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Abstract

This paper examines how macro-level skill mismatch shapes labor market adjust-
ment inMexico. Using quarterly microdata from the ENOE for 2005–2024, we con-
struct a Skill Mismatch Indexmeasuring imbalances between the skill composition
of labor supply and salaried labor demand across Mexico’s 32 states, and exploit
geographic variation in a dynamic fixed-effects frameworkwith state-specific linear
trends. We find that skill mismatch leaves labor market stocks largely unaffected.
Instead, adjustment occurs through reallocation within employment: higher mis-
match increases transitions from formal to informal work, reduces transitions into
formality, and generates a net shift toward informality robust across specifications.
Self-employment absorbs workers under moderate imbalances but cedes to infor-
mality when mismatch is severe. Average wages fall with mismatch, reflecting
composition rather than within-sector wage compression. Decomposing the index
reveals that informalization is concentrated among excess supply of university-
educated workers. In labor markets with large informal sectors, mismatch is as-
sociated with where workers are employed and at what wage — not whether they
are employed — emphasizing the importance of demand-side policies as comple-
ments to educational expansion.
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1 Introduction

Mexico has invested heavily in education, and this pattern is not unique. Across OECD
countries, the share of 25–34 year-olds holding a tertiary degree has grown substan-
tially over the past three decades, driven by sustained policy efforts to expand access
to schooling (OECD, 2019). Across Latin America more broadly, the share of the la-
bor force with at least secondary education rose sharply between 1990 and 2010, while
tertiary attainment also expanded, though with substantial heterogeneity across coun-
tries (Gasparini et al., 2011). Mexico is no exception: authors’ calculations from the
ENOE show that by 2024, nearly one in four salaried workers held a bachelor’s de-
gree or higher — up from fewer than one in ten in 2005. Yet this expansion has not
translated into commensurate improvements in employment quality. Returns to ed-
ucation have weakened, particularly among university graduates (Campos-Vázquez
et al., 2016; Gasparini et al., 2011), and a growing share of highly educatedworkers find
themselves in informal employment, suggesting a deepening mismatch between edu-
cational attainment and the economy’s capacity to productively absorb skilled work-
ers. This paper presents a skill mismatch index forMexico that allows us to deepen our
analysis and understanding of the margins throughwhich this misalignment operates.

The standard account of overeducation and skill mismatch — based on studies for
advanced economies— emphasizes that workers whose schooling exceeds job require-
ments earn lower returns to surplus education and may experience lower job satisfac-
tion and higher turnover (Hartog, 2000; McGuinness, 2006). This literature, however,
is largely silent on the role that informality may play as a margin of adjustment. In
economies such as Mexico, where informal employment is large and persistent, labor
market adjustment need not occur only through open unemployment or wage penal-
ties. Workers who are excluded from formal jobs, or for whom formal employment
offers low net benefits, may insteadmove into informal employment (Perry et al., 2007;
Levy, 2008). This matters because informal employment is associated with weaker
access to social protection and, at the firm level, lower productivity and distorted in-
vestment incentives. The relevant question, then, is not only whether skill mismatch
generates unemployment or wage penalties, but rather through which margins it op-
erates when a large informal sector is available as an alternative.

We examine thismechanismusing quarterlymicrodata fromMexico’sNational Sur-
vey of Occupation and Employment (ENOE) covering the period 2005–2024. Follow-
ing the equilibriummismatch framework of Estevão and Tsounta (2011), we construct
a Skill Mismatch Index (SMI) that captures imbalances between the skill composition
of labor supply and salaried labor demand across Mexico’s 32 states. Labor supply is
measured as the educational composition of the unemployed — those actively seek-
ing work — while labor demand is proxied by the observed educational composi-
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tion of salaried workers in subordinated employment, a natural choice given the ab-
sence of consistent vacancy data for Mexico. The index measures the extent to which
these two compositional distributions diverge: a value of zero indicates perfect align-
ment between the educational composition of job seekers and that of salaried workers,
while higher values reflect larger compositional imbalances. Critically, the index is
constructed using educational attainment rather than occupation, the only skill mea-
sure observed for unemployed individuals in the ENOE, and requires no vacancy data,
making it particularly well-suited to the Mexican context. The substantial geographic
variation in the SMI across Mexico’s 32 states provides the empirical basis for a dy-
namic two-way fixed-effects framework augmented with state-specific linear trends.
State fixed effects absorb permanent differences in labor market structure across states,
state-specific linear trends absorb each state’s smooth secular trajectory, and the esti-
mated associations reflect within-state deviations of the SMI from that trajectory. The
length and granularity of the panel allow us to track both stock outcomes — unem-
ployment, informality, self-employment, and labor force participation — and worker
transition flows between formal and informal employment, providing a richer picture
of adjustment dynamics than is available in most developing-country settings.

Our main findings are as follows. First, Mexico’s skill mismatch is compositionally
polarized: low-skilled workers are persistently underrepresented among the unem-
ployed relative to salaried employment across all regions, while high-skilled workers
— particularly university graduates— are increasingly overrepresented, most severely
in the Center and South. This polarization reflects a growing divergence between the
educational composition of job seekers and that of salariedworkers, and has intensified
since 2014. Second, skillmismatch is largely unassociatedwith labormarket stocks: un-
employment, informality, self-employment, and labor force participation rates are gov-
erned by their own persistence and are broadly unresponsive to variation in skill im-
balances across states. Third, adjustment is instead associated with reallocation within
employment — higher mismatch is associated with more transitions from formal to
informal work, fewer transitions into formal jobs, and a large and precisely estimated
net shift toward informality that is robust across all specifications. Self-employment is
associatedwith a partial absorptive role undermoderate imbalances but cedes to infor-
mality as the dominant destination when mismatch is severe. Fourth, average wages
are lower in states with higher mismatch, a pattern driven by composition rather than
wage compressionwithin sectors. Fifth, decomposing the index reveals that these asso-
ciations are concentrated at the top of the skill distribution: excess supply of university
graduates is significantly associated with higher informality rates among that group.
Associations for low-, medium-, and upper-medium-skilled workers are uniformly in-
significant, a finding that is itself informative: the persistent underrepresentation of
low-skilled workers among the unemployed is not associated with lower informality

3



among that group, consistent with the low-skilled informal sector being structurally
separate from the formal labor market rather than a transitory queue.

These results speak to a broader debate about the consequences of educational ex-
pansion in developing economies. A growing literature documents that rising edu-
cational attainment across Latin America has been accompanied by declining returns
to tertiary education in the 2000s, a pattern that reflects both supply-side expansion
and shifts in the relative demand for skilled labor (Gasparini et al., 2011). Campos-
Vázquez et al. (2016) document that college-educated workers in Mexico have expe-
rienced significant absolute wage declines since 2000, with older cohorts particularly
affected. Goldin and Katz (2008) frame the analogous process in the United States as
a race between education and technology. In developing economies, the relevant race
is different: it is not only between education and technology, but between educational
expansion and the capacity of the formal sector to create high-skill jobs. Where educa-
tional attainment outpaces formal job creation, the associated outcomes appear to be
not higher unemployment but higher informality and lowerwages. This distinction be-
tween a matching friction and a structural demand constraint is the organizing insight
of the paper.

Our contribution is threefold. First, we provide evidence that informality, not un-
employment, is the margin most strongly associated with skill mismatch in a large
developing economy, extending the insight of Flórez and Gómez (2024) from Colom-
bia to Mexico and grounding it in a longer panel with richer transition data. Second,
we show that the association between mismatch and informalization is concentrated
among excess supply of university-educated workers, consistent with a structural in-
terpretation in which formal high-skill job creation has not kept pace with educational
expansion, rather than a general matching failure. Third, we document that average
wages are lower in states with higher mismatch, a pattern consistent with a composi-
tion effect — as the share of workers in lower-paying informal jobs rises — rather than
wage compression within sectors.

The policy implications are direct but nuanced. The association between educa-
tional expansion and informality suggests that expanding access to education without
complementary policies that promote formal high-skill job creation may be associated
with lower employment quality rather than higher. At the same time, the absence of
any association between the persistent shortage of low-skilled workers and their in-
formality rates suggests that the composition of educational investment may matter as
much as its scale: policies that improve the alignment between skill supply and formal
labor demand, through vocational training, technical education, and sector-specific in-
dustrial policy, may be as important as further expansion of university enrollment.
Demand-side interventions that support structural transformation, reduce barriers to
firm formalization, and encourage investment in high-productivity sectors are comple-
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ments to educational investment, not substitutes. These needs seem to bemost acute in
Mexico’s Center and South, where our results suggest that compositional imbalances
are most severe and formal labor markets are least developed.

1.1 Related Literature

This paper connects to four strands of literature.
The first is the extensive literature on overeducation and skill mismatch. Early work

documents that workers whose education exceeds job requirements earn lower wages
and report lower job satisfaction, reflecting inefficient allocation of human capital (Har-
tog, 2000; McGuinness, 2006). Job-matching models provide a theoretical foundation,
linking mismatch to turnover and career mobility as workers seek better fits over time
(Jovanovic, 1979; Sicherman and Galor, 1990). More recent work extends the frame-
work to aggregate outcomes, connecting mismatch to productivity losses and alloca-
tive inefficiency (AdaletMcGowan andAndrews, 2015; Baley et al., 2022). This body of
evidence, however, is built almost entirely on advanced economies, where unemploy-
ment and wages are the natural margins of adjustment and vacancy data are available
to construct occupation-based mismatch measures. We depart from this tradition in
two respects: we operate in a context where the informal sector provides an additional
adjustment margin, and we construct a supply-demand mismatch index using educa-
tional attainment— the only skill measure available for unemployed individuals in our
data — rather than occupational classification.

The second strand is the literature on informality and labor market dualism in de-
veloping countries. Informal employment is a defining feature of labor markets in
emerging economies and has been interpreted both as a refuge for excluded workers
and as a margin of adjustment to shocks (Perry et al., 2007; La Porta and Shleifer, 2014;
Ulyssea, 2020). In Latin America, the informal sector plays a central role in absorb-
ing labor market fluctuations (Bosch and Maloney, 2010). Bosch and Maloney (2010)
show that transitions between formal and informal employment are empirically im-
portant in Argentina, Brazil, and Mexico, though their interpretation differs across in-
formal margins: self-employment appears closer to voluntary entry, while informal
salaried work is more consistent with queuing, especially among younger workers. In-
stitutional rigidities and regulatory constraints that limit formal job creation generate
persistent gaps in wages, productivity, and social protection between the two sectors
(Fields, 2005; Levy, 2008). We build on this literature by documenting that skill mis-
match is associated with reallocation toward informality, a pattern consistent with ed-
ucational expansion outpacing formal high-skill job creation.

The third and most directly related strand is the emerging literature linking skill
mismatch to labor market outcomes in developing economies. Aleksynska and Kolev
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(2021) document, using household data from fifteen countries in Latin America and
Africa, that workers in informal jobs are systematically more likely to be underedu-
cated relative to their formal counterparts—measured using an education-occupation
matching approach — and that this mismatch-informality nexus intensifies in labour
markets with higher overall informality rates. Flórez andGómez (2024) show thatmis-
match is associated with higher worker turnover, informality, hirings, and separations
in Colombia while having limited effects on unemployment, highlighting reallocation
as the key adjustment mechanism. Our paper builds on this insight but differs in two
important ways. First, we focus on macro-level imbalances between the skill composi-
tion of labor supply and demand— ameasure that captures compositional divergence
between the educational distribution of job seekers and that of salaried workers, rather
than individual-level matching failures. Second, we exploit rich geographic variation
across Mexico’s 32 states over two decades, allowing us to speak to the aggregate con-
sequences of educational expansion and to quantify the role of specific skill groups
— particularly university graduates — in the association between mismatch and infor-
malization.

Finally, this paper connects to the literature on educational expansion and labor
market outcomes in Latin America. Rising educational attainment across the region
has been accompanied by declining returns to tertiary education in the 2000s, a pattern
that reflects both supply-side expansion and shifts in the relative demand for skilled
labor (Gasparini et al., 2011). Levy and López-Calva (2020) attribute this pattern in
Mexico to persistent resource misallocation toward low-productivity informal firms,
which are less intensive in educated workers: as misallocation shifts the composition
of labor demand toward less-educated workers, it compresses the wage premium and
lowers the returns to schooling even as the supply of educated workers continues to
rise. Campos-Vázquez et al. (2014) document the parallel rise and fall of income in-
equality in Mexico over the same period, providing evidence of the distributional con-
sequences of these labor market shifts. Our results complement this evidence by doc-
umenting an employment-quality channel: higher mismatch is associated with higher
informality and lower average wages rather than higher unemployment, with associ-
ations concentrated among university graduates. The simultaneous underrepresenta-
tion of low-skilled workers among the unemployed — and its lack of association with
informality rates among that group — suggests a deeper structural segmentation that
educational policy alone may be unable to resolve.

1.2 Organization of the Paper

The remainder of the paper is organized as follows. Section 2 describes the data, de-
fines excess demand and excess supply, and presents the Skill Mismatch Index at the
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national level. Section 3 extends the analysis to the regional and state levels, document-
ing patterns of geographic heterogeneity in the SMI thatmotivate thewithin-state iden-
tification strategy. Section 4 presents the main empirical results, covering labor market
stocks, worker transition flows, wages, and the skill-group decomposition. Section 5
summarizes themain findings and discusses their policy implications. Supplementary
figures and tables are reported in Appendix A, skill-group decomposition results for
additional outcomes are reported in Appendix B, and robustness checks are reported
in Appendix C.

2 Skills Mismatch Index at the National Level

This section constructs the Skill Mismatch Index (SMI) used throughout the paper. We
first describe the data and define proxy measures of labor supply and demand by skill
level. We then document patterns of excess supply and excess demand across skill
groups before constructing the aggregate index. Three findings stand out: Mexico’s
workforce has shifted steadily toward higher educational attainment over the sample
period; low-skilledworkers face persistent excess demandwhile highly educatedwork-
ers face increasing excess supply; and aggregate mismatch has risen since 2014 and re-
mains elevated through the end of the sample, reflecting imbalances that have grown
more pronounced at both ends of the skill distribution.

2.1 Data

The analysis draws on data from Mexico’s National Survey of Occupation and Em-
ployment (Encuesta Nacional de Ocupación y Empleo, ENOE), collected by the National
Institute of Statistics andGeography (InstitutoNacional de Estadı́stica y Geografı́a, INEGI)
from the first quarter of 2005 to the fourth quarter of 2024.1 The ENOE is Mexico’s pri-
mary labor market survey and is designed as a rotating panel that follows households
over multiple quarters, providing detailed quarterly information on employment, un-
employment, and labor force participation, along with rich demographic and occupa-
tional characteristics.

We restrict the sample to salaried employees working under subordination, aged
15–75. The lower bound of 15 follows the ENOE’s definition of the working-age popu-
lation and is standard in the literature on Mexican and Latin American labor markets,

1Due to the COVID-19 pandemic, the ENOE was temporarily replaced by the Telephone Survey
of Occupation and Employment (Encuesta Telefónica de Ocupación y Empleo, ETOE) during the second
quarter of 2020 (April–June); given its limited representativeness, we exclude this quarter from all es-
timations in Section 4. From July 2020, INEGI resumed regular labor market data collection under the
NewEdition (ENOEN), incorporatingmethodological improvements to strengthen post-pandemic data
continuity.
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where youth labor force participation is substantial. In Mexico, the labor force par-
ticipation rate for individuals aged 15–24 was approximately 44% in the fourth quar-
ter of 2024 (authors’ calculations from ENOE), substantially above levels observed in
continental European economies where this age group is predominantly in full-time
education. Imposing a lower bound of 24, as is conventional in studies of advanced
economies, would systematically exclude a significant share of low-skilled workers
who enter the labor market before completing upper secondary education, biasing the
skill composition measures upward toward higher educational attainment. The upper
bound of 75 excludes individuals for whom labor force attachment is limited; labor
force participation rates fall below 14% above this threshold in the fourth quarter of
2024 (authors’ calculations from ENOE). We restrict attention to salaried employees
working under subordination because this segment most directly reflects firms’ de-
mand for skills; self-employed andunpaidworkers are excluded since self-employment
encompasses heterogeneous activities ranging fromentrepreneurship to necessity-driven
informal work, which would contaminate the skill composition of the salaried work-
force and obscure the demand-side signal the index is designed to capture.2

Workers are classified into four skill levels based on self-reported educational at-
tainment. Low-skilled workers have completed at most primary education; medium-
skilledworkers have completed atmost secondary education; the upper-mediumgroup
includes individuals who have completed high school, normal school, or a technical ca-
reer; and high-skilled workers hold a bachelor’s degree or higher.3 This classification
follows the institutional structure of Mexico’s educational system and maps directly
onto the ENOE’s own categories, while preserving sufficient cell sizes for reliable esti-
mation at the state-quarter level.

Figure 1 presents the distribution of the workforce by skill level across quarterly
observations from 2005 to 2024. A clear long-term pattern emerges: the composition
of Mexico’s workforce has shifted steadily toward higher levels of educational attain-
ment. In particular, the share of low-skilledworkers declinesmarkedly over the sample
period, while the shares of upper-medium- and high-skilled workers increase. This
transformation reflects persistent structural forces — expanded access to secondary
and tertiary education and sustained improvements in schooling attainment— that are
well-documented for Mexico and Latin America more broadly (Gasparini et al., 2011;
Campos-Vázquez et al., 2016). The dashed vertical line marks the onset of the COVID-
19 pandemic, which introduced short-term volatility in labor market indicators. Nev-
ertheless, the upward trend in educational attainment resumes after this disruption,

2Nevertheless, Section 4 explicitly examines whether skill mismatch affects transitions into self-
employment.

3The ENOE classifies educational attainment into ten categories: none, preschool, primary, sec-
ondary, high school (preparatoria or bachillerato), normal school (teacher training), technical career, pro-
fessional (bachelor’s degree), master’s degree, and doctorate.
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Figure 1: Evolution of the Workforce Skill Composition in Mexico, 2005–2024

Notes: The figure reports the share ofworkers in each skill category— low,medium, upper-medium, and
high— across quarterly observations from 2005q1 to 2024q4. The dashed vertical line marks the second
quarter of 2020, based on ETOE data. Numbers in parentheses in the legend report the time-averaged
share of each skill category over the full sample period.

consistent with the view that the underlying drivers of skill upgrading reflect long-run
institutional and demographic factors that persist beyond the pandemic shock.

These developments point to a structural tension at the heart of Mexico’s labor mar-
ket: educated labor supply has expanded rapidly while the creation of high-skill jobs
has lagged behind. In economies characterized by structural rigidities and large infor-
mal sectors, such imbalances need not translate into higher unemployment; instead,
they may generate reallocation toward informal employment, with associated produc-
tivity costs (Levy, 2008; Ulyssea, 2020). Whether this mechanism operates in Mexico
— and through which margins — is the central question of Section 4.

2.2 Excess Supply and Demand

The construction of the SMI follows the equilibrium mismatch framework proposed
by Estevão and Tsounta (2011), which measures imbalances between the skill compo-
sition of labor supply and demand without requiring vacancy data. This approach is
particularly suited to the Mexican context, where nationally representative official va-
cancy statistics are unavailable and adjustments to skill imbalances are more likely to
occur through reallocation across employment types than through changes in unem-
ployment.

The framework requires measures of both supply and demand for each skill level
j ∈ {low, medium, upper-medium, high}: (i) Supply (Sj) is defined as the proportion
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of unemployed individuals with skill level j, capturing the pool of workers immedi-
ately available to enter employment. (ii) Demand (Dj) is defined as the proportion of
salaried workers in subordinated employment with skill level j.4 By construction, both
Sj andDj take values between 0 and 1. This measure captures equilibrium mismatch, re-
flecting the allocation of workers across employment states in the presence of search
frictions, institutional rigidities, and limited job creation, rather than vacancy-based
mismatch. This distinction is particularly relevant in labor markets with large informal
sectors such as Mexico’s.

Figure 2 presents the evolution of the skill composition of both the unemployed
population (Supply, S) and salaried workers in subordinated employment (Demand,
D). Systematic differences emerge between the skill distribution of the unemployed
population and that of salaried employment. On average, the demand side is char-
acterized by a relatively higher share of low-skilled workers (24%) compared to the
supply side, where only 18% of unemployed individuals are low-skilled. Conversely,
26% of unemployed individuals are high-skilled compared to 24% on the demand side.
This pattern reflects a persistent excess supply of highly educated workers alongside a
relative shortage of low-skilled labor in salaried employment.

We define excess supply or demand for each skill level j as the difference between
the share of unemployedworkers and the share of salaried employment: (i) ifSj−Dj >

0, skill level j exhibits excess supply; (ii) if Sj−Dj = 0, themarket for skill j is balanced;
(iii) if Sj−Dj < 0, skill level j exhibits excess demand. Since both Sj andDj lie between
0 and 1, their difference ranges from−1 to 1, where values closer to 1 indicate stronger
excess supply and values closer to −1 indicate stronger excess demand.

Figure 3 presents the evolution of these imbalances over time. Several persistent
patterns emerge. Low-skilled workers display a sustained shortage throughout the
sample period, consistent with the declining share of this group in the workforce.
Medium-skilledworkers begin the periodwith amodest surplus but gradually shift to-
ward excess demand, suggesting that declining medium-skilled labor supply has been
accompanied by stable or growing demand. Upper-medium-skilled workers exhibit a
mild surplus that becomes more pronounced after 2014. High-skilled workers alter-
nate between shortage and surplus in the early years, but from the mid-2010s onward
the pattern stabilizes into sustained excess supply, indicating that the expansion of ter-
tiary education has outpaced the capacity of salaried employment to absorb highly

4In contrast to Estevão and Tsounta (2011), who approximate supply using the entire working-age
population, our baselinemeasure focuses on individualswho are immediately available to enter employ-
ment, providing a more direct measure of the skill composition of active job seekers. Ideally, demand
would be measured using the skill requirements of posted vacancies. In the absence of vacancy data
for Mexico, we proxy demand using the educational composition of salaried employment — that is, the
distribution of workers across educational levels within subordinated wage jobs, encompassing both
formal and informal salaried employment. In Section 4.3, we relax the supply assumption and replicate
the main results using the full working-age population as an alternative supply measure.
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Figure 2: Skill Composition of Labor Supply and Demand, 2005–2024

(a) Supply S

(b) Demand D

Notes: Panel (a) reports the skill composition of labor supply, measured as the share of unemployed
individuals with each skill level. Panel (b) reports the skill composition of labor demand, measured as
the share of salaried workers in subordinated employment with each skill level. The dashed vertical line
marks the second quarter of 2020, based on ETOE data. Numbers in parentheses in the legend report
the average share of each skill category over the full sample period.

educated workers. Overall, these patterns point to a structural polarization: shortages
at the lower end of the skill distribution coexist with growing oversupply at the top.

It is worth noting that the excess supply and demand measures are constructed us-
ing shares rather than absolute numbers. This is a deliberate methodological choice
rather than a limitation. The SMI is designed to capture the structural alignment be-
tween the skill composition of labor supply and demand — that is, whether the dis-
tribution of skills among job seekers matches the distribution of skills required by em-
ployers. A share-based measure is the natural tool for this purpose, given that what
matters for equilibriummismatch is whether the proportions of each skill type on both
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Figure 3: Excess Supply and Excess Demand by Skill Level, 2005–2024

Notes: The figure plots the difference Sjt − Djt for each skill level j, where positive values indicate
excess supply and negative values indicate excess demand (shortage). The dashed vertical line marks
the second quarter of 2020, based on ETOE data. The numbers in parentheses in the legend report the
average value of each series over the full sample period.

sides of the market are aligned, not the raw volume of workers in excess supply or de-
mand. Amarket inwhich 30% of unemployedworkers are high-skilled but only 10% of
salaried jobs are held by high-skilled workers is structurally misaligned regardless of
whether there are 1,000 or 100,000 high-skilled unemployedworkers in absolute terms.
This is the concept of equilibriummismatch introduced by Estevão and Tsounta (2011)
and adopted throughout this paper.

2.3 Skill Mismatch Index

Having defined supply and demand for each skill level, we construct the National Skill
Mismatch Index (SMI), which summarizes the overall imbalance between the skill
composition of labor supply and salaried labor demand:5

SMINational
t =

∑
j

|Sjt −Djt| , (1)

where t denotes the quarter and j ∈ {low,medium,upper-medium,high} indexes skill
levels. By construction, the National SMI ranges between 0 and 2. The index equals
zero when the skill composition of labor supply coincides exactly with that of salaried

5The construction of this index treats Mexico as an integrated labor market. Section 3 allows for
regional heterogeneity and local labor market frictions.
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Figure 4: National Skill Mismatch Index and Skill-Level Contributions, 2005–2024

Notes: The bars report the contribution of each skill group— low, medium, upper-medium, and high—
to the total Skill Mismatch Index in each quarter. The line plots the aggregate National SMI, computed
following Equation 1. The dashed vertical line marks the second quarter of 2020, based on ETOE data.
The values in parentheses in the legend report the average SMI over the full sample period and the
average contribution of each skill group to total mismatch.

labor demand across all skill groups. The upper bound of 2 corresponds to a situation
in which the distributions of supply and demand are completely non-overlapping —
that is, all skill groups in excess supply on one side have zero representation on the
other. Higher values indicate larger aggregate imbalances between the skill composi-
tion of labor supply and demand.

Figure 4 shows that the SMI declined gradually between 2005 and 2014, likely re-
flecting the gradual adjustment of labor demand to the expansion of secondary and
tertiary education during the early 2000s, as firms progressively absorbed the growing
supply of medium- and upper-medium-skilled workers. After 2014, however, the in-
dex rises steadily and remains elevated through the end of the sample. The COVID-19
pandemic temporarily amplified these imbalances, but the subsequent persistence of
high mismatch confirms that the underlying drivers are structural rather than cyclical.

Decomposing the index by skill group reveals that low-skilled workers account for
the largest share of total mismatch (40%), followed by upper-medium (25%) and high-
skilled workers (21%). Importantly, the sources of mismatch differ across the skill dis-
tribution. At the lower end, mismatch reflects persistent shortages of low-skilled labor,
consistent with the long-run decline in the supply of workers with only primary edu-
cation. At the upper end, mismatch reflects excess supply of highly educated workers,
indicating that the expansion of tertiary education has outpaced the growth of high-
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skill employment opportunities in salaried work.
Taken together, these results point to a structural reallocation process inwhichMex-

ico’s labormarket faces simultaneous shortages at the lower end of the skill distribution
and growing oversupply at the top. These national-level patterns, however, mask sub-
stantial geographic heterogeneity across Mexico’s states and regions, which we docu-
ment in the next section and which forms the basis for identification in the empirical
analysis that follows.

2.4 Methodological Justification

The construction of the SMI is shaped by the features of the available data. Two con-
straints rule out the most common alternatives in the literature. First, the ENOE does
not record occupational information for unemployed individuals, making occupation-
based mismatch measures —whether vacancy-matching indices (Şahin et al., 2014) or
individual-level overeducation classifications (Hartog, 2000) — infeasible for our ap-
plication: without an occupation for the unemployed, it is impossible to assesswhether
their skills match available jobs at the occupational level. Second, consistent vacancy
data disaggregated by skill and state-quarter are not available forMexico over the sam-
ple period, ruling out direct vacancy-matching approaches altogether.

The equilibrium mismatch framework of Estevão and Tsounta (2011) circumvents
both constraints. It classifies workers by educational attainment, which is observed
for all individuals regardless of employment status, and requires only the skill com-
position of the unemployed and of salaried workers — both directly and consistently
available in the ENOE at the state-quarter level over the full 2005–2024 sample. Educa-
tional attainment serves as a proxy for skills when direct skill measures are unavailable,
following standard practice in the mismatch literature (Hartog, 2000). This approach
captures equilibriummismatch, reflecting the allocation ofworkers across employment
states after search frictions, institutional rigidities, and limited job creation have al-
ready operated, rather than vacancy-based mismatch, which reflects unfilled positions
before adjustment. This distinction is particularly relevant in labor markets like Mex-
ico’s, where adjustment to skill imbalances is more likely to occur through reallocation
across employment types than through changes in unemployment.

Our specificationdeparts fromEstevão andTsounta (2011) in several respects. First,
rather than using the full working-age population as the supply proxy, we restrict the
supply measure to the unemployed — those actively seeking work — on the grounds
that job seekers constitute the effective skill supply facing employers at each point
in the business cycle. Employed workers are already matched and do not exert mis-
match pressure; the inactive are not competing for jobs.6 Second, whereas Estevão

6This choice focuses onworkers actively searching for employment, but it does not capture on-the-job
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and Tsounta (2011) measure skill demand as the industrial composition of employ-
ment, classifying industries by their skill intensity using an external benchmark year,
we measure demand directly as the educational composition of salaried workers in
subordinated employment. This approach avoids the need for an external benchmark
and captures demand-side skill requirements as revealed by actual hiring decisions
rather than industry-level averages, making it more directly comparable to the supply
measure and better suited to tracking within-state variation over time. Third, we dis-
tinguish four skill groups — low, medium, upper-medium, and high — compared to
three in Estevão and Tsounta (2011), allowing finer resolution at the upper end of the
skill distribution where excess supply is most pronounced. Fourth, our panel is con-
structed at the state-quarter frequency over 2005–2024, providing substantially greater
temporal granularity than the annual or cross-sectional frameworks used in prior ap-
plications of this index.

Section 4.3 confirms that the informality stock result is robust to using the original
Estevão and Tsounta (2011) supply definition. The flow results, however, attenuate to
insignificance under the broader proxy— a pattern that is itself informative: transition
flows aremore closely tied to the pool of active job seekers than to the broaderworking-
age population, which conflates employed, inactive, and searching workers. This at-
tenuation therefore supports the preferred specification rather than casting doubt on
it.

3 Skill Mismatch Index at the Regional and State Level

The substantial variation in skill mismatch documented across Mexico’s 32 states and
four regions provides the empirical basis for the analysis in Section 4. Within-state
variation in the SMI over time — after absorbing state and time fixed effects and state-
specific linear trends — provides the empirical variation used to estimate the associa-
tion between skill imbalances and labor market outcomes in the dynamic fixed-effects
framework that follows. This section documents the geographic distribution of the
SMI at the regional and state levels, highlighting patterns of excess supply and excess
demand that reflect persistent structural disparities in Mexico’s labor market.

search, informal workers seeking formal employment or vice versa, or inactive individuals who may be
available for work. A broader measure of effective labor supply that incorporates these margins would
require information on job search intensity that is not consistently available in the ENOE over the full
sample period.
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3.1 Regional Level SMI

Figure 5 presents the Regional SMI across Mexico’s four geographic regions: North,
Center-North, Center, and South.7 Each region is treated as an independent labor mar-
ket, and the Regional SMI is computed following the same methodology as the Na-
tional SMI in Section 2:

SMIRegionalit =
∑
j

|Sijt −Dijt| , (2)

where i denotes the region, t the quarter, and j the skill level. Here, Sijt and Dijt de-
note the supply and demand shares of skill group j in region i at time t, respectively,
constructed following the same definitions as in Section 2. As with the national index,
each Regional SMI ranges from 0 to 2.

Before examining mismatch, it is useful to consider the underlying workforce com-
position. Figure A.1 shows that all regions exhibit the same broad trend toward higher
educational attainment over time documented at the national level, but with persistent
differences in levels. The South consistently records the highest share of low-skilled
workers (28%) and, together with the Center-North, the lowest share of high-skilled
workers (23%), reflecting long-standing gaps in educational attainment. The North,
by contrast, has the lowest average share of low-skilled workers (19%) and the highest
share of high-skilledworkers (25%), indicating amore educatedworkforce. TheCenter
and Center-North occupy intermediate positions, though with notable differences: the
Center-North has a higher share of low-skilled workers (26%) than the Center (22%),
while both regions have shifted gradually toward higher skill levels over the sample
period.

These compositional differences translate directly into differences inmismatchmag-
nitude and persistence (Figure 5). The North and Center-North are characterized by
relatively low and stable mismatch, with average Regional SMI values of 0.10 for both
regions. Imbalances in these regions fluctuate narrowly around zero and are drivenpri-
marily by low- and medium-skilled workers, with only a temporary spike during the
COVID-19 shock in 2020. By contrast, the Center and South exhibit higher and more
persistent mismatches, with average Regional SMI values of 0.16 and 0.23 respectively.
In both regions, mismatch begins rising around 2015 and remains elevated through the
end of the sample, consistent with the national trend documented in Section 2.

Figure 6 reveals the sources of these imbalances more clearly. The South exhibits
the most severe imbalances of any region (SMI = 0.23), combining sustained excess

7The regional classification follows the Bank of Mexico’s Report on Regional Economies. The North
includes Baja California, Coahuila, Chihuahua, Nuevo León, Sonora, and Tamaulipas; the Center-North
comprises Aguascalientes, Baja California Sur, Colima, Durango, Jalisco, Michoacán, Nayarit, San Luis
Potosı́, Sinaloa, and Zacatecas; the Center consists of Mexico City, Guanajuato, Hidalgo, the State of
Mexico, Morelos, Puebla, Querétaro, and Tlaxcala; and the South encompasses Campeche, Chiapas,
Guerrero, Oaxaca, Quintana Roo, Tabasco, Veracruz, and Yucatán.
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demand for low-skilled workers — which account for 39% of total mismatch — with
persistent oversupply of high-skilled labor (30%), a pattern consistent with an econ-
omy in which tertiary education has expanded rapidly but high-skill job creation has
lagged far behind. In the North and Center-North, excess supply and excess demand
fluctuate narrowly around zero, indicating broadly balanced labor markets across skill
groups. The Center shows persistent excess demand for low-skilled workers alongside
excess supply of upper-medium and high-skilled workers, reflecting a structural gap
between the educational composition of the workforce and that of salaried employ-
ment.

Importantly, the shortage of low-skilled workers is widespread across all four re-
gions, suggesting that it reflects the long-run structural decline in the supply ofworkers
with only primary education rather than localized demand shocks. This observation
is consistent with the national trends documented in Section 2 and supports the use of
state fixed effects in the empirical analysis, which absorb time-invariant regional dif-
ferences in labor market structure while exploiting within-state variation in the SMI to
estimate the association between skill imbalances and labor market outcomes.
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Figure 5: Regional Skill Mismatch Index and Skill-Level Contributions, 2005–2024

(a) North (b) Center-North

(c) Center (d) South

Notes: Each panel reports the contribution of each skill group — low, medium, upper-medium, and high — to the Regional SMI in each quarter (bars), along
with the aggregate Regional SMI (line), for the North (a), Center-North (b), Center (c), and South (d). The Regional SMI is computed following Equation 2.
The dashed vertical line marks the second quarter of 2020, based on ETOE data. The values in parentheses in the legend report the average Regional SMI over
the full sample period and the average contribution of each skill group to total mismatch, expressed as a percentage.
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Figure 6: Excess Supply and Excess Demand by Region and Skill Level, 2005–2024

(a) North (b) Center-North

(c) Center (d) South

Notes: Each panel plots the difference Sijt−Dijt for each skill level j in region i, where positive values indicate excess supply and negative values indicate excess
demand (shortage). Panels correspond to the North (a), Center-North (b), Center (c), and South (d). The dashed vertical line marks the second quarter of 2020,
based on ETOE data. The numbers in parentheses in the legend report the average value of each series over the full sample period.
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3.2 State Level SMI

To capture finer heterogeneity, we extend the analysis to Mexico’s 32 federal entities by
computing a state-level SMI (hereafter, the State SMI):8

SMIStateit =
∑
j

|Sijt −Dijt| , (3)

where i now denotes the state. Table 1 reports the average State SMI and the contribu-
tion of each skill group to total mismatch, and Table 2 reports the average excess supply
and excess demand by state and skill level over the full sample period.

The state-level results confirm and sharpen the regional patterns. Within theNorth,
mismatch contributions are relatively evenly distributed across skill groups, with State
SMI values ranging from 0.14 to 0.18. No single skill group dominates: low- and
medium-skilled workers account for the largest shares in Chihuahua and Coahuila,
while high-skilledworkers contribute substantially in Baja California (28%) andNuevo
León (27%). The Center-North shows slightly greater heterogeneity, with values be-
tween 0.13 and 0.23. The upper end of this range is driven byMichoacán (SMI = 0.23),
where pronounced shortages of low-skilled labor (−0.06) coexist with an unusual ex-
cess supply of high-skilledworkers (+0.04)—apatternmore reminiscent of the Center
and South than of the broader Center-North region. San Luis Potosı́ similarly records
a large low-skilled shortage (−0.06), though its overall SMI is more moderate (0.19).

The Center displays some of the highest mismatches in the country. Puebla (0.32)
and Hidalgo (0.28) stand out as states where imbalances are concentrated at both ends
of the skill distribution — acute shortages of low- and medium-skilled workers coexist
with substantial surpluses of high-skilled labor. Puebla records the largest deficit of
low-skilled workers in the Center (−0.11) alongside a high-skilled surplus of +0.10,
reflecting a particularly severe structural mismatch between educational attainment
and labor demand.

The South records the most extreme mismatches of any region. Chiapas has the
highest State SMI of any federal entity at 0.40, combining an acute shortage of low-
skilled labor (−0.15) with a large surplus of high-skilled workers (+0.13). Veracruz
(0.32) and Yucatán (0.27) exhibit similarly polarized imbalances. These patterns are
consistent with economies in which the expansion of tertiary education has outpaced
the growth of high-skill employment, leaving a large share of university graduates in
jobs below their qualifications.

Taken together, the regional and state-level evidence points to a persistent struc-
tural polarization in Mexico’s labor market: shortages of low-skilled workers coexist
with surpluses of highly educated labor, particularly in the Center and South. This

8Table A.1 in the Appendix reports the average workforce share of each state over the sample period.
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Table 1: State Skill Mismatch Index and Skill-Level Contributions, 2005–2024

Region State Low Medium Upper-Medium High SMI

North

Baja California 24% 22% 26% 28% 0.15
Coahuila 22% 32% 23% 23% 0.14
Chihuahua 30% 22% 23% 25% 0.17
Nuevo León 22% 28% 23% 27% 0.14
Sonora 25% 28% 23% 24% 0.18
Tamaulipas 25% 26% 24% 25% 0.16

Center-North

Aguascalientes 26% 24% 23% 27% 0.13
Baja California Sur 22% 30% 24% 24% 0.20
Colima 26% 27% 24% 23% 0.14
Durango 23% 31% 19% 27% 0.17
Jalisco 31% 27% 23% 19% 0.15
Michoacán 29% 28% 19% 24% 0.23
Nayarit 26% 23% 21% 30% 0.19
San Luis Potosı́ 33% 21% 26% 20% 0.19
Sinaloa 31% 22% 24% 23% 0.19
Zacatecas 25% 28% 18% 29% 0.19

Center

Ciudad de México 25% 19% 34% 22% 0.13
Guanajuato 32% 26% 24% 18% 0.13
Hidalgo 28% 24% 18% 30% 0.28
Estado de México 28% 21% 25% 26% 0.19
Morelos 28% 20% 16% 36% 0.25
Puebla 38% 14% 15% 33% 0.32
Querétaro 24% 27% 23% 26% 0.15
Tlaxcala 29% 22% 18% 31% 0.23

South

Campeche 31% 17% 19% 33% 0.27
Chiapas 37% 14% 15% 34% 0.40
Guerrero 28% 19% 26% 27% 0.23
Oaxaca 25% 24% 24% 27% 0.20
Quintana Roo 24% 23% 31% 22% 0.16
Tabasco 35% 17% 21% 27% 0.21
Veracruz 38% 16% 19% 27% 0.32
Yucatán 37% 17% 21% 25% 0.27

Notes: The table reports, for each state, the average percentage contribution of each skill group — low,
medium, upper-medium, and high— to the total State SMI, along with the corresponding average State
SMI value. Contributions are expressed as percentages and sum to 100 within each state. The State
SMI is computed following Equation 3 and averaged over the period from 2005q1 to 2024q4. States are
grouped by region: North, Center-North, Center, and South. Cells are shaded in proportion to their
percentage contribution, with darker shading indicating skill groups that account for a larger share of
total mismatch within each state.

geographic heterogeneity — driven by differences in educational composition, indus-
trial structure, and formal sector development — provides the within-state variation
in the SMI that the dynamic fixed-effects models in Section 4 exploit to estimate the
association between skill imbalances and labor market outcomes.
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Table 2: Excess Supply and Excess Demand by State and Skill Level, 2005–2024

Region State Low Medium Upper-Medium High

North

Baja California -0.01 0.02 0.03 -0.03
Coahuila -0.02 0.03 0.01 -0.02
Chihuahua 0.01 0.01 0.01 -0.02
Nuevo León -0.03 0.03 0.02 -0.03
Sonora -0.03 0.02 0.03 -0.02
Tamaulipas -0.03 0.02 0.02 -0.01

Center-North

Aguascalientes -0.01 0.00 0.01 0.00
Baja California Sur -0.02 0.04 0.01 -0.04
Colima 0.00 0.01 0.00 -0.01
Durango -0.01 0.04 0.01 -0.03
Jalisco -0.03 0.02 0.02 -0.01
Michoacán -0.06 0.00 0.01 0.04
Nayarit 0.02 0.03 0.00 -0.05
San Luis Potosı́ -0.06 0.00 0.04 0.02
Sinaloa -0.05 0.01 0.03 0.01
Zacatecas -0.01 0.03 0.01 -0.03

Center

Ciudad de México -0.03 0.00 0.04 -0.01
Guanajuato -0.02 0.01 0.01 0.00
Hidalgo -0.07 -0.04 0.03 0.08
Estado de México -0.05 -0.03 0.05 0.04
Morelos -0.07 -0.04 0.02 0.09
Puebla -0.11 -0.03 0.04 0.10
Querétaro 0.00 0.00 0.02 -0.02
Tlaxcala -0.06 -0.04 0.04 0.07

South

Campeche -0.08 -0.03 0.03 0.08
Chiapas -0.15 -0.03 0.05 0.13
Guerrero -0.05 -0.02 0.03 0.04
Oaxaca -0.03 -0.02 0.02 0.03
Quintana Roo -0.03 -0.01 0.04 -0.01
Tabasco -0.07 -0.02 0.04 0.05
Veracruz -0.12 -0.01 0.05 0.08
Yucatán -0.10 -0.01 0.05 0.06

Notes: The table reports the average excess supply and excess demand of workers by state and skill
level, calculated as Sijt − Dijt and averaged over the period from 2005q1 to 2024q4. Positive values
indicate excess supply, meaning that skill group j is overrepresented among the unemployed relative
to its share in salaried employment. Negative values indicate excess demand (shortage), meaning that
skill group j is underrepresented among the unemployed relative to its share in salaried employment.
States are grouped by region: North, Center-North, Center, and South. Cells are color-coded to illustrate
the magnitude and sign of the mismatch: red for excess demand and green for excess supply.

4 Skill Mismatch and Labor Market Outcomes

We examine the association between skill mismatch and labor market outcomes us-
ing a dynamic two-way fixed-effects model that leverages within-state variation in the
SMI over time. The analysis covers both stocks — unemployment, informality, self-
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employment, and labor force participation rates— and flows, capturing transition rates
between employment and unemployment, across formal and informal employment,
and between salaried employment, self-employment, and inactivity.

4.1 Main Results

To identify the labor market effects of skill mismatch, we estimate the following dy-
namic two-way fixed-effects model at the state level:

Yit = ρ Yi,t−1 + β1 SMIi,t−1 + β2 SMI2i,t−1 + γi t+X ′
itδ + ηi + τt + εit. (4)

Here, Yit denotes the labor-market outcome of interest in state i at time t, and Yi,t−1 cap-
tures persistence in labor-market dynamics.9 Themain variables of interest are SMIi,t−1

and SMI2i,t−1, both lagged one quarter to allow time for mismatch to translate into labor
market adjustment and to mitigate concerns about reverse causality (see Section 4.3
for lead tests and alternative lag structure). The quadratic term allows for nonlinear
effects: the marginal impact of skill imbalances may differ depending on the prevail-
ing level of mismatch in the state.10 The term γi t denotes a state-specific linear time
trend, which absorbs smooth secular trends in labormarket outcomes and ensures that
identification comes from deviations around each state’s own trajectory rather than
from cross-state differences in long-run levels. The vector Xit includes state-level de-
mographic and labor-force controls, including the share of female workers, the share
of household heads, the distribution of workers across age groups,11 and the share of
workers by skill level.12 The model includes state fixed effects ηi and time fixed effects
τt. Standard errors are clustered at the state level; given the small number of clusters,
we reportwild bootstrap p-values alongside cluster-robust standard errors throughout.

Labor market stocks. Table 3 reports estimates for labor market stocks. The lagged
dependent variable enters positively and is highly significant across all outcomes, re-
flecting the well-documented persistence of labor market stocks at the state level. By

9The inclusion of the lagged dependent variable introduces a potential Nickell bias (Nickell, 1981);
however, with T = 80 quarters the bias is of order 1/T ≈ 0.013 and is negligible.

10The quadratic specification is motivated empirically: a linear-only specification yields weaker and
less precisely estimated effects on the key formality flow outcomes, consistent with the nonlinearity be-
ing substantive rather than incidental (see Table C.1). The negative quadratic term found for transitions
between formal and informal employment implies a concave relationship, with the marginal effect of
mismatch on informalization diminishing at higher levels of the index. A natural interpretation is that
at sufficiently high mismatch levels, the pool of workers still able to transition into formal employment
shrinks, attenuating the marginal impact of further imbalances. The quadratic is best understood as
a flexible approximation to the underlying relationship rather than a structural claim about functional
form.

11We consider five age groups: 15–25, 26–40, 41–50, 51–65, and 66–75.
12We use the same skill categories as in previous sections: low, medium, upper-medium, and high.
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Table 3: Effects of Skill Mismatch on Labor Market Stocks

(1) (2) (3) (4)
Variables (Yit) Unemployment Informality Self-Employment Inactivity

Yi,t−1 0.53*** 0.29*** 0.28*** 0.41***
(0.04) (0.05) (0.04) (0.04)
[0.00] [0.00] [0.00] [0.00]

SMIi,t−1 −0.01 0.01 0.01 0.01
(0.01) (0.01) (0.00) (0.01)
[0.65] [0.40] [0.24] [0.21]

SMI2i,t−1 0.01 −0.01* −0.00 −0.01
(0.01) (0.01) (0.00) (0.01)
[0.90] [0.07] [0.62] [0.57]

Controls Yes Yes Yes Yes
State FE Yes Yes Yes Yes
Time FE Yes Yes Yes Yes
State linear trends Yes Yes Yes Yes

Observations 2,496 2,496 2,496 2,496
States 32 32 32 32
R2 (within) 0.78 0.72 0.73 0.68

Outcome mean 0.06 0.47 0.24 0.41

Notes: Each column reports estimates from Equation 4. The dependent variable is indicated in the col-
umn header and expressed as a share of the relevant labor force. All specifications include a lagged
dependent variable, state and time fixed effects, state-specific linear time trends, and state-level demo-
graphic and labor force controls. Standard errors clustered at the state level are reported in parentheses.
Given the relatively small number of clusters (G = 32), wild bootstrap p-values (9,999 replications,
Rademacher weights, null imposed) are reported in brackets. ∗∗∗p < 0.01, ∗∗p < 0.05, ∗p < 0.10 based
on wild bootstrap p-values.

contrast, the linear SMI term is statistically insignificant across all four outcomes, with
bootstrap p-values ranging from 0.21 to 0.65. The quadratic term is likewise insignifi-
cant for unemployment, self-employment, and participation; the only exception is in-
formality, where SMI2i,t−1 is marginally significant at the 10% level (p = 0.07) with a
negative sign, suggesting a weakly concave relationship in which the marginal effect
of mismatch on the informality stock diminishes at higher levels of the index. The
implied marginal effect evaluated at the sample mean (SMI = 0.20) is approximately
0.006 + 2(−0.014)(0.20) ≈ 0.000— essentially zero, and negligible across the economi-
cally relevant range of mismatch. Taken together, skill mismatch is not associated with
detectable or economicallymeaningful changes in labormarket stocks once persistence,
fixed effects, state-specific trends, and controls are accounted for. These findings mo-
tivate our focus on flow outcomes, where adjustment to mismatch may occur more
directly.
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Table 4: Effects of Skill Mismatch on Labor Market Flows: Employment and
Informality

Employment–Unemployment Formality–Informality
(1) (2) (3) (4) (5) (6)

Variables (Yit) E→U U→E Net E↔U F→I I→F Net I↔F

Yi,t−1 0.18*** 0.05** 0.06** 0.06** 0.07** −0.11***
(0.03) (0.02) (0.02) (0.02) (0.03) (0.03)
[0.00] [0.01] [0.01] [0.03] [0.02] [0.00]

SMIi,t−1 −0.01*** −0.00 −0.00 0.01** −0.02** −0.04***
(0.00) (0.03) (0.03) (0.01) (0.01) (0.01)
[0.01] [0.99] [0.95] [0.04] [0.02] [0.00]

SMI2i,t−1 0.01 0.01 −0.01 −0.01** 0.01 0.05***
(0.00) (0.05) (0.05) (0.01) (0.01) (0.01)
[0.13] [0.79] [0.81] [0.04] [0.18] [0.01]

Controls Yes Yes Yes Yes Yes Yes
State FE Yes Yes Yes Yes Yes Yes
Time FE Yes Yes Yes Yes Yes Yes
State linear trends Yes Yes Yes Yes Yes Yes

Observations 2,496 2,494 2,494 2,496 2,496 2,496
States 32 32 32 32 32 32
R2 (within) 0.56 0.22 0.25 0.30 0.24 0.27

Outcome mean 0.02 0.41 −0.39 0.09 0.11 0.03

Notes: Each column reports estimates from Equation 4. The dependent variable is indicated in the col-
umn header. Directional transition rates (E→U, U→E, F→I, I→F) are expressed as quarterly transition
probabilities conditional on the origin state. Net flowmeasures (Net E↔U and Net I↔F) are defined as
the difference between the two corresponding conditional transition probabilities; because the two rates
share different denominators, these differences reflect comparisons of conditional transition probabili-
ties rather than population-level net flows. A negative coefficient on Net I↔F therefore indicates that
higher mismatch is associated with a lower probability of transitioning from informal to formal employ-
ment relative to the probability of transitioning from formal to informal employment. All specifications
include a lagged dependent variable, state and time fixed effects, state-specific linear time trends, and
state-level demographic and labor force controls. Standard errors clustered at the state level are reported
in parentheses. Given the relatively small number of clusters (G = 32), wild bootstrap p-values (9,999
replications, Rademacher weights, null imposed) are reported in brackets. ∗∗∗p < 0.01, ∗∗p < 0.05,
∗p < 0.10 based on wild bootstrap p-values.

Labor market flows: Employment and informality. Tables 4 and 5 examine adjust-
ment across all margins available to workers facing skill imbalances. For each pair of
labormarket states, we report directional transition rates and their net flow, where pos-
itive net flows indicate net movement toward the destination state.

Regarding transitions between employment and unemployment (Table 4, columns
1–3), higher mismatch is associated with a lower probability of moving from employ-
ment into unemployment (β̂1 = −0.01, p = 0.01), consistentwith skill imbalances being
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Table 5: Effects of Skill Mismatch on Labor Market Flows: Self-Employment and
Participation

(1) (2) (3)
Variables (Yit) Net E↔SE Net U↔SE Net A↔I

Yi,t−1 −0.02 0.01 −0.08***
(0.02) (0.03) (0.02)
[0.50] [0.85] [0.00]

SMIi,t−1 0.02* −0.02 0.02*
(0.01) (0.02) (0.01)
[0.08] [0.33] [0.06]

SMI2i,t−1 −0.02* 0.00 −0.01
(0.01) (0.03) (0.01)
[0.06] [0.92] [0.12]

Controls Yes Yes Yes
State FE Yes Yes Yes
Time FE Yes Yes Yes
State linear trends Yes Yes Yes

Observations 2,496 2,494 2,496
States 32 32 32
R2 (within) 0.35 0.09 0.54

Outcome mean −0.10 0.07 −0.07

Notes: Each column reports estimates from Equation 4. The dependent variable is indicated in the col-
umn header. Net flow measures (Net E↔SE, Net U↔SE, and Net A↔I) are defined as the difference
between the two corresponding conditional transition probabilities, where each directional rate is ex-
pressed as a quarterly transition probability conditional on the origin state. Because the two rates in each
netmeasure share different denominators, these differences reflect comparisons of conditional transition
probabilities rather than population-level net flows. Net E↔SE is defined as E→SEminus SE→E, so that
positive values indicate a higher probability of moving from salaried employment to self-employment
relative to the reverse. Net U↔SE is defined as U→SE minus SE→U, so that positive values indicate a
higher probability of moving from unemployment to self-employment relative to the reverse. Net A↔I
is defined as A→I minus I→A, so that positive values indicate a higher probability of moving toward
inactivity relative to the reverse. All specifications include a lagged dependent variable, state and time
fixed effects, state-specific linear time trends, and state-level demographic and labor force controls. Stan-
dard errors clustered at the state level are reported in parentheses. Given the relatively small number of
clusters (G = 32), wild bootstrap p-values (9,999 replications, Rademacher weights, null imposed) are
reported in brackets. ∗∗∗p < 0.01, ∗∗p < 0.05, ∗p < 0.10 based on wild bootstrap p-values.

associated with lower job dissolution rates. The quadratic term is positive but insignif-
icant (p = 0.13), and neither term is significant for the unemployment-to-employment
rate or the net flow, suggesting that mismatch is associated with unemployment dy-
namics primarily through separations rather than re-employment rates. The absence
of a net unemployment effect — consistent with lower separations — reinforces that
unemployment is not the operative adjustment margin, which the formality flow re-
sults clarify.
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The estimates for transitions between formal and informal employment (columns
4–6) constitute the paper’s central finding. Highermismatch is associatedwith a greater
probability of moving from formal to informal employment (p = 0.04), a lower prob-
ability of transitioning into formal employment (p = 0.02), and a large and precisely
estimated reduction in net formalization (β̂1 = −0.04, p = 0.00), indicating a net shift
toward informality. For the F→I transition and the net I↔F flow, both the linear and
quadratic terms enter significantly with opposite signs, consistent with a concave re-
lationship in which the marginal effect of mismatch on informalization diminishes at
higher levels of the index. The net flow result is particularly strong, with both terms
significant at the 1% level (p = 0.000 and p = 0.01, respectively). The consistent di-
rectional pattern across all three formality flow columns provides robust evidence that
skill mismatch operates primarily through reallocation between formal and informal
employment.

To assess economic significance, we evaluate the implied effects at the sample mean
(SMI = 0.2, σ = 0.1). A one-standard-deviation increase in the SMI is associatedwith a
reduction in net formalization of approximately (−0.04+2(0.05)(0.2))×0.1 ≈ 0.002, or
roughly 0.2 percentage points, representing approximately 8% of the sample mean net
formalization rate of 2.6 percentage points. Given that the average quarterly net formal-
ization rate is alreadymodest, an association of thismagnitude represents a substantive
drag on the pace at which workers transition into formal employment, underscoring
that skill mismatch is linked to meaningful reallocation away from formality rather
than merely statistically detectable shifts.

Labor market flows: Self-employment and participation. For self-employment (Ta-
ble 5, column 1), both the linear and quadratic terms on the net flow between salaried
employment and self-employment are significant at the 10% level with opposite signs
(β̂1 = 0.02, p = 0.08; β̂2 = −0.02, p = 0.06), indicating that at low levels of mis-
match there is a net shift toward self-employment, but this effect reverses as imbal-
ances become more severe. This pattern is consistent with self-employment serving as
a partial absorptive margin at moderate levels of mismatch, but losing this capacity as
imbalances become more pronounced, with informal salaried employment becoming
the dominant destination for displaced workers. The net flow between unemployment
and self-employment (column 2) is insignificant across both terms, indicating that the
unemployment-to-self-employment margin is unrelated to aggregate skill imbalances.
Finally, higher mismatch is associated with net movement into inactivity (column 3,
β̂1 = 0.02, p = 0.06), consistent with a pattern in which workers withdraw from the
labor force entirely.

Taken together, the flow results revealwhatmargins of adjustment prove to bemore
important in theMexican labormarket in light of imbalances in the supply and demand
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Table 6: Effects of Skill Mismatch on Log Real Hourly Wages

(1) (2) (3)
Variables (Yit) Log Hourly Wage Log Formal Hourly Wage Log Informal Hourly Wage

Yi,t−1 0.30*** 0.33*** 0.24***
(0.04) (0.04) (0.04)
[0.00] [0.00] [0.00]

SMIi,t−1 −0.03* −0.03 −0.02
(0.01) (0.02) (0.02)
[0.07] [0.10] [0.13]

Controls Yes Yes Yes
State FE Yes Yes Yes
Time FE Yes Yes Yes
State linear trends Yes Yes Yes

Observations 2,496 2,496 2,496
States 32 32 32
R2 (within) 0.76 0.73 0.67

Outcome mean 3.67 3.87 3.42

Notes: Each column reports estimates from a linear specification, omitting the quadratic SMI term re-
tained in Equation 4. The dependent variables are the average log real hourly wage (column 1), the av-
erage log real hourly wage among formal salaried workers (column 2), and the average log real hourly
wage among informal salaried workers (column 3). Hourly wages are computed as hot-deck-corrected
monthly labor income divided by monthly hours worked; nominal income is deflated to 2018 pesos.
The wage sample is restricted to salaried workers with positive hours and valid imputed income. The
quadratic term is excluded on parsimony grounds: it is uniformly insignificant under wild bootstrap in-
ference across all three outcomes (average wages: p = 0.503; formal wages: p = 0.109; informal wages:
p = 0.655), and the nonlinear adjustment cost mechanism documented for formality flows does not ex-
tend to hourlywages. All specifications include a lagged dependent variable, state and time fixed effects,
state-specific linear time trends, and state-level demographic and labor force controls. Standard errors
clustered at the state level are reported in parentheses. Given the relatively small number of clusters
(G = 32), wild bootstrap p-values (9,999 replications, Rademacher weights, null imposed) are reported
in brackets. ∗∗∗p < 0.01, ∗∗p < 0.05, ∗p < 0.10 based on wild bootstrap p-values.

for skills. Informality is the primary response to skill imbalances, absorbing workers
who separate from or cannot enter formal employment. Self-employment plays a par-
tial absorptive role at moderate mismatch levels, while labor market withdrawal is a
secondary response at the margin. The absence of a net unemployment effect confirms
that displaced workers are rapidly reabsorbed — into informality rather than unem-
ployment queues.

Wages. A natural concern is whether skill mismatch operates not only through em-
ployment composition but also through hourly wages. Table 6 reports estimates from
a linear specification for three wage outcomes: average log real hourly wages, log real
hourly wages among formal salaried workers, and log real hourly wages among infor-
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mal salaried workers.13 Hourly wages display strong persistence across all columns.
The SMI coefficient is negative and marginally significant for average hourly wages
(β̂ = −0.03, p = 0.07), but insignificant for both formal hourly wages (β̂ = −0.03,
p = 0.10) and informal hourly wages (β̂ = −0.02, p = 0.13). This pattern is infor-
mative: the mild downward pressure on average hourly wages does not reflect wage
compression within either the formal or informal sector, but rather a composition ef-
fect — consistent with workers being more likely to end up in lower-paying informal
jobs in states with higher mismatch, average hourly wages fall mechanically. These re-
sults reinforce the central interpretation: themargin of adjustment associatedwith skill
mismatch operates through employment reallocation rather than through the price of
labor.

4.2 Skill-Group Decomposition

To identify which components of the aggregate mismatch index drive the informality
results, we decompose skill imbalance into excess supply and excess demand by skill
group. The aggregate SMI conflates shortages at the lower end of the skill distribution
with oversupply at the top, effects that may have very different implications for infor-
mality. Let j ∈ {low,medium,upper-medium,high} index skill groups, and define
the skill-specific imbalance as xj,it = Sj,it−Dj,it, where Sj,it andDj,it denote the supply
and demand shares of skill group j in state i at time t. We construct separate measures
of excess supply and excess demand as:

ESj,it = max {xj,it, 0}

EDj,it = max {−xj,it, 0}

and estimate the following specification separately for each skill group j:

Yjit = ρ Yj,i,t−1 + βS
j ESj,i,t−1 + βD

j EDj,i,t−1 +X ′
itδ + ηi + τt + εit, (5)

where Yjit is the informality rate of skill group j in state i at time t. Three features
of this specification warrant comment. First, the dependent variable is the informal-
ity stock rather than transition rates: skill-group-specific transition rates are computed
from small subsamples of the ENOE within each state-skill cell, generating rates too
noisy for reliable inference, while the stock captures the cumulative effect of transi-

13We also estimate the quadratic specification for all three wage outcomes. The quadratic SMI term
is uniformly insignificant under wild bootstrap inference: p = 0.50 for average hourly wages, p = 0.11
for formal hourly wages, and p = 0.66 for informal hourly wages. Within-R2 is virtually unchanged
relative to the linear specification. We therefore adopt the linear specification for wages on parsimony
grounds; the nonlinear adjustment cost mechanism documented for formality flows does not extend to
hourly wage outcomes.
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Table 7: Effects of Excess Supply and Excess Demand on Informality by Skill Group

(1) (2) (3) (4)
Variables (Yjit) Low Medium Upper-Medium High

Yj,i,t−1 0.38*** 0.42*** 0.56*** 0.50***
(0.05) (0.05) (0.03) (0.03)
[0.00] [0.00] [0.00] [0.00]

ESj,i,t−1 0.06 0.02 0.01 0.04***
(0.04) (0.04) (0.02) (0.01)
[0.19] [0.68] [0.60] [0.01]

EDj,i,t−1 0.01 0.02 −0.01 −0.04*
(0.02) (0.03) (0.05) (0.02)
[0.65] [0.39] [0.93] [0.10]

Controls Yes Yes Yes Yes
State FE Yes Yes Yes Yes
Time FE Yes Yes Yes Yes
State linear trends No No No No

Observations 2,496 2,496 2,496 2,496
States 32 32 32 32
R2 (within) 0.43 0.52 0.68 0.40

Outcome mean 0.71 0.55 0.39 0.21

Notes: Each column reports estimates from Equation 5 for skill group j, where the dependent variable
Yjit is the informality rate of skill group j in state i at time t. ESj,i,t−1 = max{Sj,i,t−1 − Dj,i,t−1, 0}
denotes excess supply and EDj,i,t−1 = max{Dj,i,t−1−Sj,i,t−1, 0} denotes excess demand for skill group
j. State-specific linear trends are excludeddue to the limitedwithin-state variation in skill-group-specific
informality rates, which makes the trends absorb genuine signal alongside smooth secular movements
(see main text for discussion). All specifications include a lagged dependent variable, state and time
fixed effects, and state-level demographic and labor force controls. Standard errors clustered at the state
level are reported in parentheses. Given the relatively small number of clusters (G = 32), wild bootstrap
p-values (9,999 replications, Rademacher weights, null imposed) are reported in brackets. ∗∗∗p < 0.01,
∗∗p < 0.05, ∗p < 0.10 based on wild bootstrap p-values.

tions and is measured with substantially greater precision. The aggregate flow results
in Table 4 are consistent with the interpretation that mismatch operates through reallo-
cation between formal and informal employment; the decomposition here asks which
component of mismatch— excess supply or excess demand, and at which skill level —
is associatedwith that reallocation. Second, state-specific linear trends are excluded, as
they risk absorbing genuine within-state variation in skill-group imbalances alongside
smooth secularmovements given the noisier nature of skill-group outcomes. Third, the
specification is linear: because EDj,it equals zero in a large share of state–quarter obser-
vations, quadratic terms become collinear with their linear counterparts after within-
state demeaning.

Table 7 reports the results. The lagged dependent variable is positive and highly
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significant in all columns, confirming strong persistence in skill-group-specific infor-
mality rates. The results reveal a striking concentration of effects at the top of the skill
distribution. For high-skilled workers, excess supply is positively and significantly as-
sociated with informality (β̂S

4 = 0.04, p = 0.01), indicating that when the relative sup-
ply of university-educated workers exceeds labor demand, a larger share of this group
is found in informal employment. The excess demand term for high-skilled workers
is negative and marginally significant (β̂D

4 = −0.04, p = 0.1), consistent with the in-
tuition that shortages of high-skilled labor reduce informality among that group as
workers are drawn into formal employment. By contrast, all terms for low-, medium-
, and upper-medium-skilled workers are small and statistically insignificant.14 These
results indicate that the informalization effect documented in Table 4 is consistent with
the failure of formal employment to absorb an increasingly educated workforce, rather
than with shortages of low- or medium-skilled labor.15

4.3 Robustness

The main findings are robust to several alternative specifications, all reported in Ap-
pendix C. First, replacing the quadratic SMI specification with a linear term only yields
directionally consistent but weaker and less precisely estimated effects on the key for-
mality flow outcomes, while the informality stock coefficient changes sign and loses
significance (Table C.1), confirming that the nonlinearity is substantive rather than
incidental and that the quadratic specification is preferred on both empirical and eco-
nomic grounds. Second, augmenting the baseline model with a second lag of the SMI
and its square leaves the baseline coefficients broadly unchanged in sign, magnitude,
and significance across all formality flow outcomes, while the second-lag terms are
largely flat — with the exception of a marginally significant second-lag linear term for
the informality stock (p = 0.05)—(Table C.2). Third, lead tests show that future values
of the SMI have no predictive power over current outcomes, ruling out reverse causal-
ity and anticipation effects as explanations for the main findings (Table C.3). Finally,
Table C.4 addresses the departure from Estevão and Tsounta (2011), who construct

14For completeness, we also estimate Equation 5 for unemployment, self-employment, and labor force
participation, reported in Tables B.1–B.3 of Appendix B. For unemployment and inactivity, the results
do not reveal statistically significant or economically meaningful effects across skill groups, consistent
with the null results in Tables 3 and 5. For self-employment, excess supply of high-skilled workers is
positively and significantly associated with the self-employment rate of that group (β̂S

4 = 0.03, p =
0.02), consistent with the aggregate finding in Table 5 that self-employment absorbs some displaced
workers at moderate mismatch levels; effects for all other skill groups are insignificant. We note that
for unemployment, the significant coefficients on excess supply and excess demand partly reflect the
mechanical construction of the index— excess supply implies overrepresentation of skill group j among
the unemployed by definition — rather than genuine behavioral responses.

15Results for the excess supply of high-skilled workers are robust to a quadratic specification with
state-specific trends (Table B.4); however, the excess demand term for high-skilled workers loses signif-
icance and changes sign under this alternative, and should therefore be interpreted with caution.
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the SMI using the working-age population as the supply proxy. Our baseline specifi-
cation instead uses the unemployed — those actively seeking work — as the supply
measure, on the grounds that job seekers constitute the effective skill supply facing
employers at each point in the business cycle. Employed workers are already matched
and do not exert mismatch pressure; the inactive are not competing for jobs. Replacing
the unemployed with the working-age population (ages 15–75) confirms the positive
association between skill mismatch and the informality stock — the SMI coefficient is
positive and highly significant (β̂1 = 0.16, p = 0.00), with a marginally significant neg-
ative quadratic term (β̂2 = −0.16, p = 0.09) — indicating that the long-run association
between skill mismatch and informality is not driven by the choice of supply proxy.
The flow effects, however, attenuate to insignificance under the alternative measure.
This attenuation is expected: the working-age population conflates active job seekers
with the employed and inactive, diluting the within-state skill-supply variation that
identifies the reallocation dynamics in the baseline. The loss of flow precision there-
fore supports the preferred specification rather than casting doubt on it.

5 Concluding Remarks

This paper provides evidence that skill mismatch in Mexico is related to important la-
bor market dynamics, and that imbalances in the demand and supply for skill tend
to be adjusted through informality rather than unemployment. Using two decades
of quarterly ENOE data across Mexico’s 32 states, we find that aggregate mismatch
leaves labor market stocks — unemployment, self-employment, and participation —
largely unaffected, while being associated with large and precisely estimated effects
on worker transition flows: mismatch is associated with higher exits from formal em-
ployment, lower entries into it, and a net shift toward informality that is robust across
specifications. These effects are concentrated among excess supply at the top of the
skill distribution; it is the overabundance of university graduates, not shortages of low-
skilled labor, that is associated with higher informality rates. Average wages are lower
with higher mismatch, reflecting a composition effect as workers are more likely to be
employed in lower-paying informal jobs rather than wage compression within sectors.

The broader implication is that educational expansion, absent complementary poli-
cies that expand the supply of formal high-skill jobs, is associated with lower employ-
ment quality—higher informality and lowerwages rather than higher unemployment.
Closing this gap requires policies that shift production toward higher value-added,
skill-intensive sectors — for instance, through industrial policy targeting tradable ser-
vices and advancedmanufacturing—alongsidemeasures that lower the cost of formal-
ization for firms, given that informality is the primarymargin absorbing the imbalance.
These measures are likely to matter most in the Center and South, where mismatch is
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most severe.
Our empirical framework has limitations worth noting. It identifies average associ-

ations across states and over time but does not speak to heterogeneity across industries
and firm types. ENOE does not report occupation or sector for unemployed workers,
constraining what can be said about the skill composition of unemployment transi-
tions conditional on occupation or sector. Similarly, for firm-level analysis, matched
employer-employee data for Mexico do not include workers’ educational attainment,
limiting their usefulness for studying firm-level mechanisms of skill mismatch. Iden-
tifying the specific demand-side frictions — regulatory barriers, technology adoption,
market structure — that constrain formal high-skill job creation remains an important
open question.
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Figure A.1: Evolution of the Workforce Skill Composition by Region, 2005–2024

(a) North (b) Center-North

(c) Center (d) South

Notes: Each panel reports the share of workers in each skill category — low, medium, upper-medium, and high — across quarterly observations from 2005q1 to
2024q4, for the North (a), Center-North (b), Center (c), and South (d). The dashed vertical line marks the second quarter of 2020, based on ETOE data. The
numbers in parentheses in the legend report the average share of each skill category over the full sample period.
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Table A.1: Average Workforce Share by State, 2005–2024

State Share of Workforce (%)

Estado de México 13.83
Ciudad de México 8.32
Jalisco 6.58
Veracruz 6.57
Puebla 5.03
Guanajuato 4.77
Nuevo León 4.47
Chiapas 3.92
Michoacán 3.73
Oaxaca 3.16
Chihuahua 3.03
Baja California 2.99
Tamaulipas 2.86
Guerrero 2.70
Sinaloa 2.49
Coahuila 2.48
Sonora 2.40
Hidalgo 2.40
San Luis Potosı́ 2.23
Tabasco 1.93
Yucatán 1.81
Querétaro 1.74
Morelos 1.59
Durango 1.40
Quintana Roo 1.34
Zacatecas 1.25
Aguascalientes 1.07
Tlaxcala 1.02
Nayarit 0.95
Campeche 0.72
Baja California Sur 0.61
Colima 0.59

Notes: The table reports the average share of the national workforce accounted for by each federal state,
calculated over the period from 2005q1 to 2024q4. Shares are computed as the ratio of state-level employ-
ment to total national employment among salaried workers in subordinated employment aged 15–75,
averaged across quarterly observations. States are ranked in descending order of national workforce
share. The State of Mexico (Estado de México) and Mexico City (Ciudad de México) together account
for approximately 22% of the national workforce, reflecting the concentration of economic activity in the
central region of the country.
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B Skill-Group Decomposition: Additional Results

Table B.1: Effects of Excess Supply and Excess Demand on Unemployment by Skill
Group

(1) (2) (3) (4)
Variables (Yjit) Low Medium Upper-Medium High

Yj,i,t−1 0.57*** 0.56*** 0.47*** 0.54***
(0.04) (0.04) (0.03) (0.04)
[0.00] [0.00] [0.00] [0.00]

ESj,i,t−1 −0.19*** −0.10*** −0.08*** −0.05***
(0.02) (0.02) (0.01) (0.01)
[0.00] [0.00] [0.00] [0.00]

EDj,i,t−1 0.07*** 0.06*** 0.12*** 0.08***
(0.01) (0.01) (0.02) (0.01)
[0.00] [0.00] [0.00] [0.00]

Controls Yes Yes Yes Yes
State FE Yes Yes Yes Yes
Time FE Yes Yes Yes Yes
State linear trends No No No No

Observations 2,496 2,496 2,496 2,496
States 32 32 32 32
R2 (within) 0.62 0.67 0.59 0.52

Outcome mean 0.05 0.06 0.06 0.06

Notes: Each column reports estimates from Equation 5 for skill group j, where the dependent variable
Yjit is the unemployment rate of skill group j in state i at time t. ESj,i,t−1 = max{Sj,i,t−1−Dj,i,t−1, 0} de-
notes excess supply and EDj,i,t−1 = max{Dj,i,t−1 −Sj,i,t−1, 0} denotes excess demand for skill group j.
State-specific linear trends are excluded due to the limited within-state variation in skill-group-specific
unemployment rates, which makes the trends absorb genuine signal alongside smooth secular move-
ments (see main text for discussion). We note that for unemployment, significant coefficients on ES
and ED partly reflect the mechanical construction of the index — excess supply (demand) by definition
implies over- (under-)representation of skill group j among the unemployed — rather than genuine
behavioral responses. All specifications include a lagged dependent variable, state and time fixed ef-
fects, and state-level demographic and labor force controls. Standard errors clustered at the state level
are reported in parentheses. Given the relatively small number of clusters (G = 32), wild bootstrap
p-values (9,999 replications, Rademacher weights, null imposed) are reported in brackets. ∗∗∗p < 0.01,
∗∗p < 0.05, ∗p < 0.10 based on wild bootstrap p-values.
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Table B.2: Effects of Excess Supply and Excess Demand on Self-Employment by Skill
Group

(1) (2) (3) (4)
Variables (Yjit) Low Medium Upper-Medium High

Yj,i,t−1 0.39*** 0.44*** 0.43*** 0.41***
(0.05) (0.03) (0.06) (0.03)
[0.00] [0.00] [0.00] [0.00]

ESj,i,t−1 −0.04 −0.01 −0.01 0.03**
(0.04) (0.04) (0.01) (0.01)
[0.38] [0.84] [0.39] [0.02]

EDj,i,t−1 −0.02 0.03 0.04 0.01
(0.02) (0.02) (0.04) (0.01)
[0.14] [0.11] [0.32] [0.47]

Controls Yes Yes Yes Yes
State FE Yes Yes Yes Yes
Time FE Yes Yes Yes Yes
State linear trends No No No No

Observations 2,496 2,496 2,496 2,496
States 32 32 32 32
R2 (within) 0.48 0.58 0.55 0.52

Outcome mean 0.37 0.22 0.16 0.13

Notes: Each column reports estimates from Equation 5 for skill group j, where the dependent variable
Yjit is the self-employment rate of skill group j in state i at time t. ESj,i,t−1 = max{Sj,i,t−1 −Dj,i,t−1, 0}
denotes excess supply and EDj,i,t−1 = max{Dj,i,t−1−Sj,i,t−1, 0} denotes excess demand for skill group
j. State-specific linear trends are excludeddue to the limitedwithin-state variation in skill-group-specific
self-employment rates, which makes the trends absorb genuine signal alongside smooth secular move-
ments (see main text for discussion). All specifications include a lagged dependent variable, state and
time fixed effects, and state-level demographic and labor force controls. Standard errors clustered at the
state level are reported in parentheses. Given the relatively small number of clusters (G = 32), wild
bootstrap p-values (9,999 replications, Rademacher weights, null imposed) are reported in brackets.
∗∗∗p < 0.01, ∗∗p < 0.05, ∗p < 0.10 based on wild bootstrap p-values.
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Table B.3: Effects of Excess Supply and Excess Demand on Inactivity by Skill Group

(1) (2) (3) (4)
Variables (Yjit) Low Medium Upper-Medium High

Yj,i,t−1 0.34*** 0.53*** 0.53*** 0.47***
(0.05) (0.04) (0.04) (0.04)
[0.00] [0.00] [0.00] [0.00]

ESj,i,t−1 0.00 −0.01 0.02 0.03
(0.03) (0.02) (0.02) (0.02)
[0.93] [0.89] [0.31] [0.17]

EDj,i,t−1 0.01 −0.01 0.06* −0.03
(0.01) (0.01) (0.03) (0.03)
[0.22] [0.29] [0.05] [0.55]

Controls Yes Yes Yes Yes
State FE Yes Yes Yes Yes
Time FE Yes Yes Yes Yes
State linear trends No No No No

Observations 2,496 2,496 2,496 2,496
States 32 32 32 32
R2 (within) 0.46 0.50 0.49 0.59

Outcome mean 0.43 0.39 0.38 0.26

Notes: Each column reports estimates from Equation 5 for skill group j, where the dependent variable
Yjit is the inactivity rate of skill group j in state i at time t. ESj,i,t−1 = max{Sj,i,t−1 − Dj,i,t−1, 0} de-
notes excess supply and EDj,i,t−1 = max{Dj,i,t−1 −Sj,i,t−1, 0} denotes excess demand for skill group j.
State-specific linear trends are excluded due to the limited within-state variation in skill-group-specific
inactivity rates, which makes the trends absorb genuine signal alongside smooth secular movements
(see main text for discussion). All specifications include a lagged dependent variable, state and time
fixed effects, and state-level demographic and labor force controls. Standard errors clustered at the state
level are reported in parentheses. Given the relatively small number of clusters (G = 32), wild bootstrap
p-values (9,999 replications, Rademacher weights, null imposed) are reported in brackets. ∗∗∗p < 0.01,
∗∗p < 0.05, ∗p < 0.10 based on wild bootstrap p-values.
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Table B.4: Effects of Excess Supply and Excess Demand on Informality by Skill
Group: Quadratic Specification

(1) (2) (3) (4)
Variables (Yjit) Low Medium Upper-Medium High

Yj,i,t−1 0.31*** 0.28*** 0.35*** 0.36***
(0.04) (0.05) (0.03) (0.03)
[0.00] [0.00] [0.00] [0.00]

ESj,i,t−1 0.02 −0.01 0.01 0.06***
(0.04) (0.03) (0.02) (0.02)
[0.65] [0.73] [0.76] [0.01]

EDj,i,t−1 −0.03 −0.02 −0.03 0.00
(0.03) (0.02) (0.04) (0.02)
[0.35] [0.50] [0.42] [0.87]

ES2j,i,t−1 0.19 −0.00 −0.00 −0.19*
(0.14) (0.08) (0.12) (0.07)
[0.15] [0.99] [0.99] [0.05]

Controls Yes Yes Yes Yes
State FE Yes Yes Yes Yes
Time FE Yes Yes Yes Yes
State linear trends Yes Yes Yes Yes

Observations 2,496 2,496 2,496 2,496
States 32 32 32 32
R2 (within) 0.49 0.60 0.74 0.47

Outcome mean 0.71 0.55 0.39 0.21

Notes: Each column reports estimates from a quadratic specification with state-specific linear trends,
included as a robustness check for the baseline results in Table 7. The dependent variable Yjit is the
informality rate of skill group j in state i at time t. ESj,i,t−1 = max{Sj,i,t−1 −Dj,i,t−1, 0} denotes excess
supply and EDj,i,t−1 = max{Dj,i,t−1 − Sj,i,t−1, 0} denotes excess demand for skill group j. ED2 is
omitted in all columns due to collinearity: after within-state demeaning and removal of state-specific
linear trends, ED2 and ED become perfectly collinear, as ED takes the value zero in a large share of
state–quarter observations. The attenuation of the high-skilled excess supply effect relative to Table 7
is consistent with limited within-state variation in skill-group informality rates once smooth secular
trends are removed. Notably, the excess demand term for high-skilled workers, which is negative and
marginally significant in the baseline specification, becomes positive and insignificant here, reflecting
the same attenuation mechanism. All specifications include a lagged dependent variable, state and time
fixed effects, state-specific linear trends, and state-level demographic and labor force controls. Standard
errors clustered at the state level are reported in parentheses. Given the relatively small number of
clusters (G = 32), wild bootstrap p-values (9,999 replications, Rademacher weights, null imposed) are
reported in brackets. ∗∗∗p < 0.01, ∗∗p < 0.05, ∗p < 0.10 based on wild bootstrap p-values.
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C Robustness Checks

Table C.1: Robustness: Linear Specification

(1) (2) (3) (4)
Variables (Yit) Informality F→I I→F Net I↔F

Yi,t−1 0.29*** 0.06** 0.08** −0.07***
(0.05) (0.02) (0.02) (0.03)
[0.00] [0.02] [0.01] [0.04]

SMIi,t−1 −0.00 0.00 −0.01* −0.01
(0.01) (0.00) (0.01) (0.01)
[0.47] [0.77] [0.09] [0.44]

Controls Yes Yes Yes Yes
State FE Yes Yes Yes Yes
Time FE Yes Yes Yes Yes
State linear trends Yes Yes Yes Yes

Observations 2,496 2,496 2,496 2,496
States 32 32 32 32
R2 (within) 0.72 0.30 0.24 0.27

Outcome mean 0.47 0.09 0.11 0.03

Notes: Each column reports estimates from a separate panel regression replicating the formality-related
results from Tables 3 and 4 using a linear SMI specification, omitting the quadratic term SMI2i,t−1. The
dependent variables are: the informality rate (Informality), the formal-to-informal transition rate (F→I),
the informal-to-formal transition rate (I→F), and the net formalization rate defined as I→F minus F→I
(Net I↔F), so that positive values indicate net flows toward formality. All specifications include a lagged
dependent variable, state and time fixed effects, state-specific linear time trends, and state-level demo-
graphic and labor force controls. Standard errors clustered at the state level are reported in parentheses.
Given the relatively small number of clusters (G = 32), wild bootstrap p-values (9,999 replications,
Rademacher weights, null imposed) are reported in brackets. ∗∗∗p < 0.01, ∗∗p < 0.05, ∗p < 0.10 based
on wild bootstrap p-values.
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Table C.2: Robustness: Alternative Lag Structure

(1) (2) (3) (4)
Variables (Yit) Informality F→I I→F Net I↔F

Yi,t−1 0.28*** 0.06** 0.07** −0.11***
(0.05) (0.02) (0.03) (0.03)
[0.00] [0.03] [0.02] [0.00]

SMIi,t−1 0.01 0.01* −0.01** −0.04***
(0.01) (0.01) (0.01) (0.01)
[0.41] [0.05] [0.03] [0.00]

SMI2i,t−1 −0.01* −0.01** 0.01 0.05***
(0.01) (0.01) (0.01) (0.01)
[0.07] [0.04] [0.20] [0.01]

SMIi,t−2 0.01* −0.00 0.00 0.00
(0.01) (0.00) (0.01) (0.01)
[0.05] [0.65] [0.59] [0.98]

SMI2i,t−2 −0.01 0.00 −0.01 −0.01
(0.01) (0.00) (0.01) (0.01)
[0.54] [0.32] [0.20] [0.36]

Controls Yes Yes Yes Yes
State FE Yes Yes Yes Yes
Time FE Yes Yes Yes Yes
State linear trends Yes Yes Yes Yes

Observations 2,464 2,464 2,464 2,464
States 32 32 32 32
R2 (within) 0.73 0.30 0.24 0.28

Outcome mean 0.47 0.09 0.11 0.03

Notes: Each column reports estimates from Equation 4 augmented with a second lag of the Skill Mis-
match Index and its square, SMIi,t−2 and SMI2i,t−2. The sample is reduced by one period relative to the
baseline due to the inclusion of the second lag. All specifications include a lagged dependent variable,
state and time fixed effects, state-specific linear time trends, and state-level demographic and labor force
controls. Standard errors clustered at the state level are reported in parentheses. Given the relatively
small number of clusters (G = 32), wild bootstrap p-values (9,999 replications, Rademacher weights,
null imposed) are reported in brackets. ∗∗∗p < 0.01, ∗∗p < 0.05, ∗p < 0.10 based on wild bootstrap
p-values.
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Table C.3: Robustness: Lead Tests

(1) (2) (3) (4)
Variables (Yit) Informality F→I I→F Net I↔F

Yi,t−1 0.29*** 0.06** 0.07** −0.11***
(0.05) (0.02) (0.03) (0.03)
[0.00] [0.03] [0.02] [0.00]

SMIi,t−1 0.01 0.01** −0.02** −0.04***
(0.01) (0.01) (0.01) (0.01)
[0.42] [0.03] [0.01] [0.00]

SMI2i,t−1 −0.01* −0.01** 0.01 0.05***
(0.01) (0.01) (0.01) (0.01)
[0.08] [0.04] [0.17] [0.00]

SMIi,t+1 0.01 0.01 0.02 0.02
(0.01) (0.01) (0.01) (0.01)
[0.38] [0.40] [0.54] [0.48]

SMI2i,t+1 −0.00 −0.01 −0.04 −0.03
(0.00) (0.01) (0.03) (0.02)
[0.46] [0.54] [0.87] [0.74]

Controls Yes Yes Yes Yes
State FE Yes Yes Yes Yes
Time FE Yes Yes Yes Yes
State linear trends Yes Yes Yes Yes

Observations 2,464 2,464 2,464 2,464
States 32 32 32 32
R2 (within) 0.72 0.30 0.25 0.28

Outcome mean 0.47 0.09 0.11 0.03

Notes: Each column reports estimates from Equation 4 augmented with one lead of the Skill Mismatch
Index and its square, SMIi,t+1 and SMI2i,t+1. Under the null hypothesis of no reverse causality, future
values of the SMI should have no predictive power over current outcomes. The sample is reduced by one
period relative to the baseline due to the inclusion of the lead term. All specifications include a lagged
dependent variable, state and time fixed effects, state-specific linear time trends, and state-level demo-
graphic and labor force controls. Standard errors clustered at the state level are reported in parentheses.
Given the relatively small number of clusters (G = 32), wild bootstrap p-values (9,999 replications,
Rademacher weights, null imposed) are reported in brackets. ∗∗∗p < 0.01, ∗∗p < 0.05, ∗p < 0.10 based
on wild bootstrap p-values.
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Table C.4: Robustness: Alternative Supply Proxy (Working-Age Population)

(1) (2) (3) (4)
Variables (Yit) Informality F→I I→F Net I↔F

Yi,t−1 0.29*** 0.06** 0.08*** −0.08**
(0.05) (0.02) (0.02) (0.03)
[0.00] [0.02] [0.01] [0.02]

SMIi,t−1 0.16*** −0.02 −0.02 0.00
(0.04) (0.03) (0.05) (0.06)
[0.00] [0.62] [0.76] [0.95]

SMI2i,t−1 −0.16* −0.02 −0.03 0.00
(0.08) (0.05) (0.13) (0.13)
[0.09] [0.71] [0.88] [0.99]

Controls Yes Yes Yes Yes
State FE Yes Yes Yes Yes
Time FE Yes Yes Yes Yes
State linear trends Yes Yes Yes Yes

Observations 2,496 2,496 2,496 2,496
States 32 32 32 32
R2 (within) 0.73 0.30 0.24 0.26

Outcome mean 0.47 0.09 0.11 0.03

Notes: Each column replicates the main specification of Equation 4 replacing the unemployed with the
working-age population (ages 15–75) as the supply proxy in the SMI construction. In the baseline, the
supply measure is restricted to the unemployed — those actively seeking work — on the grounds that
job seekers constitute the effective skill supply facing employers. The dependent variables are: the infor-
mality rate (column 1), the formal-to-informal transition rate F→I (column 2), the informal-to-formal
transition rate I→F (column 3), and the net formalization rate defined as I→Fminus F→I (column 4), so
that positive values indicate net flows toward formality. All specifications include a lagged dependent
variable, state and time fixed effects, state-specific linear time trends, and state-level demographic and
labor force controls. Standard errors clustered at the state level are reported in parentheses. Given the
relatively small number of clusters (G = 32), wild bootstrap p-values (9,999 replications, Rademacher
weights, null imposed) are reported in brackets. ∗∗∗p < 0.01, ∗∗p < 0.05, ∗p < 0.10 based on wild
bootstrap p-values.
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