but the estimate is statistically
significant, indicating robust positive effects across diverse implementation contexts. All
three estimation methods converge around similar point estimates.

Social protection programmes with activation components show the largest point
estimates (RE: 0.394, p < 0.05). Precision is low, with wide confidence intervals re-
flecting substantial variation across seven contributing studies. Heterogeneity is high
(I* = 99.98%). The fixed effects estimate approaches zero, underscoring sensitivity to
assumptions about between-study variation.

Information campaigns show modest but consistent effects (RE: 0.015, p < 0.01).
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Table B.5: FAT-PET-PEESE Analysis: Monthly Earnings Outcomes

Model Constant  SE Coeff  Interpretation
(PET) (FAT)

WLS (Stanley 2005)  -0.002  3.186 ***  Pub. Bias
(0.005)  (0.482)

OLS Clustered -0.410 11.850 * No bias
(0.263)  (6.315)

Fixed Effects -0.634 15.776 ** Pub. Bias
(0.327)  (5.726)

IV (Sample Size) -0.025 5.114 ** Pub. Bias
(0.027)  (2.606)

Weighted (1/SE) -0.051 5.564 * No bias

(0.047)  (2.920)

PEESE Analysis
PEESE Clustered -0.097  70.313 ***
(0.051) (24.673)

Notes: N=444 from 59 studies. PET (Precision Effect Test) provides bias-corrected effects through the
constant term. FAT (Funnel Asymmetry Test) tests the SE coefficient for publication bias. * p < 0.10,
**p < 0.05, *** p < 0.01.

Heterogeneity is relatively low (I? = 33.2%), suggesting information-based approaches
produce small but predictable improvements across contexts. All three estimation meth-
ods cluster tightly together.

Evidence on payroll tax reductions remains limited. With only five observations from
four studies, the random effects estimate (0.018) does not reach statistical significance.
The single observation for labour inspections and the absence of simplification estimates

reflect evidence gaps.

Demographic Targeting Figure B.5 summarises results across participant character-
istics. Male participants show larger random effects estimates (0.180, p < 0.01) compared
to females (0.110, p < 0.01), though confidence intervals overlap substantially. Both
groups display I? values above 99%, indicating high heterogeneity. The pooled gender
estimate (0.143, p < 0.01) falls between the gender-specific estimates.

Youth-focused interventions using strict ILO definitions (<30 years) show effect sizes
of 0.122 (p < 0.01). Broader criteria (<35 years) show similar effects of 0.118 (p < 0.01).
Confidence intervals are narrow, and consistency across both youth definitions suggests
robust effects for younger workers. Programmes targeting general populations show larger
point estimates (0.169, p < 0.01) but substantially wider confidence intervals, reflecting

greater variation in effects.

Implementation Features Figure B.6 examines implementation dimensions. The up-

per panel shows effect measurement timing (follow-up period after programme comple-
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Figure B.4: Meta-Analytic Effect Sizes by Programme Type
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Notes: Meta-analytic effect sizes with 95% confidence intervals by programme type, comparing three
estimation methods: unrestricted weighted least squares (UWLS), fixed effects (FE), and random effects
(RE). Effect sizes represent standardised mean differences (Hedges’ g). Sample sizes shown in parentheses
on y-axis. I? statistics indicate between-study heterogeneity, shown for random effects estimates. Labour
inspections (N=1) and simplification measures (N=0) excluded due to insufficient observations.

tion). Short-term measurement (<12 months after completion) shows the largest random
effects estimates (0.196, p < 0.01). Medium-term measurement follows (0.110, p < 0.01).
Long-term measurement shows the smallest impacts (0.079, p < 0.01). Confidence inter-
vals do not overlap, suggesting these differences are meaningful.

This pattern requires careful interpretation. It does not mean short programmes are
more effective than long programmes. Rather, it reflects when outcomes are measured.
Short-term measurements may capture immediate compliance responses or programme
participation effects that fade over time. Long-term measurements may reflect more sus-
tainable but smaller behavioural changes. Alternatively, different types of interventions
may be measured at different time horizons. The meta-regression analysis in Section 4.4
addresses this by controlling for programme type, duration, and other characteristics si-
multaneously, revealing that effects actually strengthen over time when other factors are
held constant.

The lower panel compares programme complexity. Multi-component programmes
show larger random effects estimates (0.173, p < 0.01) than single-component interven-
tions (0.101, p < 0.01), suggesting potential complementarities between policy tools.
Both categories display high heterogeneity (I? > 99%). The difference between multi-
component and single-component approaches is statistically significant.

Fixed effects and random effects estimates differ substantially across all categories,

indicating considerable between-study heterogeneity. Despite this, point estimates are
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Figure B.5: Meta-Analytic Effect Sizes by Target Population
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Notes: Meta-analytic effect sizes with 95% confidence intervals by demographic targeting,
comparing fixed effects (FE) and random effects (RE) methods. Effect sizes represent stan-
dardised mean differences (Hedges’ g). Sample sizes shown in parentheses on y-axis. I?
statistics indicate between-study heterogeneity for random effects estimates. Upper panel
shows gender-specific results; lower panel shows age-targeted results. Youth Strict uses ILO
definition (<30 years); Youth Wide includes participants <35 years.

consistently positive across subgroups, and statistical significance holds in most cases.
This suggests formalisation policies produce genuine positive effects, though effect mag-

nitudes vary considerably across contexts.

Robustness Checks and Alternative Specifications

Table B.8 presents meta-regression results using PEESE publication bias correction with
variance rather than standard error terms. The specification shows qualitatively similar
patterns across programme types compared to the main results in Table 5, though with
generally smaller effect magnitudes. The relative ranking of programme effectiveness re-
mains consistent. Social protection programmes show the largest effects over the baseline
category across both correction methods.

Tables B.9 to B.11 provide detailed meta-regression results for each outcome category
separately. These confirm the heterogeneous impact patterns identified in the pooled

model presented in Section 4.4.
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Figure B.6: Effect Measurement Timing and Programme Complexity
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Notes: Meta-analytic effect sizes with 95% confidence intervals by implementation features, comparing
fixed effects (FE) and random effects (RE) methods. Effect sizes represent standardised mean differences
(Hedges’ g). Sample sizes shown in parentheses on y-axis. I? statistics indicate between-study hetero-
geneity for random effects estimates. Upper panel shows effect measurement timing (follow-up period):
Short-term (<12 months after programme completion), Medium-term (12 to 24 months), Long-term
(>24 months). Lower panel shows programme complexity: Single Component programmes implement
one intervention type; Multiple Components combine different types.
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Table B.6: Meta-regression results: Baseline models for total sample

(1) @) ®3) 4) (5) (6) (7) (8)
(i) Programme type (base: payroll 4+ simplification)
ALMPs 0.178 0.203 0.237 0.186 0.123 0.251 0.090 0.032
(0.245)  (0.249)  (0.249)  (0.255)  (0.256) (0.244) (0.262) (0.279)
Social protection —0.145 —0.126 —0.081 —0.084 —-0.191 —0.168 —0.247 —0.270
(0270)  (0.275)  (0.276)  (0.276)  (0.283) (0.273) (0.205) (0.298)
Labour inspections 0.055 0.091 0.134 0.140 0.081 0.055 —0.210 —0.253
(0259)  (0.269)  (0.272)  (0.270)  (0.281) (0.273) (0.301) (0.317)
Sensitization 0.287 0.283 0.283 0.284 0.209 0.543* 0.525* 0.505*
(0267)  (0.268)  (0.269)  (0.266)  (0.268) (0.282) (0.286) (0.301)
Payroll tax 0.292 0.296 0.314 0.311 0.292 0.329 0.058 —0.033
(0.267)  (0.266)  (0.266)  (0.262)  (0.266) (0.257) (0.281) (0.291)
Information campaign 0.200 0.221 0.225 0.231 0.227 0.189 —0.201 —0.280
(0.368)  (0.381)  (0.383)  (0.383)  (0.380) (0.361) (0.362) (0.366)
(ii) Effect duration (base: short-term)
Medium-term 0.016 0.029 0.019 0.004 —0.042 —0.070 —0.054
(0.005)  (0.095)  (0.094)  (0.095) (0.091) (0.090) (0.087)
Short-term 0.065 0.073 0.080 0.062 —0.058 —0.156* —0.136
(0.006)  (0.096)  (0.094)  (0.095) (0.099) (0.088) (0.082)
(iii) Outcome category (base: hours worked, other outcomes)
Formality outcome 0.097 0.114 0.154 0.126 0.136 0.151
(0.111)  (0.109)  (0.108) (0.101) (0.099) (0.096)
Earnings outcome 0.025 0.042 0.064 0.063 0.078 0.078
(0.093)  (0.099)  (0.098) (0.094) (0.091) (0.087)
(iv) Target group (base: men, older workers, general population)
Female —0.072 —0.075 —-0.077 —0.080 —0.079
(0.093)  (0.093) (0.094) (0.094) (0.097)
Gender pooled —0.064 —0.075 —0.094* —0.063 —0.059
(0.060)  (0.059) (0.056) (0.057) (0.058)
Youth(18-24) 0.087 0.061 0.100 0.176** 0.181**
(0.105)  (0.100) (0.090) (0.069) (0.072)
(v) Programme duration (base: long duration)
Short duration —0.133 0.014 0.153 0.127
(0.120) (0.098) (0.112) (0.118)
Medium duration 0.001 0.106 0.089 0.034
(0.118) (0.103) (0.112) (0.102)
(vi) Evaluation design (base: non-experimental)
Experimental design —0.301* —0.349* —0.314*
(0.095) (0.091) (0.090)
(vii) Contextual factors
GDP growth 0.014
(0.011)
Constant 0.400* 0.340 0.235 0.271 0.389 0.400 0.664** 0.637**
(0238)  (0.257)  (0.286)  (0.202)  (0.314) (0.287) (0.309) (0.317)
Country effects No No No No No No Yes Yes
R? 0.046 0.049 0.055 0.064 0.078 0.130 0.223 0.230
Observations 527 527 527 527 527 527 527 518

Notes: Dependent variable is binary indicator for positive and significant effect. Standard errors in
parentheses clustered at study level. * p < 0.10, ** p < 0.05, *** p < 0.01.
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Table B.7: Meta-regression results: Baseline models for total sample

(1) 2) 3) 4) Q) (6) (7) ®)
(i) Programme type (base: payroll 4+ simplification)
ALMPs 0.205 0.204 0.222 0.254 0.217 0.280 0.114 0.084
(0.211)  (0215)  (0.219)  (0.223)  (0.226)  (0.217) (0.230) (0.244)
Social protection —0.050 —0.052 —0.022 —0.046 —0.111 —0.097 —0.176 —-0.177
(0.245) (0.245) (0.250) (0.251) (0.258) (0.247) (0.292) (0.287)
Labour inspections —0.020 —0.025 —0.001 —0.010 —0.048 —0.051 —0.245 —0.256
(0.238)  (0.249)  (0.256)  (0.253)  (0.260)  (0.257) (0.263) (0.270)
Sensitization 0.346 0.347 0.347 0.349 0.317 0.515* 0.581* 0.573**
(0.238)  (0.237)  (0.237)  (0.235)  (0.239)  (0.266) (0.275) (0.282)
Payroll tax 0.226 0.225 0.240 0.239 0.227 0.249 0.022 —0.007
(0.268)  (0.267)  (0.269)  (0.266)  (0.270)  (0.266) (0.259) (0.265)
Simplification 0.386 0.383 0.383 0.386 0.385 0.379 0.073 0.036
(0.300)  (0.312)  (0.312)  (0.309)  (0.309)  (0.304) (0.281) (0.288)
(ii) Effect duration (base: short-term)
Medium-term —0.006 —0.007 —0.004 —0.007 —0.006 0.003 0.008
(0.122)  (0.123)  (0.120)  (0.118)  (0.117) (0.107) (0.105)
Short-term —0.006 —0.008 —0.017 —0.020 —0.049 —0.148 —0.141
(0.103)  (0.104)  (0.104)  (0.103)  (0.110) (0.100) (0.098)
(iii) Outcome category (base: hours worked, other outcomes)
Formality outcome 0.119 0.108 0.139 0.128 0.162 0.175
(0.124)  (0.122)  (0.118)  (0.115) (0.111) (0.107)
Earnings outcome 0.086 0.078 0.099 0.097 0.126 0.126
(0.122)  (0.120)  (0.119)  (0.115) (0.108) (0.102)
(iv) Target group (base: men, older workers, general population)
Female —0.053 —0.052 —0.048 —0.039 —0.031
(0.092)  (0.092)  (0.093) (0.095) (0.101)
Gender pooled —0.070 —0.076 —0.097 —0.077 —-0.079
(0.072) (0.073) (0.074) (0.071) (0.074)
Youth(18-24) —0.090  —0.110  —0.073 0.024 0.024
(0.099) (0.098) (0.101) (0.097) (0.099)
(v) Programme duration (base: long duration)
Short duration —0.079 —0.020 0.004 —0.023
(0.107)  (0.104) (0.104) (0.103)
Medium duration 0.031 0.107 —0.002 —0.046
(0.115)  (0.117) (0.122) (0.108)
(vi) Evaluation design (base: non-experimental)
Experimental design —0.197* —0.247* —0.213*
(0.102) (0.099) (0.099)
(vii) Contextual factors
GDP growth 0.010
(0.011)
Constant 0.364* 0.370 0.253 0.335 0.392 0.386 0.636** 0.607*
(0.205) (0.230) (0.271) (0.282) (0.299) (0.282) (0.296) (0.303)
Country effects No No No No No No Yes Yes
R? 0.057 0.057 0.061 0.067 0.075 0.096 0.195 0.192
Observations 527 527 527 527 527 527 527 518

Notes: Dependent variable is binary indicator for positive and significant effect. Standard errors in
parentheses clustered at study level. * p < 0.10, ** p < 0.05, *** p < 0.01.
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Table B.8: Meta-regression results: PEESE publication bias correction

All Outcomes Formality Earnings Hours Worked
RE FE RE FE RE FE RE FE
(i) Programme type (base: payroll + simplification)
ALMPs 0.183 0.124** 0.208* 0.132%* 0.169 0.041** —0.140 —0.140
(0.188) (0.028) (0.109) (0.028) (0.244) (0.016) (0.205) (0.205)
Social protection 0.598"* 0.119" 0.013 —0.035 0.981" 0.488™
(0.194) (0.030) (0.118) (0.032) (0.274) (0.031)
Labour inspections 0.324 0.155*** 0.275 0.153***
(0.320) (0.052) (0.184) (0.052)
Sensitization 0.113 0.000 0.216* 0.047
(0.217) (0.042) (0.128) (0.042)
Payroll tax 0.090 0.046 0.159 0.046
(0.218) (0.028) (0.138) (0.030)
(ii) Effect duration (base: long-term)
Medium-term —0.051 0.002 —0.039 0.005* —0.160"* —0.059" —0.017 —0.017
(0.038) (0.002) (0.029) (0.002) (0.080) (0.010) (0.033) (0.033)
Short-term 0.086™* 0.007** —0.050" 0.008"** —0.037 —0.003 0.009 0.009
(0.041) (0.002) (0.030) (0.002) (0.101) (0.010) (0.039) (0.039)
(iii) Outcome category (base: hours worked)
Formality outcome 0.081* 0.045"
(0.048) (0.007)
Earnings outcome 0.125™ 0.040"**
(0.050) (0.007)
(iv) Target group (base: men, pooled samples)
Female 0.001 0.008*** 0.001 0.011*** —0.050 —0.003 0.005 0.005
(0.038) (0.002) (0.028) (0.002) (0.079) (0.003) (0.025) (0.025)
Gender pooled 0.038 0.006™ 0.005 0.008™* 0.108 0.000 0.001 0.001
(0.035) (0.001) (0.026) (0.002) (0.073) (0.003) (0.027) (0.027)
Youth(18-24) 0.009 —0.018" 0.014 —0.037"* 0.109 0.1427 0.004 0.004
(0.036) (0.004) (0.025) (0.005) (0.084) (0.013) (0.049) (0.049)
(v) Programme duration (base: long duration)
Short duration —0.167* —0.056** —0.065* —0.047* —0.205"* —0.100"**
(0.050) (0.007) (0.039) (0.009) (0.102) (0.012)
Medium duration —0.263"* —0.036™ —0.021 0.005 —0.542"* —0.178" —0.123 —0.123
(0.048) (0.007) (0.040) (0.010) (0.100) (0.015) (0.143) (0.143)
(vi) Evaluation design (base: non-experimental)
Experimental design —0.039 —0.070* —0.085"** —0.080"* —0.194* —0.114* —0.013 —0.013
(0.041) (0.004) (0.031) (0.005) (0.112) (0.011) (0.080) (0.080)
(vii) Contextual factors
GDP growth 0.020"* 0.007 0.004 0.008"* 0.026™ 0.011 0.012 0.012
(0.004) (0.000) (0.003) (0.001) (0.011) (0.001) (0.012) (0.012)
Variance(PEESE) 29.695"* 31.878" 9.408" 20.549" 60.499*** 50.586** 4.498 4.497
(2.019) (0.910) (1.960) (1.203) (4.304) (1.586) (13.432) (13.432)
Constant —0.181 —0.038 —0.044 0.011 —0.070 0.012 0.205 0.205
(0.206) (0.030) (0.122) (0.030) (0.254) (0.021) (0.228) (0.228)
Pub. bias correction PEESE PEESE PEESE PEESE PEESE PEESE PEESE PEESE
R?
Observations 392 392 233 233 119 119 40 40

Notes: Meta-regression with PEESE publication bias correction using variance. RE = Random Effects,
FE = Fixed Effects. Full specification includes all covariates and country fixed effects. Standard errors
in parentheses. * p < 0.10, ** p < 0.05, *** p < 0.01.
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Table B.9: Meta-regression results: Formality outcomes (Random Effects with Publication Bias

Correction)
) 2 ) (4) () (6) (7
(i) Programme type (base: payroll 4+ simplification)
ALMPs 0.242* 0.273* 0.294* 0.321* 0.312* 0.240* 0.238™
(0.134) (0.134) (0.134) (0.129) (0.131) (0.125) (0.109)
Social protection 0.183 0.215 0.241* 0.230* 0.218 0.026 0.033
(0.139) (0.138) (0.138) (0.133) (0.135) (0.134) (0.117)
Labour inspections 0.206 0.207 0.207 0.326 0.302 0.388* 0.320"
(0.230) (0.228) (0.227) (0.220) (0.223) (0.211) (0.183)
Sensitization 0.192 0.192 0.196 0.314* 0.299* 0.306* 0.226*
(0.143) (0.142) (0.141) (0.139) (0.142) (0.135) (0.127)
Payroll tax 0.190 0.212 0.212 0.282* 0.265 0.221 0.186
(0.172) (0.171) (0.171) (0.165) (0.167) (0.157) (0.137)
(vii) Publication bias correction
SE - Publication Bias 1.759** 1.871% 1.949 1.952% 1.958* 1.858** 1.974%*
(0.348) (0.351) (0.355) (0.345) (0.360) (0.352) (0.397)
(ii) Effect duration (base: long-term)
Medium-term —0.011 —0.015 —0.041 —0.041 —0.072** —0.046
(0.034) (0.034) (0.033) (0.033) (0.033) (0.029)
Short-term 0.054* 0.050* 0.002 —0.002 —0.112*** —0.054*
(0.027) (0.028) (0.029) (0.029) (0.032) (0.029)
(iii) Target group (base: men, pooled samples)
Female 0.003 —0.000 0.001 —0.004 0.007
(0.034) (0.032) (0.032) (0.030) (0.028)
Gender pooled 0.052* 0.037 0.036 0.020 0.011
(0.030) (0.029) (0.029) (0.028) (0.026)
Youth(18-24) 0.006 0.028 0.034 0.022 0.007
(0.027) (0.026) (0.027) (0.027) (0.025)
(iv) Evaluation design (base: non-experimental)
Experimental design —0.120* —0.125" —0.127 —0.090**
(0.027) (0.030) (0.031) (0.030)
(v) Programme duration (base: long duration)
Short duration 0.018 —0.001 —0.021
(0.037) (0.044) (0.041)
Medium duration 0.047 —0.016 —0.010
(0.036) (0.042) (0.039)
(vi) Contextual factors
GDP growth 0.004
(0.003)
Constant —0.201 —0.260* —0.312** —0.249* —0.262* —0.099 —0.142
(0.135) (0.137) (0.140) (0.135) (0.141) (0.140) (0.125)
Meta-analysis method RE RE RE RE RE RE RE
Country effects No No No No No Yes Yes
Publication bias correction SE SE SE SE SE SE SE
R2
Observations 269 269 269 269 269 269 233

Notes: Sample restricted to formality outcomes. Dependent variable is Hedges’ g (standardised mean
difference). Random effects meta-regression with publication bias correction using standard error. Stan-
dard errors in parentheses. * p < 0.10, ** p < 0.05, *** p < 0.01.

66



Table B.10: Meta-regression results: Earnings outcomes(Random Effects with Publication Bias

Correction)
(1) 2) 3) (4) (5) (6)
(i) Programme type (base: payroll + simplification)
ALMPs —0.232 —0.179 0.003 0.095 0.281 0.352
(0.347) (0.336) (0.337) (0.328) (0.294) (0.313)
Social protection 0.501 0.481 0.575 0.782** 1.365** 1.258***
(0.370) (0.360) (0.356) (0.352) (0.315) (0.347)
(vii) Publication bias correction
SE - Publication Bias 9.902*** 10.775%* 11.619** 11.278** 10.408*** 11.588***
(1.046) (1.054) (1.085) (1.094) (1.094) (1.156)
(ii) Effect duration (base: long-term)
Medium-term —0.286** —0.319** —0.334*** —0.317** —0.317*
(0.124) (0.125) (0.120) (0.105) (0.105)
Short-term 0.047 —0.054 —0.096 —0.206* —0.194
(0.109) (0.117) (0.114) (0.123) (0.130)
(iii) Target group (base: men, pooled samples)
Female —0.053 —0.063 —0.028 —0.058
(0.119) (0.113) (0.094) (0.099)
Gender pooled 0.155 0.174* 0.115 0.131
(0.106) (0.102) (0.088) (0.093)
Youth(18-24) —0.005 —0.021 0.180** 0.042
(0.093) (0.094) (0.088) (0.108)
(iv) Evaluation design (base: non-experimental)
Experimental design —0.212* —0.179* —0.382** —0.324*
(0.099) (0.107) (0.129) (0.144)
(v) Programme duration (base: long duration)
Short duration —0.045 —0.215* —0.129
(0.119) (0.120) (0.132)
Medium duration —0.349** —0.615** —0.656***
(0.106) (0.120) (0.126)
(vi) Contextual factors
GDP growth 0.026*
(0.014)
Constant —0.163 —0.202 —0.321 —0.268 —-0.130 —0.356
(0.343) (0.335) (0.346) (0.351) (0.314) (0.335)
Meta-analysis method RE RE RE RE RE RE
Country effects No No No No Yes Yes
Publication bias correction SE SE SE SE SE SE
RZ
Observations 131 131 131 131 131 119

Notes: Sample restricted to earnings outcomes. Dependent variable is Hedges’ g (standardised mean
difference). Random effects meta-regression with publication bias correction using standard error. Stan-

dard errors in parentheses. * p < 0.10, ** p < 0.05, *** p < 0.01.
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Table B.11: Meta-regression results: Hours worked (Random Effects with Publication Bias
Correction))

0 ) G) @ ) (©)
(i) Programme type (base: payroll + simplification)
ALMPs 0.021 0.023 0.080*** 0.100* —0.087 —0.203
(0.023)  (0.023) (0.029) (0.055) (0.171)  (0.207)
(vii) Publication bias correction
SE - Publication Bias 1.117* 1.079 1.598*** 0.807 —0.183 —0.314
(0.654)  (0.657) (0.601) (0.744) (1.323)  (1.398)
(ii) Effect duration (base: long-term)
Medium-term —0.030 —0.026 —0.030 0.006  —0.010
(0.027) (0.022) (0.022) (0.029) (0.033)
Short-term —0.026 —0.037* —0.050** 0.019 0.017
(0.024) (0.019) (0.021) (0.035) (0.040)
(iii) Target group (base: men, pooled samples)
Female 0.008 0.003 —0.000 —0.002
(0.023) (0.023) (0.025) (0.026)
Gender pooled 0.007 —0.000 —0.008 —0.010
(0.023) (0.023) (0.029)  (0.030)
Youth(18-24) —0.016 —0.002 0.006 0.012
(0.026) (0.030) (0.045)  (0.048)
(iv) Evaluation design (base: non-experimental)
Experimental design —0.103*** —0.112** —0.030 0.014
(0.022) (0.030) (0.065)  (0.082)
(v) Programme duration (base: long duration)
Short duration 0.099* 0.037
(0.058) (0.085)
Medium duration 0.019 —0.099 —-0.173
(0.035) (0.124)  (0.147)
(vi) Contextual factors
GDP growth 0.013
(0.013)
Constant —0.019 0.001 —0.016 0.002 0.219 0.306
(0.028)  (0.033) (0.037) (0.048) (0.236)  (0.261)
Meta-analysis method RE RE RE RE RE RE
Country effects No No No No Yes Yes
Publication bias correction  SE SE SE SE SE SE
RQ
Observations 44 44 44 44 44 40

Notes: Sample restricted to hours worked outcomes. Dependent variable is Hedges’ g (standardised
mean difference). Random effects meta-regression with publication bias correction using standard error.
Standard errors in parentheses. * p < 0.10, ** p < 0.05, *** p < 0.01.
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