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Abstract

We characterize the salient features of the distribution of (log) earnings of formal workersin Mexico using social security records for the period 2005–2019. The analysis is based ona non-parametric approach and is focused, primarily, on the properties of the distribution ofearnings changes. We find strong evidence of deviations from normality of this distribution interms of negative skewness and high kurtosis, with these deviations varying with income andalong the worker’s life cycle. A comparison between results obtained with administrativedata and household survey data suggests that this latter source of information is inade-quate to fully capture the evolution of inequality and the properties of earnings changes asnon-response is non-random and concentrated among formal and highly educated workers—likely the highest earners. Due to the relative size of the informal sector in the Mexicaneconomy, which results in a large number of workers maintaining a weak attachment to
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formal employment, we also study the impact of transitions out of and back into formal em-ployment on wages earned in the formal sector. We document that workers who exit formalemployment experience a significant wage penalty upon re-entry taking, on average, threeor more years to achieve comparable pre-exit wage levels.
JEL Codes: E24, J24, J31, J46.Keywords: Earnings dynamics, higher-order earnings risk, inequality, kurtosis, skewness,worker transitions.
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1 Introduction

There is a large and growing literature studying the salient features of the distribution anddynamics of earnings and life-time income that has focused primarily on advanced economiessuch as the United States, the United Kingdom, Germany, and Spain, to name a few (see,for example, Bonhomme and Hospido [2017] and Guvenen, Karahan, Ozkan, and Song [2021]).Comparatively, little attention has been devoted to emerging and developing countries. The goalof this paper is to contribute to this literature along two dimensions. First, we characterize thedefining properties of the distribution of earnings and of transitory earnings changes and theextent to which they display deviations from normality using administrative records of workersemployed in the formal sector. We explore how these properties vary across genders and agegroups, and along the income distribution.1 Second, we analyze the effect of transitions out ofand back into formal employment on the earnings of workers. On both fronts, to the best of ourknowledge, we are the first to explore these issues in the Mexican context.Regarding the distribution of earnings, we find that overall inequality (P90–P10 dispersion)remained fairly stable during the 2005–2015 decade but started to fall after 2016. We alsofind that inequality increased during the period of the 2008–2009 financial crisis, more so formen than for women, and for younger workers than for older ones. Initial inequality (P90–P10dispersion at age 25) has also been fairly stable between 2005 and 2019, with the exception ofa marginal increase registered during the financial crisis. Within the limited time span coveredby our data, we observe relatively stable earnings mobility patterns with lower income workersmoving upward in the earnings distribution and higher income workers being more likely tomove downward, except in the top 0.1% of the distribution where there is essentially no mobility.With respect to the distribution of one-year earnings changes, we encounter evidence ofstrong deviations from normality whose extent varies across income levels, age groups andgenders. Similar to the findings of Guvenen et al. [2021], we document very high kurtosis acrossall demographic groups, more so for women, even though it has been steadily decreasing forboth men and women since 2009. While the distribution of transitory earnings innovations isasymmetric, we find that skewness can be positive or negative depending on age, gender, andincome. This contrasts with what Guvenen et al. [2021] document for the United States wherethis distribution is negatively skewed for all workers.
1The statistics reported in the paper, as well as many additional ones that we computed on the administrativedata and are not explicitly included in the paper, will be publicly available through the Global Repository of IncomeDynamics that will house harmonized and comparable statistics for all countries participating in the Global IncomeDynamics Project and included in this issue of Quantitative Economics.
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To document these facts regarding the distribution of earnings and earnings changes forMexican workers, our analysis relies on social security records from the Instituto Mexicano delSeguro Social (IMSS) covering the period from 2005 to 2019 and the universe of (private sector)formal workers. Unlike previous work based on Mexican survey data (see, for example, Binelliand Attanasio [2010]), our social security records have large sample sizes and allow for followingworkers continuously throughout their employment history in the formal sector.Social security data have the advantage of providing accurate, reliable, and consistent infor-mation on millions of Mexican workers,2 but they also suffer from important limitations. First, asit is commonly the case with administrative data, earnings are top- and bottom-coded. Second,it is not possible to separate wage effects from labor-supply effects on earnings since no infor-mation on the number of hours worked or the full versus part-time status of a worker is available.Third, Mexican social security records do not provide important information on worker charac-teristics such as educational attainment or occupation of employment, precluding the possibilityof exploring how the distribution of earnings or earnings changes varies along these dimensions.The main limitation of our data, however, is that they only cover workers employed in the formalprivate sector. Hence, while the power of millions of administrative records can be exploited toestablish key features of the distribution of earnings and earnings changes for workers employedin the formal sector, this source of information has nothing to say about these distributions forinformal workers, who constitute a large fraction of the Mexican labor market.Motivated by this lack of information on the informal sector, we explore additional datasources. In particular, we contrast some of our baseline results obtained with the administrativedata with results obtained selecting a comparable sample from household surveys. Even if severalof the key insights from our analysis, especially those regarding inequality, are maintainedacross different data sources and for both formal and informal workers, we also find importantdifferences. In our context, these differences are likely associated with the fact that the share ofworkers not responding to income-related questions in the household survey has been growingover time and that this missing information is non-random: non-response is mostly concentratedamong formal and highly educated workers who tend to belong to the upper part of the incomedistribution. This comparison suggests that household surveys may be inadequate to fully capturethe evolution of inequality and the properties of earnings changes.Lastly, given that one of the consequences of a large informal sector is that many workersmaintain a tenuous attachment to formal employment, we study how time away from formal
2It has been documented that employers used to under-report wages to IMSS, such practice, however, hassubstantially declined since the 1997 reform of the pension system in Mexico. Hence, under-reporting does notappear to be a problem for the period covered in our study. See Kumler, Verhoogen, and Frías [2020].
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employment shapes earnings dynamics. We provide empirical evidence that workers who tem-porarily exit formal employment experience a wage penalty upon re-entry, with earnings takingup to three years to gradually grow toward pre-exit levels. This suggests that the ability tomaintain a continuous attachment to the formal sector is likely to be an important source ofheterogeneity in the distribution of earning changes across Mexican workers.
Related literature. Methodologically, the first half of this paper is related to the work ofArellano, Blundell, and Bonhomme [2017], Guvenen, Kaplan, Song, and Weidner [2017], andGuvenen et al. [2021], among others. These authors propose non-parametric methods to charac-terize key features of the distribution of earnings shocks and of life-time income. The strengthof these methods is that non-linearities and non-normalities, that may be important attributes ofthe earnings process, can be more easily uncovered by avoiding strong parametric assumptions.An early important paper in this strand of the literature is Guvenen, Ozkan, and Song [2014]that documents that the distribution of earnings changes is negatively skewed and becomes moreso during recessions. Thus, during recessions large upward earnings movements become lesslikely, while large drops in earnings become more likely. Guvenen et al. [2021] go further byanalyzing life-cycle variation in skewness and other properties of the distribution of earningschanges, such as kurtosis, and how they vary with earnings levels and age. Relative to thesepapers, our contribution is to analyze the same issues in the context of the Mexican labor market,a market that significantly differs from the American labor market studied by those authors andthe labor markets in more advanced economies. Unlike the United States and other developedcountries, the labor market experience of Mexican workers is heavily shaped by the lack of astrong social safety net, such as unemployment insurance, and the prevalence of informality—both in terms of informal jobs at formal firms and informal jobs at informal firms.Our work is also related to Binelli and Attanasio [2010] who analyze the level and dispersionof earnings using data from Mexican household surveys for the period 1987–2002. These authorsdocument a significant increase in wage and income inequality (P90–P10 dispersion) during thefirst half of the 1990s. For hourly wages, they find that the increase was characterized byinequality growing faster at the top (P90–P50) than at the bottom (P50–P10) of the distribution.For the second half of the 90s, they observe a drop or stable trend, with the slowdown inincome and wage inequality being explained primarily by the top of the distribution —top-tail dispersion (P90-P50) of hourly wages and household income dropped significantly, whilebottom-tail dispersion (P50–P10) decreased slightly for wages and maintained an upward trendfor income. Relative to these authors, we examine a later period in the Mexican economy (2005to 2019) and base our analysis on social security records, instead of household surveys, that
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are particularly suited to study earning dynamics —our primary focus is on the distribution ofearnings changes rather than on the distribution of earnings levels. Other contributions to thestudy of income inequality in the Mexican context are Esquivel, Lustig, and Scott [2010], Lustig,Lopez-Calva, and Ortiz-Juarez [2013], and Campos-Vazquez and Lustig [2017]. The first twofind that inequality decreased in Mexico from the mid 1990s to 2006, mainly due to equalizingchanges in the distribution of labor income imputable to the skill premium —measured as thegap between the wages of workers with tertiary education (or secondary) and workers with noschooling or incomplete primary school— falling systematically. The third one argues that issuessuch as non-response and under-representation of high-wage earners and weights assignmentin survey data, are relevant and can lead to mixed results in terms of evaluating the evolution ofinequality. In contrast with these authors, we quantify inequality using exclusively administrativedata that, while lacking potentially valuable information on education, do not suffer from the same,possibly severe, problems of survey data.Finally, some of our findings illustrate how trying to answer the same question using differentdata sources may lead to different results, a pattern that has been well documented in theliterature (see, for example, Celik, Juhn, McCue, and Thompson [2012], Armour, Burkhauser, andLarrimore [2013], or Abowd and Stinson [2013]). This highlights that conclusions regarding theevolution and dynamics of earnings can be sensitive to the choice of information sources andthat not every source is equally adequate to answer a specific research question.
2 Data and Macroeconomic Context

2.1 Overview of the Data

The core statistics presented in the next section of the paper are based on social security recordsfrom the Instituto Mexicano del Seguro Social (IMSS), one of the main Mexican social securityinstitutions. All formal private sector workers who receive a salary are required, by law, toregister with IMSS. The set of workers affiliated with IMSS represents approximately 80% offormal sector workers with access to social security, according to estimates from the Secretaríade Trabajo y Previsión Social (the Mexican Ministry of Labor), but does not include governmentworkers or workers employed in the informal sector. Since informality is prevalent in Mexico,a large portion of the labor force is not included in the social security data. Self-employedworkers —individuals that work on their own and without employees— can register with IMSSto obtain access to some parts of the social security system and hence may appear in the social
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security records. By default, they are recorded with a wage equal to the minimum wage. Forany given month, the share of enrolled workers that are “self-employed” is roughly 0.1% of thetotal observations.The social security data have a monthly frequency for the period January 2005 to December2019, and cover, approximately, between 13 million workers at the start of the sample and20 million workers toward the end. For the purposes of the first half of the analysis, the keyvariable contained in the social security data is the information on wages, reported as a worker’sdaily taxable income (“salario base de cotización”). This means that the data on daily wagescan include various forms of compensation received by the worker other than wages (usuallypaid vacation and end of the year bonus), but may exclude others (in general any additionalbenefit or compensation that is not subject to labor income taxation), hence not necessarilyreflecting the total labor income a worker receives. The data is bottom and top coded. Atthe bottom, the threshold is set by the minimum wage, while at the top the cap is set at 25minimum wages before February 2017, and 25 UMAs (unit of measure and update) afterward.On average, only 1.3% of the observations are bottom-coded and 1.7% are top-coded. There is,however, no information on the number of hours/days/etc. worked and on whether employmentwas part time or full time. An important issue pertaining to the measurement of a worker’s laborincome is that, in a given month, the data may contain multiple observations for the same socialsecurity number (SSN), corresponding to different jobs held by the same worker (possibly withdifferent employers). There can also be multiple observations for pairs of SSN and employer id(“registro patronal”), for which the value of the wage variable does not coincide. Multiple SSNs,nevertheless, represent no more than 2% of the observations and affect, on average, just 1.4% ofthe original records. In the absence of information on hours worked in each job and to avoidoverstating earnings, we consider only the highest wage for those few workers who report morethan one salary.Since the information on wages is available as daily wage with monthly frequency, wefirst express daily wages as monthly wages multiplying the “salario base de cotización” by30 and then add the monthly wages up to obtain the annual labor income for each worker ina given year. For the period 2005–2019, this results in over 315 million worker-year pairswith observations per year ranging between 17 and 26 millions for workers aged 14–75 yearsold. This constitutes our universe of potential observations. By imposing two “admissibility”conditions on the population, we construct the master sample for the analysis carried out insections 3.1–3.3. In particular, we impose that: (i) individuals must be between 25 and 55 yearsof age (i.e. the prime-age labor force), and (ii) individuals must display meaningful attachment
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to the labor force, in the sense that their earnings must be above a minimum earnings thresholdYmin,t. Since in Mexico the minimum wage is defined as a daily wage, rather than as an hourlywage as it is common in other countries, we set Ymin,t equal to 45 days of minimum wage, thatcorresponds to half a quarter of full-time minimum wage employment.3 Within the subset of thesample that satisfies the first admissibility condition, the fraction of observations that are abovethe minimum earnings threshold varies between 97.5 and 98.5% throughout the sample period.
Table 1: Descriptive statistics for selected cross-sectional samples

Year Obs. Mean income Women Age Shares %(millions) Men Women % share [25–35] [36–45] [46–55]2005 12.43 6,114 5,006 34.75 52.41 31.24 16.352019 19.58 6,543 5,564 38.70 46.03 31.64 22.33
Year P1 P5 P10 P25 P50 P75 P90 P95 P99 P99.92005 230.14 401.89 682.54 1,584.90 3,191.88 6,483.40 12,492.76 19,602.04 53,289.61 56,754.572019 320.49 523.28 850.17 1,939.84 3,442.34 7,093.79 13,490.63 20,679.88 53,427.10 56,708.68

Note: Besed on authors’ calculations with IMSS data. The table shows summary statistics and demographic characteristics in selected years for thecross-sectional sample used to carry out the analysis presented in sections 3.1–3.3. The mean and percentiles of the income distribution are calculatedusing raw real earnings deflated with the Mexican CPI for 2018 and then converted to US dollars to facilitate the comparison across countries. Since thedata are top coded, the percentiles above P95 are imputed by fitting a Pareto distribution around the top code. The Mexican administrative data do notcontain information about the educational level of the worker.
Table 1 presents some basic descriptive statistics and demographic characteristics in selectedyears for the cross-sectional sample used to carry out the analysis presented in sections 3.1–3.3.Additional details regarding the IMSS data and some relevant summary statistics for the mastersample are provided in the online appendix A.

2.2 Macroeconomic Context in Mexico

Before moving to the core analysis, we provide a brief overview of the macroeconomic contextin Mexico during the period covered by our administrative data, 2005–2019. This overviewis intended to offer a minimal relevant background that may aid in the interpretation of theinequality and income dynamics results presented in the upcoming sections.The first panel of figure 1 presents the evolution of real GDP growth. Unsurprisingly, thereis a brief but noticeable contraction in GDP during the period of the 2008–2009 financial crisis.After the recovery from that recession, we observe a slowdown in growth during 2013 and amoderate contraction in 2019. Outside of those years, the 2005–2019 period can be overall
3Note that for most other countries in the Global Income Dynamics Project, the threshold Ymin,t is defined as13 weeks of part time (20 hours a week) minimum wage employment. We chose the threshold for Mexico to be asclose as possible to this common definition.
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characterized as one of weak, but steady growth. The second panel of figure 1 presents aMacroeconomic Uncertainty Index (MUI) for Mexico derived using the methodology outlined inJurado, Ludvigson, and Ng [2015].4 The economic slowdown during the financial crisis is pairedwith increased levels of uncertainty, which also steadily increased from mid-2016 onward. Thisrecent trend can be associated with both external and internal factors. On the external side,the renegotiation of NAFTA, along with a generalized more protectionist stance from the UnitedStates, represented a large and significant increase in trade policy uncertainty for Mexico vis-a-vis its largest trading partner. This source of uncertainty did not fully subside until early2020 with the enactment of the USMCA. On the internal side, a period of increasing uncertaintycommenced with the presidential election and the sudden cancellation of the new Mexico Cityairport project in the second half of 2018.
Figure 1: Aggregate activity and economic uncertainty
(a) Real GDP growth
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Note: Based on authors’ calculations with data from INEGI (the Mexican statistical agency). In panel (a), the reddashed line refers to the average GDP growth during the sample period. In panel (b) the MUI is calculated basedon information from 125 monthly economic series using the methodology outlined in Jurado et al. [2015]. The MUI1-month (left axis) refers to the uncertainty index constructed based on one-month ahead forecast errors and theMUI 12-months (right axis) refers to the index constructed based on 12-month ahead forecast errors.
Regarding aggregate labor market conditions, figure 2 presents the unemployment and in-formality rates. The informality rate is the percentage of the employed population (15 yearsand older) that is employed in an informal job. In Mexico, a job is classified as informal if itis performed without legal or institutional protection, regardless of the nature of the economic

4In the presence of adjustment costs in both labor and capital inputs, uncertainty can have a significant impacton firm’s investment, job creation/destruction decisions and, hence, on labor market outcomes. For example, Bloom[2009], Jurado et al. [2015], and Baker, Bloom, and Davis [2016] have shown that increases in uncertainty can beassociated with reductions in employment and investment, while Mathy [2020] finds evidence suggesting that anincrease in uncertainty can negatively affect wages.
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unit/firm in which said job is carried out, while a worker is classified as informal if he/sheis a wage earner who does not have access to social security and/or a self-employed workerwho does not follow a formal accounting system. The unemployment rate increased during thefinancial crisis, reaching 5.5% in 2009. This number is low compared to the United States,where it increased to 10% in the same period. Between 2012 and 2014, unemployment remainedstable before resuming its decreasing trajectory toward pre-financial crisis levels. By the endof the period under consideration, it started to moderately increase. Differentiating by gender,we see that the unemployment rate is fairly similar for men and women, with the exception ofthe 2005–2008 and 2016–2018 periods when unemployment for women was noticeably higherthan for men. The relatively low unemployment rate in Mexico, even in the middle of a crisisof significant magnitude, is consistent with workers being unable to stay unemployed due tothe lack of a social safety net, particularly unemployment insurance. The rate of informality isquite high, ranging between 56 and 60% during the entire period with the exception of the years2008–2012 when it displayed a steady downward trend. Informality is higher for women thanfor men. Over the period considered, there is a strong correlation between the rate of informalityfor men and women, except in 2017–2019 when the rate of informality for men kept trendingdownward, while that for women showed a moderate increase.
Figure 2: Unemployment and informality
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Note: The unemployment rate in year t corresponds to the average quarterly unemployment rate in that year. Therate of informality for year t corresponds to the average monthly rate of informality throughout that year. Theofficial statistics published by INEGI are the quarterly and monthly rate, respectively.
The first panel of figure 3 shows the evolution of labor productivity, based on the employedpopulation and the total hours worked. During the financial crisis there was a sharp drop inlabor productivity, and pre-crisis levels were not reached again until 2014. Starting in 2013there was a strong increase that peaked in 2017. From 2017 labor productivity started trending
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downward. The sharp increase in labor productivity between 2013 and 2017 coincides with abroad labor market reform that was approved at the end of 2012 and addressed a variety ofissues such as outsourcing, conditions for trial hires and hires with flexible schedules, paternityleave, union transparency, regulation of under-age work, among others. The right panel in figure3 illustrates the evolution of the (real) minimum wage that remained largely unchanged for mostof the period of analysis. Starting in 2014 the minimum wage has been increasing steadily andsubstantially. The evolution of the minimum wage will be particularly useful for understandingthe time-series patterns of earnings for the lowest percentiles of the income distribution, sincethe social security data are bottom coded at the minimum wage. Remarkably, the sharpestincreases in the minimum wage have occurred from 2017 onward, a period that also coincideswith the decrease observed in aggregate labor productivity.
Figure 3: Labor market conditions
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3 Core Statistics on Inequality, Mobility and Income Dynamics:
Evidence from Social Security Data

In this section we present a descriptive characterization of inequality, earnings dynamics, andmobility based on Mexican administrative records. The non-parametric approach used in ouranalysis is closely related to the work of Bonhomme and Hospido [2017] for Spain and Guvenen
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et al. [2017] and Guvenen et al. [2021] for the United States. To the best of our knowledge,we are the first to provide such a characterization of the earnings distribution of private sectorformal workers in Mexico that is based on administrative records and, together with Engbom,Gonzaga, Moser, and Olivieri [2021] and Blanco, Díaz de Astarloa, Drenik, Moser, and Trupkin[2021], the first to do so in the context of an emerging economy whose labor market significantlydiffers from those of more advanced economies.5 Note that all the results presented in sections3.1–3.3 distinguish between men and women, results for the whole sample are presented in theonline appendix B.
3.1 Income Inequality

We begin our descriptive analysis by characterizing the most salient properties of the distributionof (log) real earnings. Figure 4 presents the evolution of the percentiles (relative to 2005) of theearnings distribution for both men and women.6 Notably, the 2008–2009 financial crisis had anegative impact on earnings across the whole earnings distribution, but especially so for menand for workers at the bottom of the distribution. The earnings of workers at the very top provedto be more resilient to the negative shock associated with the crisis. Between 2013 and 2014there was a decrease in the earnings of the lowest percentiles, particularly sharp for men. Thisis likely associated with the fact that 2013 was a year of below-average GDP growth and stalledgrowth in labor productivity (see figures 1 and 3). Outside of these two periods, real earningshave shown an upward trend that is more noticeable for women than for men. Male workersshowed more ups and downs at the bottom of the earning distribution and flatter profiles at thetop. In contrast, female workers displayed a steadier upward trend across the entire earningsdistribution.Starting in 2014 for men and in 2016 for women, the lowest percentiles of the earningsdistribution (P10 and P25) display a significant upward trend relative to previous years with logearnings increasing by roughly 20 log points between 2016 and 2019. This pattern appears to behighly correlated with the evolution of the minimum wage (see right panel of figure 3). The fact
5Binelli and Attanasio [2010] present some results that are related to the analysis presented in this section andin the online appendix B, particularly concerning income inequality. These authors base their analysis on Mexicanhousehold surveys, rather than administrative data, and their results are focused on the period 1987 to 2002, aperiod that is not covered by our administrative records.6When looking at figure 4 it is important to note that, as the administrative data are top-coded, only thepercentiles up to P95 are derived using actual data. The percentiles after P95 are imputed by fitting a Paretotail distribution around the top code. We include these upper percentiles for completeness and for the sake ofcomparison with other countries even though the information provided after P95 is inevitably noisy and should beinterpreted with caution.
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that the evolution over time of the lowest percentiles of the log earnings distribution correlateswith the evolution of the minimum wage is not particularly surprising since the administrativedata are bottom-coded at the minimum wage. It is, however, noteworthy to observe that thiscorrelation can be observed through P25, suggesting that increases in the minimum wage mayhave spillover effects on wages higher up in the earnings distribution. This result, known in theliterature as the “lighthouse effect”, echoes the findings of Engbom and Moser [2021] for Braziland Kaplan and Novaro [2006] and Campos Vázquez and Rodas Milián [2020] for Mexico. Theincrease in earnings in low percentiles that are not directly affected by the minimum wage mayalso relate to increases in labor productivity after 2013. Even though labor productivity declinesslightly toward the very end of our sample period, its levels in 2018 and 2019 are still above2013’s levels.7The evolution of several measures of dispersion in the distribution of real earnings is doc-umented in figure 5. Panels (a) and (b) show that the overall dispersion in this distributionis very similar for men and women and seems to closely match the dispersion that would beobserved in a normal distribution. The dispersion is, on average, slightly higher for men, whoare also those who experienced a more noticeable increase in earnings dispersion during thecrisis of 2008–2009. Outside of this recessionary period, the dispersion remained fairly stablebetween 2005 and 2015, but started to display a steady decreasing trend from 2015 onward.8The behavior of the P90-P10 measure presented in panels (a) and (b) can be further understoodby looking at the the evolution of the upper and lower tails of the distribution —P90-P50 andP50-P10, respectively— presented in panels (c) and (d). The relative stability of P90-P10 from2005 through 2015 is the result of a slight downward trend in the lower tail of the distribution
7Historically, there have been several additional economic factors related to changes in wages in Latin Americaand, in particular, in Mexico. Trade and globalization have been identified as relevant to the Mexican economy, giventhat NAFTA integration in the 1990s reduced unemployment, and boosted employment and wages, while Chinesecompetition tended to have the opposite effect in the 2000s (Chiquiar, Covarrubias, and Salcedo Cisneros [2017],Blyde, Busso, and Romero [2020]). Increases in education of the workforce was also relevant to rise low-skilledwages during the 2000s and to reduce skill premia (Jaume [2021]), consistent with the race between education andtechnology discussed in the literature (Katz and Murphy [1992], Goldin and Katz [2010]). The role of education,however, has been less pronounced in Mexico due to a lower educational upgrading with respect to other LatinAmerican countries (Lustig et al. [2013], Acosta, Cruces, Galiani, and Gasparini [2019]). To disentangle the relativeimportance of each of these factors in contributing to the increases in the lowest percentiles of the earningsdistribution that we document in this paper constitutes an important research agenda but is beyond the scope ofthis paper.8Figures B.4 and B.5 in the online appendix B are also consistent with decreasing earnings inequality from2016 onward. In particular, B.4 shows that the share of income that accrues to the bottom 50% of the earningsdistribution grew during that period, while the income share of the top 10% of the distribution decreased. Similarly,B.5 shows that the Gini coefficient of the earnings distribution decreased substantially between 2016 and 2019,relative to the trend it had displayed in previous years.
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Figure 4: Evolution of the percentiles of the log real earnings distribution
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Note: Based on authors’ calculations with data from IMSS. Using the CS+TMax sample, this figure plots againsttime the following percentiles of the distribution of log (real) earnings: (a) Men: P10, P25, P50, P75, P90; (b)Women: P10, P25, P50, P75, P90; (c) Men: P90, P95, P99, P99.9, P99.99; (d) Women: P90, P95, P99, P99.9,P99.99. Since the data are top coded the percentiles above P95 are imputed by fitting a Pareto distributionaround the top code. All percentiles are normalized to 0 in 2005, the first available year. Shaded areas arerecessions.
that is barely offset by a slight upward trend in the upper tail. The downward trend of P90-P10 from 2015 onward can be associated with a downward trend in both the lower (P50-P10)and upper (P90-P50) tails of the distribution. Referring back to figure 4, the reduction in theinequality of log earnings is mainly driven by the growth of the lower percentiles paired withthe relative stability in the highest percentiles.Finally, figures 6 and 7 describe how initial inequality, for workers aged 25, has evolvedover time and how life-cycle inequality differs across different cohorts of workers. In figure 6we see that the lower tail (P50-P10) experience a modest downward trend, while the upper tail
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Figure 5: Evolution of the percentiles of the log real earnings distribution
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Note: Based on authors’ calculations with data from IMSS. Using the CS+TMax sample, this figure plots againsttime the following measures of overall, top- and bottom-tail dispersion of the distribution of log earnings: (a) Men:P90–P10 and 2.56*σ (sigma is the standard deviation); (b) Women: P90–P10 and 2.56*σ of log income; (c) Men:P90–P50 and P50–P10; (d) Women: P90–50 and P50–P10. Shaded areas are recessions. 2.56*σ corresponds tothe P90–P10 differential for a Gaussian distribution.
(P90-P50) experience a very slight upward trend. These trends are similar for men and women,but are marginal as new cohorts of young workers faced relatively stable earning dispersionthroughout our sample period. The patterns of life-cycle inequality across different cohorts arealso very similar for men and women as illustrated in figure 7. Specifically, for any given cohort,dispersion of log earnings increases until the last years of the sample (until 2016 or 2018depending on the cohort) and displays a downward trend thereafter. Once again, this is likelyassociated with the increase in earnings for minimum wage workers starting around 2016 and therelative stability of the real earnings for workers at the top of the earnings distribution. Acrosscohorts, the dispersion of earnings for workers aged 25 shows a very slight downward trend,
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except for those being 25 around the time of the 2008–2009 crisis when dispersion increased.In contrast, there is a more noticeable downward trend in the dispersion of earnings acrosscohorts for workers 30 and 35 years of age. Given the relatively short window covered by oursocial security records, it is however unclear to what extent the eventual decrease in dispersiondocumented in figure 7 can be attributed to features of a worker’s life-cycle as opposed to theoverall decrease in dispersion observed in the latter part of our sample period.
Figure 6: Initial inequality: dispersion of log earnings for workers at age 25
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Note: Based on authors’ calculations with data from IMSS. Using the CS+TMax sample, this figure plots againsttime the following measures of top- and bottom-tail dispersion of the log earnings distribution: (a) Men: P90–P50and P50–P10 for workers at age 25; (b) Women: P90–P50 and P50–P10 for workers at age 25. Shaded areasare recessions.
3.2 Income Dynamics

The results of this section constitute the core of our analysis of the administrative data. Wecharacterize the most relevant properties of individual earnings dynamics, with an emphasis onthe statistics that provide a diagnostic of the extent to which the distribution of earnings changesdeviates from normality. As in Guvenen et al. [2021], the approach is non-parametric to avoidthe strong assumptions embedded in benchmark econometric models of earnings dynamics, asthose could mask important features of the distribution of earnings changes. Deviations fromnormality are important to study because they have direct implications for the kind of incomeshocks a worker may experience, such as their magnitude, direction (higher likelihood of positivevs. negative shocks), and frequency of extreme events.Defining (residualized) log earnings changes as gkit = ∆kεit = εi,t+k − εit, with εit being theresiduals of a regression of log earnings on a full set of age dummies, separately by gender and
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Figure 7: Life-cycle inequality across cohorts
(a) Men
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Note: Based on authors’ calculations with data from IMSS. Using the CS+TMax sample, this figure plots againsttime measures of overall dispersion of the log earnings distribution: (a) Men: P90–10 over the life cycle for the2005, 2008, 2011, and 2015 cohorts; (b) Women: P90–10 over the life cycle for the 2005, 2008, 2011, and 2015cohorts. The grey dashed lines link across cohorts the years corresponding to ages 25, 30, and 35.
year, Guvenen et al. [2021] show that as k becomes larger, the distribution of earnings changes∆kεit reflects more closely the distribution of the permanent component of earnings changesrather than that of transitory innovations. Here we focus on one-year earnings changes (i.e.k = 1), that reflect mainly transitory innovations to earnings, and present results for k = 5, themore permanent innovations, in the online appendix B.Figure 8 illustrates the dispersion in the upper (P90–P50) and lower (P50–P10) tails ofthe distribution of one-year log earnings changes. For both men and women, we see thatbetween 2008 and 2009, that is between the onset and bottoming out of the depressed economicconditions caused by the financial crisis, there was an increase in dispersion in the lower tailand a decrease in the upper tail of the distribution. The magnitude of these opposing movementssuggests that overall dispersion (P90–P10) increased for men but remained relatively stable forwomen during the time of said crisis. It is worth noting that these spikes in dispersion coincidewith the sharp increase in unemployment and informality that occurred between 2008 and 2009(see figure 2). Outside of this recessionary period, we observe only modest movements in P90–P50 and P50–P10. These two measures of dispersion move up and down in opposing directionsfor men, albeit the movements are small so that P90–P10 remains relatively stable. In contrast,from 2011 onward women experience a slight upward trend in both P90–P50 and P50–P10resulting in a greater overall dispersion in their distribution of one-year earnings changes. Thisperiod of increasing dispersion for women coincides with a post-labor market reform period in
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Figure 8: Dispersion of one-year log earnings changes
(a) Men
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Note: Based on authors’ calculations with data from IMSS. Using the LS+TMax sample, this figure plots againsttime the following measures of top- and bottom-tail dispersion of the distribution of one-year earnings changes:(a) Men: P90–P50 and P50–P10 differentials; (b) Women: P90–P50 and P50–P10 differentials. Shaded areasare recessions.
which female labor force participation grew in Mexico, likely due, at least in part, to the moreflexible conditions encouraged by the reform.9 Thus, it is possible that the greater flexibility inhiring practices induced the entry of women into the labor market, but particularly so for thosewho may demand more flexible work arrangements.For the purpose of detecting significant deviations from normality, figure 9 plots higherorder moments of the distribution of one-year earnings changes. In particular, we considerKelley skewness and excess Crow-Siddiqui kurtosis and whenever we mention skewness and/orkurtosis in this section we are referring to these two measures. Notice that, other than theparticularly sharp decrease and rebound of skewness during the period of the financial crisisobserved across genders, skewness remains fairly stable and relatively close to zero for both menand women from 2009 onward. Regarding kurtosis, we find that the distribution is leptokurtic,implying that, while most workers experience transitory earning changes of a small magnitude, anon-negligible mass of them experiences extreme shocks. Qualitatively, the evolution of kurtosisis fairly similar for both men and women, although its level is significantly higher for women.Kurtosis had been trending slightly upward before the financial crisis, but increased significantlyduring this recession, particularly so for women. From 2011 onward, nonetheless, we see both

9De la Cruz Toledo [2020] finds that the higher preschool enrollment associated with the rollout of a universalpreschool policy led to an increase in female labor force participation in Mexico. Growing female labor forceparticipation is also reflected in our administrative data with the share of women in the IMSS master sampleincreasing from 36.4 to 38.7% between 2011 and 2019.
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Figure 9: Skewness and kurtosis of one-year log earnings changes
(a) Kelley skewness
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Note: Based on authors’ calculations with data from IMSS. Using the LS+TMax sample, this figure plots againsttime the following higher order moments of the distribution of one-year earnings changes: (a) Men and Women:Kelley skewness calculated as (P90−P50)−(P50−P10)P90−P10 ; (b) Men and Women: Excess Crow-Siddiqui kurtosis calculatedas P97.5−P2.5P75−P25 − 2.91, where the first term is the Crow-Siddiqui measure of kurtosis and 2.91 corresponds to thevalue of this measure for the Normal distribution. Shaded areas are recessions.
a strong downward trend and a significant reduction in the gap level between men and women.Despite this significant downward trend in the kurtosis of one-year earnings changes, by theend of our period of study its level remains quite high. Note that, even if the levels of excesskurtosis of one-year earnings changes in the Mexican administrative data are high, they are notout of line with what Guvenen et al. [2021] report for the United States, particularly those thatprevail in the latter part of our sample period. While our results suggest an average kurtosisfor one-year earnings changes that is higher than the one for the United States, Guvenen etal. [2021] also find high levels of excess kurtosis of up to 11 for workers aged 45 to 54 in the60th percentile of the distribution of recent earnings, a level that is comparable to ours for menduring the whole sample period and for women from 2015 onward. Conversely, if we look atthe excess kurtosis of five-year income changes (see figure B.8 in the online appendix B), thelevels are significantly smaller than those depicted in figure 9, suggesting that the distributionof transitory earnings shocks is significantly peakier than that of permanent shocks, i.e. extremeshocks to earning changes are more likely to be transitory than permanent.It is also of interest to understand how the properties of the distribution of one-year earningschanges may vary along the permanent income distribution and along the life-cycle of workers.10

10Permanent income for each worker is defined as Pit−1 = ∑t−1s=t−3 yis3 . This measure takes average raw earningsyi (including zeros or earnings below the meaningful attachment to the labor force) over the previous three years.It is constructed only for those workers who have at least two years of earnings above the threshold.
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To this end, figure 10 presents dispersion, skewness, and kurtosis conditional on age (for agegroups 25 to 34, 35 to 44, and 45 to 55) and conditional on the percentile of a worker’s per-manent income. The permanent income is calculated aggregating over a period of 15 years, themaximum number of years available in our sample, from 2005 to 2019. Several relevant patternsare qualitatively similar across genders, but there are also important differences. Specifically,dispersion is monotonically decreasing with both age and permanent income, meaning that tran-sitory shocks to earnings are the most volatile for younger and lower-income workers. Skewnessseems to be increasing with age. This is evident in the case of women, and for men at the bottomand top of the permanent income distribution; between P30 and P70 skewness is fairly similaracross age groups. Along the distribution of permanent income, skewness decreases monotoni-cally up to the 55th percentile, approximately, and then remains relatively stable, with a slightupward trend from P85 in the case of men. Men also display skewness that is positive forthe lower part of the permanent income distribution and negative for the upper percentiles andthis applies to all age groups. In contrast, for women aged 35 and older, skewness is positivealong the entire distribution of permanent income. For young women, as it was the case withyoung men, skewness is positive at the bottom of the permanent income distribution but becomesnegative from around the 40th percentile onward. The positive skewness of one-year earningschanges observed for all women 35 or older and for men of all ages in the lower part of thepermanent income distribution implies that the earnings of these workers have more room tomove up and less room to fall. This contrasts with the patterns observed during the financialcrisis when skewness became noticeably negative, meaning that this recessionary episode, albeitbrief, temporarily and significantly increased the chances for all Mexican workers of experiencinglarger and more frequent negative shocks. Finally, kurtosis, is monotonically increasing withage for men. The same is true for women as well, but only up to about the 40th percentile of thepermanent income distribution. For the youngest workers, kurtosis increases sharply up to the15th percentile, it continues to increase, but very gradually, up to roughly the 85th percentile,after which it slightly trends downward. In contrast, for the oldest workers kurtosis increasesup to the 25th and 8th percentile for men and women, respectively, and then trends downward.Men experience this downward trend gradually, while for women the decrease is sharp betweenP8 and P10 and then kurtosis starts a gradual downward trend along the rest of the perma-nent income distribution. Overall, older and lower-income workers face the most concentrated(peakiest) distribution of transitory income shocks.

20



Figure 10: Dispersion, skewness and kurtosis of one-year log earnings changesconditioning on permanent income for workers of different ages
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Note: Based on authors’ calculations with data from IMSS. Using the H+TMax sample, this figure plots againstpercentiles of the permanent income distribution, and for three different age groups, the following moments of thedistribution of one-year earnings changes: (a) and (b) Men and Women: P90–P10 differential; (c) and (d) Menand Women: Kelley Skewness; (e) and (f ) Men and Women: Excess Crow-Siddiqui kurtosis. The permanentincome is calculated aggregating over a period of 15 years, the maximum number of years available in our sample,from 2005 to 2019. Since the data are top coded the percentiles of the permanent income distribution are plottedonly until P95.21



3.3 Income Mobility

We now turn to the analysis of mobility over time in the distribution of earnings. Figure11 shows long-term mobility for workers aged 25–34 and workers aged 35–44, tracking theirmovements along the distribution of permanent income over a 10-year time horizon. We observeupward mobility at the bottom and downward mobility at the top of the permanent incomedistribution, except at the very top. These patterns of mobility are qualitatively similar for menand women. For both age groups under consideration, there is upward mobility up to aboutP45 and P35 for men and women, respectively with upward mobility being slightly higher foryounger workers. In contrast, individuals located in the top percentiles of the permanent incomedistribution experience downward mobility that is also higher for younger workers. At the verytop of the permanent income distribution, top 0.1%, there is essentially no income mobility.
Figure 11: Evolution of 10-year mobility over the life cycle
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Note: Based on authors’ calculations with data from IMSS. The figure shows average rank-rank long-term(10-year) mobility for male (a) and female (b) workers of different ages.
Looking at long-term mobility over time, figure 12 shows the evolution of 10-year mobilityfor two different starting years, 2007 and 2009. The patterns are again very similar across menand women, but it is worth noting that 10-year mobility within the distribution of permanentincome is essentially unchanged between 2007 and 2009, despite 2007 being a pre-crisis yearand 2009 coinciding with the large macroeconomic shock associated with the financial crisis(see figure 1).
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Figure 12: Evolution of 10-year mobility over time
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Note: Based on authors’ calculations with data from IMSS. The figure shows average rank-rank long-term(10-year) mobility for male (a) and female (b) workers in selected years of the sample, 2007 and 2009.
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4 Administrative vs. Survey Data and Worker Transitions

An important limitation of the social security data and, hence, of the results presented in section3 for understanding inequality and the dynamics of income in the Mexican labor market, isthat these data only cover workers in the formal sector. As such, they are not informativeabout a large segment of the Mexican labor market: informal workers. In contrast to developedcountries, a notorious characteristic of developing and emerging economies, such as Mexico, isthat the informal sector is responsible for a large share of all economic activity and commandsa significant proportion of the economy’s productive resources. During the period consideredin our analysis, 2005–2019, the quarterly rate of informality ranged between 56 and 60% atthe aggregate level (see figure 2), with this rate being somewhat larger for women than formen. Furthermore, Levy [2018] shows that informal firms in Mexico represent 90% of all firmsand absorb 40% of the economy’s capital stock. Thus, these firms are present throughout theeconomy and are not confined to activities deemed “traditional” or “less modern”, implying thatthe informal economy fully coexists alongside the formal economy.Due to the pervasiveness of informality in the Mexican economy and the fact that the relativesize of the informal sector may affect the overall functioning of the labor market and the op-portunities available to workers in terms of job security, social mobility, and life-time earnings,any analysis that omits a discussion of informal employment can only provide a partial per-spective regarding the labor market outcomes, including earnings, of a large share of Mexicanworkers. With this in mind, we devote the second part of our analysis to two exercises. First,we contrast some of the results from the previous section, based on IMSS data, with results ob-tained from a comparable sample from the Encuesta Nacional de Ocupación y Empleo (ENOEfor its acronym in Spanish), the main household survey on employment in Mexico. In addition,we provide results for informal workers and the pooled sample of formal and informal workers.This exercise is informative about the extent to which household survey data could be used toprovide a more comprehensive view of the Mexican labor market by offering information on bothformal and informal workers. Second, we study the wage dynamics of workers who exit andsubsequently re-enter the IMSS database, as a large number of workers in Mexico maintain atenuous connection with formal employment. Even though we cannot track workers upon exitfrom the social security data, the very low levels of unemployment and absence of a social safetynet in Mexico suggest that the majority of these workers are likely to be transitioning in andout of formal employment via job spells in the informal sector. This is especially plausible formen, whose labor participation rate is above 90% for the age group considered in the analysis.Our main results can be summarized as follows. First, the evolution of log earnings based
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on IMSS data and those based on ENOE are very comparable for the lower percentiles of theearnings distribution (roughly up to P25), but not for the upper percentiles (P50 and above).We argue that the most plausible reason behind this finding is that household survey datasuffer significantly from an issue of non-response in questions related to labor earnings thatis concentrated among those workers most likely to be in the upper segment of the earningsdistribution (formal and highly educated workers). Since non-response is non-random, has beenincreasing during the sample period, and the observable characteristics of non-responders havechanged to some extent over time, non-response is a significant issue that limits the usefulness ofMexican household survey data for constructing statistics on inequality and earnings dynamicsthat are comparable to those presented in section 3. Second, workers who exited the formalsector can take, on average, three or more years upon re-entry to achieve yearly wages thatare comparable to those earned before exit. This suggests that most workers do not transitionout of formal employment because of better opportunities elsewhere, otherwise it is improbablethat they would accept to re-enter formal employment at lower wages. The earnings recoveryprocess appears to be faster for women than for men.The rest of this section is organized as follows. Section 4.1 presents the comparison betweenIMSS-based statistics and ENOE-based statistics. Section 4.2 analyzes the impact of transi-tioning out of and back into IMSS-affiliated employment on the wages earned within the formalsector.
4.1 Earning Inequality and Dynamics: Comparing Administrative and Sur-

vey Data

To provide a more comprehensive picture of the distributions of earnings levels and changesof Mexican workers and evaluate the evolution of income inequality for formal and informalworkers, we rely on an additional source of information, the Encuesta Nacional de Ocupacióny Empleo (ENOE) in this section. The ENOE is the primary official source of employment andoccupation data in Mexico. It is a quarterly household survey at the national level run by theMexican Statistical Agency (INEGI) and is specifically designed to collect information on theemployment situation of individuals in rural and urban areas. It also collects information onlabor income and socioeconomic characteristics of the individuals surveyed. It has a rotatingpanel structure: every quarter, INEGI replaces one-fifth of the sample (i.e. each household isfollowed for five consecutive quarters before being dropped from the survey). The ENOE isrepresentative at the national and state level, and for one selected city in each state. It is
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conducted continuously throughout the year, surveying approximately 120 thousand householdsin each quarter.It is well-known that using survey data presents several challenges, such as measurementerror, lack of representativeness in the tails of distributions, small sample size, increasing non-response, and declining response quality (see National Research Council [2013] and Meyer,Mok, and Sullivan [2015]). Despite these limitations that the ENOE also suffers from, it pro-vides the necessary information to compute different indicators that can be compared to thoseconstructed using the administrative data presented in section 3.1 (cross-sectional evolution ofincome inequality) and section 3.2 (transitory shocks to earnings).11While the underlying structure of the ENOE does not allow for selecting a sample that isidentical to the one used in section 3 (i.e. IMSS is a census with a true panel structure whileENOE is a survey sample with a rotating panel structure), we select a sample of workers presentin ENOE that is as close as possible to the master sample constructed with the administrativedata. We then proceed to calculate statistics analogous to those of sections 3.1 and 3.2. Inparticular, we only consider individuals who are sampled for 5 consecutive quarters, report apositive income for at least one of the 5 quarters, and report to be employed in an IMSS-affiliated job for at least one of the 5 quarters. This sample of workers is representative ofthe “formal base population” (i.e. the population of formal workers that is our reference) thatmore closely resembles that of IMSS. We then apply to this sample a set of restrictions thatmake it as similar as possible to the IMSS master sample. That is, we impose the same bottomand top coding as in the administrative data, we only consider monetary labor income from themain occupation as this is the earning measure that more closely matches the one reported inthe IMSS records, we restrict the sample to workers aged 25 to 55, and we impose the same
11Another well-known household survey run by INEGI that is commonly used to measure poverty and incomeinequality in Mexico is the Encuesta Nacional de Ingresos y Gastos de los Hogares (ENIGH). We chose to usethe ENOE instead of the ENIGH for this comparison exercise for several reasons. First, while the ENIGH providesinformation on various sources of household income, we only need information on (monetary) labor earnings as thisis the income variable that is relevant for the comparison with the IMSS-based statistics from section 3. On thisfront, both surveys provide comparable information. But it is not clear that the ENIGH has a clear advantage overthe ENOE as the ENIGH is primarily designed to capture overall wealth, not labor income. Second, the ENIGHis only available every two years, while the ENOE is run every quarter. Third, the ENIGH only provides one datapoint for labor income for each worker in each year, while the ENOE can provide up to five data points. Usingmore frequently available information has the advantage of minimizing noise and measurement error in the data.Fourth, the ENIGH went through some important methodological changes during the period studied in this paperthat limit comparability across the rounds of this survey. Finally, and most importantly given the nature of theGlobal Income Dynamics Project, it is impossible to capture any dynamics of income with the ENIGH. Despite allthese limitations that lead us to prefer the ENOE, we conducted a similar exercise to the one presented in thissection and found that the main trends in inequality that we document with IMSS and ENOE are also observedwhen using ENIGH data for formal workers and for the total workforce (formal and informal).
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“meaningful attachment to the labor force” condition that we imposed to the workers in theadministrative data (annual income equivalent to at least 45 days paid at the minimum wage).Since workers in the ENOE report their typical monthly income in each quarter, we calculatetheir annual income by averaging the monthly income for all the quarters they are observedand then multiplying it by 12. Finally, we recalibrate the expansion factors (weights) originallyassigned to the individuals included in the ENOE sample selected by applying these restrictionsusing a variable that stratifies labor income in terms of number of minimum wages (strata being:at most one minimum wage; between 1 and 2 minimum wages; between 2 and 3; between 3 and5; more than 5). This ensures that the share of individuals present in each stratum is equal inthe original ENOE sample that represents the formal base population and in the final ENOEsample obtained once the restrictions just mentioned are applied.We start by comparing the features of the distribution of log earnings calculated with infor-mation from IMSS (left) and from ENOE —formal workers only— (right). The upper panel offigure 13 shows the evolution of the percentiles of this distribution. The lowest percentiles, upto approximately P25, have remarkably similar patterns in both IMSS and ENOE, particularlyto the extent that they display a significant increase, from 10 to 30% in comparison to 2005, from2014 onward. The upper percentiles, however, differ starkly when comparing IMSS with ENOE.The ENOE-based top percentiles display very large drops ranging between 15% for P75 andalmost 40% for P95 relative to 2005. These significant changes observed in the ENOE data arerather implausible and suggest that the household survey is most likely inaccurate for capturingearnings at the top of the distribution.
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Figure 13: Comparison between administrative and survey data: distribution of log realearnings
(a) IMSS
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(b) ENOE formal workers
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(c) IMSS
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(d) ENOE formal workers
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(e) IMSS
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(f ) ENOE formal workers
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Note: Based on authors’ calculations with data from IMSS and ENOE. Using the CS+TMax sample for theIMSS data and a sample from ENOE (only formal workers with access to social security) constructed to match theCS+TMax sample as closely as possible, this figure plots against time the following statistics of the distributionof log earnings: (a) IMSS: P5, P10, P25, P50, P75, P90, P95; (b) ENOE formal workers: P5, P10, P25, P50,P75, P90, P95; (c) IMSS: P90–P10 and 2.56*σ ; (d) ENOE formal workers: P90–P10 and 2.56*σ ; (e) IMSS:P90–P50 and P50–P10; (f ) ENOE formal workers: P90–P50 and P50–P10. Shaded areas are recessions.28



To understand the source of this discrepancy in the upper part of the log earnings distribution,we analyze a problematic issue that is very common in surveys —non-response. In ENOE, non-response regarding income/earnings for employed workers has increased from 9% in 2005 tomore than 25% in 2019. Moreover, the non-response is non-random and concentrated amonghighly educated formal workers. For university-educated workers, non-response almost doubledbetween 2005 and 2019, reaching 40% in 2019. For workers with primary education or less,non-response also increased but it never exceeded 20 percent. Formal and urban workers arealso more likely to not provide information about their income. More details that documentthese facts are provided in the online appendix C. The fact that non-response is so pervasivefor specific categories of workers who are usually the top earners, that it has been increasingover time, and that observable characteristics of non-responders have also somewhat changedthroughout the sample period, indicates that this issue is likely to be the reason why the ENOEis inaccurate in characterizing the upper part of the earnings distribution.Looking at the middle and bottom panels of figure 13, we observe a decrease in overalldispersion, and hence a decrease in inequality, that accelerates from 2016 and is more stronglydriven by the declining inequality in the lower part of the earnings distribution. These patternshold with data from both IMSS and ENOE even if the levels are not the same. Our resultsare reassuring in terms of confirming that administrative and survey data are able to provide asimilar picture of the evolution of earnings in the lower percentiles of the distribution. But theyalso point to the fact that survey data can be particularly unreliable for studying the evolutionof the top percentiles, where the non-response tends to be more concentrated and severe, andfor computing measures of inequality.To provide a more comprehensive picture and to better understand how our analysis fromsection 3 that includes only workers employed in the formal private sector can be representativeof all workers in Mexico, we present figures similar to figure 13 in the online appendix C. Thesefigures analyze the evolution of the percentiles of log earnings and measures of inequality forinformal workers and for the whole pool of workers (formal and informal). We find comparabletrends indicating that the statistics we calculate for formal workers with both administrative andhousehold survey data are relevant and informative for all employed workers.Next, we compare the distribution of transitory earnings shocks. Note that, given the short,rotating panel structure of the ENOE (only 5 quarters), we can only construct a measure ofone-year income changes with the ENOE, and this measure is inevitably very noisy becausewe can only use 2 data points for each worker (i.e. information on income in his/her first and
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last quarter).12 Figures 14 and 15 show the comparison between the evolution of the percentilesof the distribution of transitory earnings shocks and measures of dispersion, symmetry, andconcentration in this distribution, respectively, using data from IMSS and ENOE. We see thatthe overall trends in the percentiles and moments of the distribution are similar throughout thewhole period of analysis with both IMSS and ENOE data. The most notable exception is thefinancial crisis when some of the deviations from the observed patterns are more evident inthe administrative data than in the survey ones. These results suggest that transitory earningsshocks from ENOE and IMSS display more similar patterns than log earnings percentiles. Weexplore a possible explanation for this finding by verifying how levels of earnings are correlatedwith one-year earnings changes in the ENOE sample. We calculate that in a given year t theircorrelation is quite small and statistically significant, ranging between −0.3 and −0.4. But ifwe focus on the upper part of the distribution of log earnings (from P50 onward), where weknow that the non-response is more severe, this correlation is significantly smaller, dropping bymore than 30%.13 This implies that the income level of an individual is not strongly correlatedwith his/her transitory earnings shocks. That is, individuals with both low and high earningscan experience both small and large earnings changes, and this is particularly true for highearners. Hence, the issues that the non-response causes in the upper part of the distribution oflog earnings are not automatically transmitted to the distribution of earnings changes, limitingthe extent to which non-response affects the comparability between administrative-based andsurvey-based measures of temporary earnings shocks.

12We use the information on income in the first quarter each worker appears in the survey to construct his/herannual income in year t and the information in his/her fifth (last) quarter to construct his/her annual income in yeart + 1. As we can only use one monthly data point for t and t + 1 the annualized income, and hence the changes inthis income, are very noisy.13This is consistent with figure 10 that shows that in the administrative data the dispersion of one-year changesin residualized earnings is high in the lowest percentiles of the permanent income distribution but mostly flateverywhere else.
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Figure 14: Comparison between administrative and survey data: evolution of thepercentiles of the distribution of one-year log earnings changes
(a) IMSS
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Note: Based on authors’ calculations with data from IMSS and ENOE. Using the CS+TMax sample for theIMSS data and a sample from ENOE (only formal workers with access to social security) constructed to match theCS+TMax sample as closely as possible, this figure plots against time the following statistics of the distributionof one-year log earnings changes: (a) IMSS: P5, P10, P25, P50, P75, P90, P95, P99, P99.9; (b) ENOE formalworkers: P5, P10, P25, P50, P75, P90, P95. All percentiles are normalized to 0 in 2005, the first available year.P99 and P99.9 are omitted in panel (b) because, due to the lack of a sufficient number of observations, they aretoo noisy to be informative. Shaded areas are recessions.
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Figure 15: Comparison between administrative and survey data: measures of dispersion,symmetry, and peakdness of the distribution of one-year log earnings changes
(a) IMSS
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Note: Based on authors’ calculations with data from IMSS and ENOE. Using the CS+TMax sample for theIMSS data and a sample from ENOE (only formal workers with access to social security) constructed to match theCS+TMax sample as closely as possible, this figure plots against time the following statistics of the distributionof one-year log earnings changes: (a) IMSS: P90–P50 and P50–P10; (b) ENOE formal workers: P90–P10 andP50–P10; (c) IMSS: Kelly skewness; (b) ENOE formal workers: Kelly skewness; (c) IMSS: Excess Crow-Siddiquikurtosis; (d) ENOE formal workers: Excess Crow-Siddiqui kurtosis. Shaded areas are recessions.32



4.2 Transitions In and Out of Formal Employment and their Impact on Wage
Dynamics

A distinctive feature of the formal labor market in Mexico is that there is continuous entry and exitof workers into and out of IMSS-affiliated jobs. For example, during the sample period coveredby our analysis, only 8.8% of workers maintained an IMSS-affiliated (formal) job throughout.Additionally, about one fourth of workers have two or more spells of formal employment wherea spell is defined as a sequence of contiguous years in which we observe a worker’s incomewithin our data (see the online appendix A for descriptive statistics regarding active employmentspells). Thus, in general, most Mexican workers do not seem to have a very strong attachment toformal employment. This tenuous bond can potentially have an important impact on the lifetimeearnings and welfare of workers given that informal employment typically implies lower averagewages and does not entail social security benefits, nor grants any of the employment protectionassociated with formal employment.The movements in and out of the formal employment can be associated with transitionsbetween IMSS-affiliated employment, non-IMSS-affiliated employment (either in the formalpublic sector or in the informal sector), unemployment, or exit from the labor force. It is importantto emphasize that, once workers leave the IMSS database, we are unable to track them and thuscannot ascertain the state into which they transition (nor the state from which they transitionback into formal employment). Given that we are focusing on prime-age workers, it is most likelythat the bulk of these transitions occur between (private) formal and informal employment, as theinformal labor market is one of the most important mechanisms for Mexican workers to smoothincome shocks. While information on transitions is not available in the administrative data, thehousehold survey ENOE permits to follow workers across different states (i.e. employed in theformal sector through IMSS; employed in the formal sector through a different social securityinstitution; employed in the informal sector, unemployed; out of the labor force). We use theENOE to characterize transitions across these states using a sample of workers comparable(in terms of age) to the sample from the IMSS data that we use in the first part of the paperand during the same period (2005–2019), and document that, indeed, the majority of workerstransitioning out of IMSS-affiliated jobs move to informality. In particular, we find that in agiven quarter, on average, 18% of the male and 19% of female workers leave IMSS-affiliatedemployment. Out of these transitioning workers, 63% of men and 45% of women end up beinginformally employed in the next quarter. Similarly, 62% of all male and 46% of all female workerswho get employed in an IMSS-affiliated job in one quarter worked in the informal sector in theprevious quarter. These patterns confirm that informality is the most recurrent employment
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option outside the formal sector for both men and women.14 As this entry and exit can affectthe dynamics of income, we now turn the focus of our analysis to verifying whether spells out offormal employment imply a penalty on earnings upon re-entry and, if so, how large this penaltyis and how long it takes for workers to recoup their previous wages.We restrict our sample to the group of workers with two spells of formal employment.15Almost one fifth of all workers who have been formally employed during the sample period haveonly two spells of formal employment (see the online appendix A), which implies that they haveexited and re-entered after a break that lasted at least one year and hence have only one gapin formal employment. On average, these workers are present in the database 3.2 years beforeleaving, stay out of formal employment 2.6 years, and then come back for another 3.6 years.The distinguishing features of this subsample are: (i) the proportion of males is slightly largerthan for the whole sample (61.2% vs 60.4%); (ii) their average age at the beginning of their firstspell of formal employment is slightly lower (31.7 years old versus 32.6 years old); and (iii)their average age at the conclusion of their second spell of formal employment is 40.4 yearsold, substantially lower than the retirement age. To analyze the potential penalty on earningsimplied by this mechanism of entry, exit and subsequent re-entry into formal employment, wecompare pre-exit wage trajectories with the post re-entry trajectories. In particular, we adoptan event-study approach around the beginning and the end of the gap in formal employment. Inour baseline specification we examine a 3-year event window before and after each worker exitsthe database. We balance the panel by keeping only workers that can be observed for threeconsecutive years before leaving the dataset and for three consecutive years after re-entry. The3-year event window is chosen as the benchmark as it maximizes sample size while mimickingthe average duration of these workers’ active spells.16
14The survey data also confirm the well-know fact that in Mexico men have a much stronger attachment to thelabor force than women. In fact, 79% of male workers who exit IMSS-affiliated jobs remain in the labor force andfind employment mainly in the informal sector or in formal jobs not affiliated with IMSS. On the other hand, theshare of female workers who remain employed upon leaving IMSS-affiliated jobs is only 60%, with almost threequarters of these workers finding employment in the informal sector, but with a considerable share, about 30%,leaving the labor force (the remaining 10% transitions to unemployment).15The descriptive statistics and estimates relative to this part of the analysis are based on a random sample of4 million workers obtained from the universe of workers that were present at least one year in the master sampleused to carry out the analysis presented in section 3.16As we widen the analysis window, we lose observations since it is difficult to find many workers that are presentin the data many years before leaving as well as after re-entering. As a robustness check, we also analyze a 5-yearevent window to assess whether wage trajectories change as the event window widens. Inevitably, the 3-year eventpanel is comprised of a different set of workers than those included in the 5-year event window. Results hold whenusing the specification with the wider event window (see the online appendix D).
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The comparison is performed by estimating the following specification, separately by gender:
ln(wit) = β0 + 3∑

τ=−2 βτIτ + 9∑
κ=1 βκIκ + 3∑

τ=−2
9∑

κ=1 βκτ IτIκ + γgIg + αe + αs + αt + εit (4.1)
Here ln(wit) is the logarithm of the average monthly wage of worker i in year t. Iτ = 1[event = τ ]are dummy variables for the number of years before or after leaving the sample: τ = 0 is theyear right before leaving the sample (i.e. the last year of a worker’s first job spell in the formalsector), τ = −1 refers to two years before leaving the sample, τ = 1 is the first year uponre-entering (i.e. the first year of a worker’s second job spell in the formal sector), and so on.
Iκ = 1[duration = κ ] is a set of dummy variables that take the value of 1 depending on the knumber of years during which the worker was out of formal employment. We consider durationsout of formal employment that go from 1 up to 9 years because these are the durations observedin the data. Ig = 1[ageit = g] are dummy variables for the age group to which worker i belongsin year t. αe, αs, and αt are fixed effects for sector of economic activity e and federal state swhere the worker is employed, and year t, respectively, and εit is the error term. Standard errorsare clustered at the worker and sector-year levels.

Figure 16: Estimates of wages trajectories (log differences) of workers who exit andre-enter formal employment
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Note: Based on authors’ estimates with data from IMSS. The figure plots differences of log wages obtained byestimating equation (4.1) using a subsample of workers with only two spells of formal employment. Markers formen and women are positioned to the left and right, respectively, of each event year t. Standard errors areclustered at the worker and sector-year levels and 95% confidence intervals are plotted together with pointestimates.
The coefficients of interest are the βτ , that capture how wages in different event periods
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τ compare to the base year, τ = 0, the year right before leaving the sample. A graphicalrepresentation of the estimates of these coefficients is shown in figure 16.17 On average, wagesdecrease the year before leaving the sample, both for male and female workers. Men appear tobe experiencing a more marked downward trend two years before leaving, while women seemto have more stable wages in the years before exit. Upon re-entry, our results indicate that,in the first year of their second formal job spell, workers suffer a wage penalty of around 15%compared with the wage they earned in the year right before concluding their first spell of formalemployment. This holds for men and women, although men seem to fare worse than women interms of the speed of wage recovery.18 Wages start to catch up in the second year upon re-entry,but men are still not able to fully regain their pre-exit wages in the third year after re-entering,whereas women are able to recoup almost entirely.The fact that wages are lower upon re-entry suggests that the wage penalty is likely as-sociated with most of these workers transitioning to lower-paying jobs, possibly in the informalsector, after (temporarily) leaving formal employment. As a consequence, these workers maysuffer a negative income shock that the analysis in section 3 is not able to capture. On the otherhand, regaining formal employment may also entail a positive income shock. Since our resultssuggest that the unobserved positive (re-entry) income shock is smaller than the initial negative(exit) one, some of the measures of income dynamics discussed in section 3 may be unable tofully capture the effects of these shocks on earnings as they cannot take into account the impactof transitions in and out of formal employment.We also characterize the behavior of wages, in levels, during the event window under analysis.We use the estimated coefficients from equation (4.1) and calculate the conditional means of logwages with respect to a worker in the base category of the regression,19 for each event period
τ and each duration of the spell outside of formal employment κ . Specifically, we compute
E[ln wit|X = X0, τ = t, κ = k] = β̂0 + β̂τ + β̂κ + β̂κτ , where X0 is the base category. Once againstandard errors are clustered at the worker and sector-year levels. In addition to the patterns

17The complete estimation output for this regression is provided in the online appendix D. In the same onlineappendix we present additional results obtained with a larger sample of workers, those with at least two spells offormal employment, where we consider only their first two spells. We also present results from adding worker fixedeffects to (4.1). The main insights are maintained across these different specifications.18We test for differences in the coefficients βmale
τ and β female

τ . In the first year upon re-entry the log differencebetween wages of men and women is not statistically significant, i.e. we cannot reject that β1,male = β1,female. But ifwe perform a test on the difference in these coefficients along the whole recovery path, namely we jointly test that
β1,male = β1,female, and β2,male = β2,female, and β3,male = β3,female, we find that these differences are indeed statisticallysignificant confirming that, overall, men experience a slower wage recovery toward pre-exit levels than women.19The base category of this regression, X0 is defined as: age=25; sector=agriculture; state=Aguascalientes;year=2005; τ = 0, κ = 1.
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that we already discussed in relation to figure 16, we now see that, on average, women havehigher wages than men upon re-entry20 and wages for both men and women tend to decreasewith the number of years they remained out of the formal sector between their first and secondspell of formal employment. Panel (b) of figure 17 shows more clearly that in the third yearupon re-entry, women whose stint out of formal employment was relatively brief are able to fullycatch up with the wage they earned in the year right before exiting, while men, even those withthe shortest duration between spells of formal employment, are still lagging behind.
Figure 17: Estimates of wages trajectories (levels) of workers who exit and re-enterformal employment
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Note: Based on authors’ estimates with data from IMSS. The figure plots the conditional means of log wagescomputed as E[ln wit|X = X0, τ = t, κ = k] = β̂0 + β̂τ + β̂k + β̂κτ where X0 are the observable characteristics of theworker in the base category of regression (4.1) and the tuple (τ, κ) accounts for every possible pair of event τ andduration κ . Standard errors are clustered at the worker and sector-year levels and 95% confidence intervals areplotted together with point estimates. Standard errors and confidence intervals are obtained with the delta method.
For robustness we verify that our results are not driven by other possibly confounding factors.For instance, we look at the pre-exit and post re-entry wage trajectories of workers whose firstspell of formal employment came to an end due to the 2009 financial crisis. We find that the wagepatterns we document in our benchmark specification are a general feature of the transitions outand back into formal employment and do not seem to be driven by the specific exit/re–entry thatoccurred during the financial crisis (see the online appendix D for a more in-depth discussionof the findings of this exercise).

20We formally test that the difference in the conditional means of female and male workers is different in eachevent period by running the regression: ln(wit) = β0 + βfemaleIfemale + ∑3
τ=−2 βτ Iτ + ∑3

τ=−2 βτ Iτ Ifemale + αe + αs +
αt +(α ′e +α ′s +α ′t )× Ifemale +εit and testing whether E[ln(wit)|X, Ifemale = 1, τ = t]−E[ln(wit)|X, Ifemale = 0, τ = t] = 0.We confirm that, starting from τ = 2 on, this difference is indeed statistically different than zero.
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As an additional robustness check we also run a placebo test by comparing the wage tra-jectories of workers with two spells of formal employment with the trajectories of the group ofworkers who stayed in the database the entire period in a fashion very similar to a difference-in-differences event study design. This design is based on assigning placebo exits and durationof spells out of formal employment to individuals who remained formally employed throughoutthe whole period. Even though we do not intend to interpret these results as causal, they serveas a useful tool for assessing whether the features that we find in the group of workers wholeave and re-enter formal employment are peculiar to this group.To carry out this exercise, we construct a control group comprised of workers who are presentin the IMSS data the whole 15 years for which information is available and compare their wagedynamics with those of workers who constitute our treatment group —workers who leave formalemployment only once and then come back. We use the Coarsened Exact Matching (CEM)method described in Iacus, King, and Porro [2012] to obtain a balanced sample of the treatmentand control groups. Through this methodology we find for 66.3% of workers who could potentiallybe in the treatment group an exact match in terms of age (age is coarsened into 5-year agegroups), gender, sector of economic activity and locality (state) who were observed in their lastyear before exiting formal employment. Consistent with this methodology, the exact match ischosen randomly among potential candidates, so that we can construct placebo exit events forthe individuals in the control group. We assume that each worker in the control group left thedatabase in the same year as his/her match in the treatment group, and that he/she was out offormal employment for the same number of years as his/her treatment group counterpart. Havingdefined the placebo events for the control group, we then proceed to estimate the followingspecification:
ln(wit) = 3∑

τ=−2 βτIτ + δtreatedIi,treated + 3∑
τ=−2 β treated

τ IτIi,treated + γgIg + αe + αs + αt + εit (4.2)
where Ii,treated is a dummy variable that takes the value of 1 if worker i is part of the treatmentgroup and 0 otherwise. We cluster the standard errors at the worker and sector-year levels.Mean log wages are displayed in figure 18 and are obtained using the estimated coefficientsfrom equation (4.2) to calculate E[ln wit|X = X0, τ = t, Ii,treated = 1] = β̂τ + δ̂treated + β̂ treated

τ .21 Onaverage, workers in the control group have higher wages in each event and show a slight upwardtrend in their wages (more so for women), as opposed to the fall observed in the year before exitfor workers in the treatment group. These results suggest that the patterns that we estimate in
21The estimation output of equation (4.2) is available in the online appendix D.
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Figure 18: Estimates of wages trajectories: treatment vs control group
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Note: Based on authors’ estimates with data from IMSS. The figure plots the mean of log wages for the worker inthe base category of the regression, conditioning on the worker belonging to the treatment or to the control group,for each event period τ . We compute E[ln wit|X = X0, τ = t, Ii,treated = 1] = β̂τ + δ̂treated + β̂ treated
τ using theestimated coefficients from equation (4.2) where we use a control group of workers randomly selected among thosewho are always present in the IMSS data and a subsample of workers with only two spells of formal employmentas the treatment group. Standard errors are clustered at the worker and sector-year levels and 95% confidenceintervals are plotted together with point estimates.

our benchmark specification are not driven by the treatment group merely reflecting a patternthat is also present for workers who do not incur the exit event (i.e. the control group). That is,the wage dynamics for workers who exit and re-enter formal employment can be associated withthe fact that these workers spent some time out of the formal sector. For instance, workers whosuffer an exit event have lower average pre-exit wages than those who remained continuouslyattached to a formal job. This suggests that workers at the bottom of the residualized earningdistribution described in section 3.2 may be more likely to exit formal employment. In turn, lowerincome workers face both a temporary income shock upon exiting formal employment and a morepersistent effect on future earnings due to the wage penalty upon re-entry. Thus, entry and exitinto and out of formal employment are likely to exacerbate residualized earnings inequality.
5 Concluding Remarks

Using social security records for millions of Mexican formal sector workers, we have studied thedistribution of earnings, mobility patterns in this distribution, and the distribution of earningschanges that characterize the dynamics of earnings. Following a non-parametric approach,
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we reach the following conclusions: the distribution of one-year earnings changes displayssignificant deviations from normality, with these deviations varying over the life-cycle, acrossthe permanent income distribution, and, to a lesser extent, across genders. We find that lower-income and younger workers face, on average, more dispersion in earnings changes, whilelower-income and older workers face a distribution of one-year earnings changes with a morepronounced peak. The distribution of earnings changes is not symmetric, but whether it is leftor right skewed depends on gender, age, and income: the distribution is most right skewedfor lower-income and older women, and it is most left skewed for higher income and youngermen. Additionally, the distribution of log earnings displays decreasing dispersion (or inequality)starting in 2015. Finally, we find that upward mobility within the earnings distribution is highestfor lower-income and younger workers, while downward mobility is highest for higher-incomeand younger workers. At the very top of the distribution (top 0.1%) we find little to no mobility.After establishing these results, we compare them with results based on a comparable sampleof workers from the household survey. The main takeaway of this comparison exercise is that,even if the administrative data do not contain information on an important part of the labor force—informal workers— they are a particularly valuable source of information for studying the topportion of the income distribution and, more importantly, for analyzing income dynamics. Surveydata have the advantage of including both formal and informal workers but suffer from importantlimitations, such as non-random non-response concentrated among high earners (formal and moreeducated workers), that may provide an inaccurate picture of important issues such as incomeinequality and the dynamics of top earnings. We further extend our analysis on the dynamics ofearnings of Mexican workers by studying how transitions out of and back into formal employmentaffect earnings. In this regard, we find that workers who transition out of formal employment aresubject to an earnings penalty upon re-entry. This penalty is a cost that workers must bear forthree years or more before achieving a level of earnings that is comparable to pre-exit levels.We hope that our findings can inform future research and policy analysis regarding theMexican labor market and that studying more in depth its structure and peculiar traits can shedlight on the key factors that are germane to the distribution of earnings and earnings shocksin Mexico. Understanding and giving context to these factors is also crucial for performingmeaningful cross-country comparisons of these distributions. Future research could benefit fromaccess to tax records that could help overcome the limitations of our analysis for the very top ofthe earnings distribution. Further work regarding the dual nature of the Mexican labor market,a feature that is also important in other developing countries, and the ways in which earningsdynamics are shaped by workers’ transitions across formal and informal employment is also a
40



promising and relevant avenue for future research (see Engbom et al. [2021] for an insightfulcontribution in this direction).
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Appendix for Online Publication

A Appendix: IMSS Data and Descriptive Statistics from the
Master Sample

In this appendix we provide additional information regarding the structure and the specificfeatures of the administrative data used to carry out the descriptive analysis in section 3 andreport relevant summary statistics of our master sample that should facilitate the comparison ofthe results across countries.Our administrative data, the IMSS data, are available on a monthly basis from January 2005to December 2019 and cover, approximately, between 13 million workers at the start of thesample period and 20 million workers toward the end. The information available for each workeris:22
� Social Security Number (SSN)
� Unique population registry* (CURP for its acronym in Spanish)
� Gender
� Type of employment (permanent vs temporary contract)23
� Daily (taxable) wage
� Employer id
� Firm tax id* (RFC for its acronym in Spanish)
� Sector of economic activity
� Geographic location of employer (county where the employer registers the employees withIMSS)Although not directly provided by IMSS, the worker’s SSN provides enough information to inferthe year of birth (age) and the year of first enrollment in social security.24While our social security data contain sufficient information to characterize the patterns ofincome dynamics and inequality for Mexican workers, there are a few issues regarding theirlimitations that are relevant for understanding how they may compare to or differ from admin-

22These fields of information correspond to those that IMSS has agreed to share with the General Directorateof Economic Research at Banco de México. The fields identified with asterisks are only available from November2018 onward.23Temporary contracts are those that are specified with start and end dates, while permanent contracts do notinclude a pre-specified end date.24For some of the observations, the age variable (inferred from the SSN) corresponds to an age that cannotpossibly be correct. These observations represent a negligible fraction of monthly observations and are eliminatedonce the age restrictions are applied for constructing the master sample.
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istrative records and/or employer-employee matched data in other countries. First, the IMSSdata do not contain any information on workers employed in the informal sector which means, asalready mentioned, that they miss a very substantial fraction of the Mexican labor force. Second,two additional issues are worthy of mention:a. Employer id vs Firm id. In the IMSS data, the employer id does not correspond to thefirm id as it is usually the case in employer-employee matched datasets. The Mexicansocial security system allows firms to have multiple “registros patronales” (i.e. employerids) that are used to register their workers with IMSS. The same firm could use multipleemployer ids for several reasons such as operating multiple plants, or employing groupsof workers with different risk profiles and there is no official source of information provid-ing a concordance between employer ids and the firms these belong to.25 The variablefirm id in the data corresponds to the id with which each firm is registered in the the“Registro Federal de Contribuyentes” (RFC), a tax identity code assigned by the Serviciode Administración Tributaria, the Mexican tax authority. This code is used by both firmsand individuals engaging in economic activities subject to taxes. Analogous to the caseof the employer id, firms may legally register multiple RFCs and there is no informationregarding which RFCs belong to the same firm.26b. Demographics. Mexican social security data do not provide information on a worker’seducational attainment, occupation of employment, or foreign-born status, nor allows foridentifying households (neither partners, parents, nor children of a worker). IMSS datacannot be linked with other sources of information, such as household surveys, that containsome of these demographic characteristics.We now turn to the specifics of the sample construction and sample statistics. Original IMSSrecords are collapsed to a yearly frequency by summing all the wage observations for a givenworker within the year.27 For the period 2005–2019, this results in over 315 million worker-year pairs with between 17 and 26 million observations per year for workers aged 14–75 yearsold. Imposing age restrictions on the sample to only include workers aged 25–55, which is therelevant group for all the results of section 3, between 23 and 26% of yearly observations and24% of the observations in the whole sample are lost. Excluded observations mainly consist ofworkers aged 24 and below (see figure A.1).
25In Mexico, social security contributions are paid based on the risk profile of the worker’s occupation.26For example, it could be the case that a firm uses one RFC for its taxable domestic operations and anotherRFC for its foreign sector operations. But, there is no information on how many RFCs each firm possesses and howit uses them.27At this stage, the only observations that are dropped from the original records are those with a missing valuefor wage. These observations represent a negligible share of monthly observations.
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Figure A.1: Age distribution in the master sample
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Note: Based on authors’ calculations with data from IMSS. The distribution is calculated over the entire sample,without age restrictions, consisting of 315 million worker-year pairs.
Regarding the composition by gender, the age-restricted sample is consistent with the com-position of the original data: on average, throughout the sample period, 63% of observations aremen, with the share of women rising steadily from 35% in 2005 to 39% in 2019. This implies thatthe absolute number of men grew by 50% between 2005 and 2019, while the absolute numberof women grew by 76% during the same period.28Within the group of workers in question (25–55 years of age), the bulk of the observations areconcentrated among workers aged 30 to 44 that, on average, command 55% of yearly observations.By splitting the observations into three age groups, we see that there is a significant changein the distribution of yearly observations across these groups, with a noticeable increase inthe participation of the eldest workers (45–55), at the expense of the participation of both theyoungest workers (25–29) and workers aged 30 to 44.

Table A.1: Gender and age composition of the age-restricted sample
Year by Gender by Age group in % shareMen Women [25–29] [30–44] [45–55]2005 65.2 34.8 25.1 56.3 18.62010 63.6 36.4 23.3 55.8 20.92015 63.0 37.0 22.9 54.1 23.02019 61.3 38.7 22.6 52.4 25.0

Note: Based on authors’ calculations with IMSS data.
28In the original monthly records spanning over January 2005 to December 2019, roughly 64% of observationsare men, with the share of women rising steadily throughout the sample, from about 35% at the outset to 37% bythe end of the period.
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An important characteristic of our administrative data is the frequent movement of workers inand out of jobs affiliated with social security. These movements represent transitions betweenformal employment and non-formal employment, with this latter state being either employmentin the government, employment in the informal sector, unemployment, or exit from the laborforce. We highlight some relevant statistics regarding these transitions. Based on an analysisconducted with a random sample of 4 million workers aged 25 to 55 we document that (see alsotable A.2):i. 8.8% are present during the entire sample period from 2005 to 2019.ii. 75.4% have only one active spell that has an average duration of 5.9 years.29iii. 18.9% have only two active spells, the first of these having an average duration of 3.2 years,and the second having an average duration of 3.6 years.30iv. 24.6% of workers have at least one inactive spell during the sample period. Among these,76.9% have only one inactive spell that has an average duration of 2.9 years.v. The average duration of the first active spell is 5.2 years, regardless of the total numberof active spells.vi. The average duration of the first inactive spell is 2.7 years, regardless of the total numberof inactive spells.
Table A.2: Distribution of workers by number of active job spells in the formal sector

N. of spells Share %Men Women All1 74.5 76.8 75.42 19.2 18.5 18.93 5.1 4.0 4.74 1.1 0.6 0.95 or more 0.2 0.1 0.1
Note: Based on authors’ calculations with a ran-dom sample form IMSS data consisting of 4 mil-lion workers aged 25 to 55.

The share of individuals with only one active spell as formal workers, 75.4%, is the result ofa combination of: workers that stayed in the database during the whole sample period (8.8%);workers who entered formal employment after 2005 and continuously kept a formal job until 2019,(29.2%); and workers who entered in or after 2005, ended their formal employment relationshipbefore 2019, and did not regain formal employment before or in 2019, i.e. they did not come backinto the database (37.4%). We refer to the first two groups of workers as “stayers” and to the
29Recall that a spell is defined as a sequence of contiguous years in which we observe the worker’s income(wage).3094% of workers have at most two active spells.
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third group as “leavers”. The distribution of workers that have only one formal spell accordingto these two categories is characterized in table A.3. Stayers and leavers are almost equallysplit in the sample and, in general, Mexican workers tend to have a tenuous connection withemployment in the formal sector, with this being more evident for women.
Table A.3: Distribution of workers with only one job spell in the formal sector

Share %Men Women AllStayers 51.9 48.2 50.4Leavers 48.1 51.8 49.6
Note: Based on authors’ calculations with arandom sample form IMSS data consisting of4 million workers aged 25 to 55.

Figure A.2 shows the distribution of leavers by age of exit. About 16.9% of these workersleave the IMSS dataset when they are 55 years old. That is, they exit either because theyreach the upper age limit we imposed to be included in the master sample or because theyretire altogether. At the other extreme, a significant share of workers exit formal employment ata young age: 30.1% of all workers that leave are 30 years old or younger.
Figure A.2: Distribution of leavers by age of exit
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B Appendix: Additional Results for Inequality, Mobility, and
Income Dynamics

In this appendix we present additional results that complement those presented in section 3 ofthe main text.
Figure B.1: Distribution of earnings in the population
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Note: Based on authors’ calculations with data from IMSS. Using the CS+TMax sample, this figure plots againsttime the following statistics of the distribution of log (real) earnings for the whole population: (a) P10, P25, P50,P75, P90; (b) P90, P99, P99.9, P99.99; (c) P90–P10 and 2.56 ∗ σ that corresponds to the P90–P10 differential fora Gaussian distribution; (d) P90–P50 and P50–P10. Since the data are top coded the percentiles above P95 areimputed by fitting a Pareto distribution around the top code. All percentiles are normalized to 0 in 2005, the firstavailable year. Shaded areas are recessions.
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Figure B.2: Distribution of residual earnings in the population after controlling for age
(a) Percentiles
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Note: Based on authors’ calculations with data from IMSS. Using the CS+TMax sample, this figure plots againsttime the following statistics of the distribution of residual earnings for the whole population: (a) P10, P25, P50,P75, P90; (b) P90, P99, P99.9, P99.99; (c) P90–P10 and 2.56 ∗ σ that corresponds to the P90–P10 differential fora Gaussian distribution; (d) P90–P50 and P50–P10. Residual earnings are obtained regressing log earningsagainst a full set of age dummies, separately by gender and year, and are computed to avoid trends being affectedby individuals being at different stages of their life cycles, or by the business cycle. Shaded areas are recessions.
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Figure B.3: Top income inequality: Pareto tail at top 5%
(a) Men
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Note: Based on authors’ calculations with data from IMSS. Using the CS+TMax sample, this figure plots againstlog earnings and for selected years in the sample the following variables: (a) Men: log counter cumulativedistribution of earnings; (b) Women: log counter cumulative distribution of earnings. The log counter cumulativedistribution is calculated as log(1–CDF). The estimated tail index for a power law distribution in the upper tail, isreported in parentheses. Since the data are top coded and the top percentiles imputed, the figure reports topincome inequality at the top 5% of the distribution of log earnings.

Figure B.4: Changes in income share relative to 2005
(a) Quintiles
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(b) Portions of the distribution
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Note: Based on authors’ calculations with data from IMSS. Using the CS+TMax sample, this figure plots againsttime changes in the distribution of income shares relative to 2005 for the whole population: (a): changes in thequintiles of the income shares distribution; (b) changes in selected portions of the income shares distribution.Quintiles are normalized to 0 in 2005, the first available year. Since the data are top coded and the toppercentiles imputed, the figure reports changes in income shares only up until the top 1% of the distribution.Shaded areas are recessions.
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Figure B.5: Evolution of the Gini coefficient
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Note: Based on authors’ calculations with data from IMSS. Using the CS+TMax sample, this figure plots againsttime the Gini coefficient for the whole population. A Gini coefficient equal to 0 expresses perfect equality in theincome distribution, while a Gini coefficient equal to 1 expresses maximal inequality. Shaded areas are recessions.

Figure B.6: Dispersion of five-year earnings changes
(a) Men
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Note: Based on authors’ calculations with data from IMSS. Using the LS+TMax sample, this figure plots againsttime the following measures of top- and bottom-tail dispersion of the distribution of five-year earnings changes:(a): Men: P90–P50 and P50–P10 differentials; (b) Women: P90–P50 and P50–P10 differentials. Shaded areasare recessions.

53



Figure B.7: Skewness and kurtosis of five-year earnings changes
(a) Kelley skewness
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Note: Based on authors’ calculations with data from IMSS. Using the LS+TMax sample, this figure plots againsttime the following higher order moments of the distribution of five-year earnings changes: (a) Men and Women:Kelley skewness calculated as (P90−P50)−(P50−P10)P90−P10 ; (b) Men and Women: Excess Crow-Siddiqui kurtosis calculatedas P97.5−P2.5P75−P25 − 2.91, where the first term is the Crow-Siddiqui measure of Kurtosis and 2.91 corresponds to thevalue of this measure for the Normal distribution. Shaded areas are recessions.
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Figure B.8: Dispersion, skewness, and kurtosis of five-year earnings changes
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(d) Women
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(f ) Women
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Note: Based on authors’ calculations with data from IMSS. Using the H+TMax sample, this figure plots againstpercentiles of the permanent income distribution, and for three different age groups, the following moments of thedistribution of five-year earnings changes: (a) and (b) Men and Women: P90–P10 differential; (c) and (d) Menand Women: Kelley Skewness; (e) and (f ) Men and Women: Excess Crow-Siddiqui kurtosis. The permanentincome is calculated aggregating over a period of 15 years, the maximum number of years available in our sample,from 2005 to 2019. Since the data are top coded the percentiles of the permanent income distribution are plottedonly until P95.55



Figure B.9: Standardized moments of earnings changes
(a) Men
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Note: Based on authors’ calculations with data from IMSS. Using the H+TMax sample, this figure plots againstpercentiles of the permanent income distribution, and for three different age groups, the following standardizedmoments of the distribution of one-year earnings changes: (a) and (b) Men and Women: Standard deviation; (c)and (d) Men and Women: Coefficient of skewness; (e) and (f ) Men and Women: Excess kurtosis. Excess kurtosiscalculated as γ − 3, where γ is the standard measure of kurtosis (i.e. fourth standardized moment) and 3corresponds to the value of this measure for the Normal distribution. The permanent income is calculatedaggregating over a period of 15 years, the maximum number of years available in our sample, from 2005 to 2019.Since the data are top coded the percentiles of the permanent income distribution are plotted only until P95.56



Figure B.10: Evolution of 5-year mobility over the life cycle
(a) Men
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Note: Based on authors’ calculations with data from IMSS. The figure shows average rank-rank short-term(5-year) mobility for male (a) and female (b) workers of different ages.

Figure B.11: Evolution of 5-year mobility over time
(a) Men
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Note: Based on authors’ calculations with data from IMSS. The figure shows average rank-rank short-term(5-year) mobility for male (a) and female (b) workers in selected years of the sample, 2007 and 2014.
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Figure B.12: Empirical log-densities of one-year earnings changes
(a) Men
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Note: Based on authors’ calculations with data from IMSS. The figure shows the log-density of the distribution ofone-year earnings changes for men (a) and women (b) in 2005.

Figure B.13: Empirical log-densities of five-year earnings changes
(a) Men
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Note: Based on authors’ calculations with data from IMSS. The figure shows the log-density of the distribution offive-year earnings changes for men (a) and women (b) in 2005.
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Figure B.14: Empirical log-densities of one-year earnings changes
(a) Men
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(b) Women
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Note: Based on authors’ calculations with data from IMSS. The figure shows the log-density of the distribution ofone-year earnings changes for men (a) and women (b) in 2010.

Figure B.15: Empirical log-densities of five-year earnings changes
(a) Men
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Note: Based on authors’ calculations with data from IMSS. The figure shows the log-density of the distribution offive-year earnings changes for men (a) and women (b) in 2010.
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C Appendix: Additional Results from the Household Survey

In this appendix we provide more details regarding the comparison exercise discussed in section4.1. In particular, we analyze more in depth the issue of non-response in the ENOE —thehousehold survey we used— and we present additional results based exclusively on survey datafor informal workers and the whole workforce.Non-response is a well-known drawback of survey data and we believe that it is likely to bethe reason why the characterization of the upper part of the distribution of log earnings differssignificantly between our administrative and survey data. To illustrate how this issue affects theENOE data we focus on non-response limited to a specific question in the survey regardingearnings by considering only individuals who report “invalid” earnings. That is, respondentswho declared to have remunerated employment and have worked a positive number of hours, butdecided to not provide information about their earnings.Table C.1 presents the average characteristics of individuals in the survey with both validand invalid earnings and tests for their differences.31 The main messages of this table are that:(i) the number of individuals with invalid earnings has been significantly growing over time; (ii)based on observable characteristics, individuals with valid earnings are (statistically) differentthan individuals with invalid earnings; (iii) the characteristics that differentiate these two groupsof individuals have been changing over time. Regarding this last point, figure C.1 shows thatthe evolution of non-response regarding earnings has not only significantly increased over time,but that it has become more prevalent among highly educated workers who live in cities, areemployed in the formal sector, and have a full-time job. As these characteristics are usuallyassociated with higher earnings, we conclude that higher earners are those who more frequentlychoose to withhold information about their income and that they have increasingly chosen todo so. This points to the fact that the ENOE may be particularly inadequate for providing anaccurate picture of the top percentiles of the earnings distribution and that we should be cautiouswhen interpreting the statistics that use information from these percentiles.

31The information comes from the third quarter of selected years.
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Figure C.1: Evolution of the percentage of workers who do not report earnings bysociodemographic groups
(a) Percentage over time (b) By education

(c) By gender (d) By location

(e) By formality status (f ) By full-time status

Note: Based on authors’ calculations with data from ENOE. The figure plots the evolution of the percentage ofindividuals in the household survey with invalid earnings: (a) over time; (b) over time by educational levels; (c)over time by gender; e) over time by location; (e) over time by formality status; (f ) over time by full-time status.
Figures C.3–C.4 are analogous to figures 13–15 presented and discussed in section 4.1. Thedifference is that here we show the evolution of the percentiles of log earnings and measures ofinequality for formal and informal workers, and for the whole pool of workers using exclusivelyinformation from the household survey. We find comparable trends indicating that, with thenecessary caveats that we have already discussed, the statistics we calculate for formal workerswith both administrative and household survey data are relevant and are also relatively in linewith those calculated for other categories of workers that are not present in the administrativerecords.
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Figure C.2: Comparison between subsamples in the survey data: distribution of log realearnings
(a) ENOE formal workers
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(f ) ENOE all workers
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(g) ENOE formal workers
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(h) ENOE informal workers
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Note: Based on authors’ calculations with data from ENOE. Using a sample from ENOE constructed to match theCS+TMax sample as closely as possible, this figure plots against time the following statistics of the distributionof log earnings: (a) ENOE formal workers: P5, P10, P25, P50, P75, P90, P95; (b) ENOE informal workers: P5,P10, P25, P50, P75, P90, P95; (c) ENOE all workers: P5, P10, P25, P50, P75, P90, P95; (d) ENOE formalworkers: P90–P10 and 2.56*σ ; (e) ENOE informal workers: P90–P10 and 2.56*σ ; (f ) ENOE all workers:P90–P10 and 2.56*σ ; (g) ENOE formal workers: P90–P50 and P50–P10; (h) ENOE informal workers: P90–P50and P50–P10; (i) ENOE all workers: P90–P50 and P50–P10. Shaded areas are recessions.
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Figure C.3: Comparison between between subsamples in the survey data: evolution of thepercentiles of the distribution of one-year log earnings changes
(a) ENOE formal workers
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(c) ENOE all workers
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Note: Based on authors’ calculations with data from ENOE. Using a sample from ENOE constructed to match theCS+TMax sample as closely as possible, this figure plots against time the following statistics of the distributionof one-year log earnings changes: (a) ENOE formal workers: P5, P10, P25, P50, P75, P90, P95, P99, P99.9; (b)ENOE informal workers: P5, P10, P25, P50, P75, P90, P95; (c) ENOE formal workers: P5, P10, P25, P50, P75,P90, P95, P99, P99.9. All percentiles are normalized to 0 in 2005, the first available year. P99 and P99.9 areomitted because, due to the lack of a sufficient number of observations, they are too noisy to be informative.Shaded areas are recessions.
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Figure C.4: Comparison between between subsamples in the survey data: measures ofdispersion, symmetry, and peakdness of the distribution of one-year log earnings changes
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(h) ENOE informal workers
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Note: Based on authors’ calculations with data from ENOE. Using a sample from ENOE constructed to match theCS+TMax sample as closely as possible, this figure plots against time the following statistics of the distributionof one-year log earnings changes: (a) ENOE formal workers: P90–P50 and P50–P10; (b) ENOE informalworkers: P90–P10 and P50–P10; (c) ENOE all workers: P90–P50 and P50–P10; (d) ENOE formal workers:Kelly skewness; (e) ENOE informal workers: Kelly skewness; (f ) ENOE all workers: Kelly skewness; (g) ENOEformal workers: Excess Crow-Siddiqui kurtosis; (h) ENOE informal workers: Excess Crow-Siddiqui kurtosis; (i)ENOE all workers: Excess Crow-Siddiqui kurtosis. Shaded areas are recessions.
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D Appendix: Additional Results for Transitions In and Out of
Formal Employment

This appendix includes additional information and results that complement those of section 4.2.We present the regression output for the regressions in (4.1) and (4.2) together with a graphicalrepresentation of the results of a wide set of robustness exercises we perform. All these exercisesconfirm that the main results of the analysis in section 4.2 are robust to different specifications.
Table D.1: Estimates of wages trajectories for workers who exit and re-enter formal

employment

Dependent variable: Log wageIndependent variables: Men Woment = −2 0.064∗∗∗(0.005) 0.038∗∗∗(0.004)t = −1 0.047∗∗∗(0.005) 0.033∗∗∗(0.004)t = 0 0.000 (·) 0.000 (·)t = 1 –0.158∗∗∗(0.011) –0.148∗∗∗(0.009)t = 2 –0.084∗∗∗(0.009) –0.063∗∗∗(0.009)t = 3 –0.045∗∗∗(0.009) –0.011 (0.009)Constant 8.138∗∗∗(0.029) 8.186∗∗∗(0.035)N. of Observations 682,248 389,856
Note: Based on authors’ estimates with data from IMSS. The table reports estimatesof the coefficient βτ from equation (4.1). The specification includes sector of economicactivity, state, and year fixed effects. Standard errors (in parentheses) are clustered atthe worker and sector-year levels. Stars indicate significance levels (*p < 0.10, **p <0.05, ***p < 0.01).
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Table D.2: Estimates of wages trajectories for workers who exit and re-enter formal
employment

Dependent variable: Log wagesIndependent Independentvariables: Men Women variables: Men Woment = −2 0.062∗∗∗(0.007) 0.034∗∗∗ (0.005)t = −1 0.047∗∗∗(0.007) 0.032∗∗∗ (0.004)t = −0 0.000 (·) 0.000 (·)t = 1 –0.154∗∗∗(0.011) –0.146∗∗∗ (0.008)t = 2 –0.081∗∗∗(0.009) –0.063∗∗∗ (0.008)t = 3 –0.045∗∗∗(0.009) –0.013 (0.008)k = 1 0.000 (·) 0.000 (·)k = 2 –0.019∗∗∗(0.007) –0.035∗∗∗ (0.006)k = 3 –0.030∗∗∗(0.008) –0.047∗∗∗ (0.010)k = 4 –0.048∗∗∗(0.011) –0.047∗∗∗ (0.011)k = 5 –0.047∗∗∗(0.014) –0.060∗∗∗ (0.013)k = 6 –0.040∗∗ (0.016) –0.080∗∗∗ (0.017)k = 7 –0.051∗∗ (0.022) –0.085∗∗∗ (0.021)k = 8 –0.097∗∗∗(0.021) –0.105∗∗∗ (0.018)k = 9 –0.008 (0.025) –0.102∗∗∗ (0.021)t = −2× k = 1 0.000 (·) 0.000 (·) t = 1× k = 1 0.000 (·) 0.000 (·)t = −2× k = 2 –0.001 (0.008) –0.004 (0.006) t = 1× k = 2 0.001 (0.008) 0.006 (0.009)t = −2× k = 3 0.003 (0.008) –0.002 (0.010) t = 1× k = 3 –0.011 (0.009) –0.009 (0.011)t = −2× k = 4 –0.000 (0.012) –0.008 (0.012) t = 1× k = 4 –0.020 (0.013) –0.028∗ (0.014)t = −2× k = 5 –0.013 (0.016) –0.005 (0.013) t = 1× k = 5 –0.031∗ (0.016) –0.024 (0.015)t = −2× k = 6 –0.008 (0.016) 0.009 (0.011) t = 1× k = 6 –0.049∗∗∗(0.018) –0.001 (0.021)t = −2× k = 7 0.005 (0.021) –0.003 (0.024) t = 1× k = 7 –0.061∗∗ (0.027) –0.031 (0.023)t = −2× k = 8 0.038 (0.026) 0.030 (0.018) t = 1× k = 8 –0.004 (0.027) 0.045 (0.030)t = −2× k = 9 –0.029 (0.029) 0.026 (0.021) t = 1× k = 9 –0.070∗ (0.039) –0.029 (0.036)t = −1× k = 1 0.000 (·) 0.000 (·) t = 2× k = 1 0.000 (·) 0.000 (·)t = −1× k = 2 –0.002 (0.007) 0.000 (0.006) t = 2× k = 2 –0.005 (0.008) 0.004 (0.009)t = −1× k = 3 –0.002 (0.008) –0.004 (0.009) t = 2× k = 3 –0.013 (0.011) –0.014 (0.011)t = −1× k = 4 –0.001 (0.011) –0.001 (0.010) t = 2× k = 4 –0.024∗∗ (0.012) –0.028∗∗ (0.013)t = −1× k = 5 –0.005 (0.013) –0.009 (0.013) t = 2× k = 5 –0.040∗∗ (0.017) –0.026∗ (0.014)t = −1× k = 6 –0.000 (0.015) 0.006 (0.015) t = 2× k = 6 –0.058∗∗∗(0.020) –0.010 (0.021)t = −1× k = 7 0.000 (0.021) –0.010 (0.021) t = 2× k = 7 –0.067∗∗ (0.027) –0.039∗ (0.023)t = −1× k = 8 0.030 (0.024) 0.018 (0.021) t = 2× k = 8 –0.002 (0.033) 0.025 (0.032)t = −1× k = 9 –0.020 (0.028) 0.010 (0.026) t = 2× k = 9 –0.079∗∗ (0.039) –0.048 (0.036)t = 0× k = 1 0.000 (·) 0.000 (·) t = 3× k = 1 0.000 (·) 0.000 (·)t = 0× k = 2 0.000 (·) 0.000 (·) t = 3× k = 2 –0.003 (0.008) 0.00 (0.008)t = 0× k = 3 0.000 (·) 0.000 (·) t = 3× k = 3 –0.019∗ (0.010) –0.014 (0.010)t = 0× k = 4 0.000 (·) 0.000 (·) t = 3× k = 4 –0.016 (0.012) –0.039∗∗∗(0.012)t = 0× k = 5 0.000 (·) 0.000 (·) t = 3× k = 5 –0.032∗ (0.018) –0.020 (0.015)t = 0× k = 6 0.000 (·) 0.000 (·) t = 3× k = 6 –0.051∗∗ (0.020) –0.001 (0.022)t = 0× k = 7 0.000 (·) 0.000 (·) t = 3× k = 7 –0.083∗∗∗(0.028) –0.037 (0.024)t = 0× k = 8 0.000 (·) 0.000 (·) t = 3× k = 8 –0.008 (0.032) 0.027 (0.026)t = 0× k = 9 0.000 (·) 0.000 (·) t = 3× k = 9 –0.090∗∗∗(0.027) –0.025 (0.028)Constant 8.164∗∗∗(0.030) 8.230∗∗∗ (0.034)N. of Observations 682,248 (Men) 389,856 (Women)
Note: Based on authors’ estimates with data from IMSS. The table reports estimates of the coefficients from equation (4.1). The specification in-cludes sector of economic activity, state, and year fixed effects. Standard errors (in parentheses) are clustered at the worker and sector-year levels.Stars indicate significance levels (*p < 0.10, **p < 0.05, ***p < 0.01). 67



Table D.3: Estimates of wages trajectories: treatment vs control group with a 3-year window

Dependent variable: Log wagesIndependent variables: Men Woment = −2 –0.018∗∗∗(0.004) –0.014∗∗∗ (0.003)t = −1 –0.011∗∗∗(0.003) –0.007∗∗∗ (0.002)t = 0 0.000 (·) 0.000 (·)t = 1 –0.001 (0.006) –0.020∗∗∗ (0.005)t = 2 0.005 (0.007) 0.025∗∗∗ (0.006)t = −3 0.008 (0.008) 0.0300∗∗∗(0.007)treated = 1 –0.351∗∗∗(0.012) –0.393∗∗∗ (0.013)t = −2× treated = 1 0.102∗∗∗(0.008) 0.078∗∗∗ (0.011)t = −1× treated = 1 0.067∗∗∗(0.006) 0.053∗∗∗ (0.007)t = 0× treated = 1 0.000 (·) 0.000 (·)t = 1× treated = 1 –0.189∗∗∗(0.016) –0.222∗∗∗ (0.016)t = 2× treated = 1 –0..131∗∗∗(0.016) –0.154∗∗∗ (0.018)t = 3× treated = 1 –0.101∗∗∗(0.016) –0.118∗∗∗ (0.019)Constant 8.306∗∗∗(0.036) 8.463∗∗∗ (0.036)N. of Observations 1,705,014 1,029,924
Note: Based on authors’ estimates with data from IMSS. The table reports estimates ofthe coefficient βtreated

τ from equation (4.2). The specification includes sector of economicactivity, state, and year fixed effects. Standard errors (in parentheses) are clustered atthe worker and sector-year levels. Stars indicate significance levels (*p < 0.10, **p <0.05, ***p < 0.01).
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Figure D.1: Estimates of wages trajectories (log differences) of workers who exit andre-enter formal employment adding worker fixed effects
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Note: Based on authors’ estimates with data from IMSS. The figure plots differences of log wages obtained byestimating equation (4.1) with worker fixed effects using a subsample of workers with only two spells of formalemployment and including worker fixed effects in the specification. Markers for men and women are positioned tothe left and right, respectively, of each event year t. Standard errors are clustered at the worker and sector-yearlevels and 95% confidence intervals are plotted together with point estimates.
Figure D.2: Estimates of wages trajectories (levels) of workers who exit and re-enterformal employment including worker fixed effects
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(b) Women
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Note: Based on authors’ estimates with data from IMSS. The figure plots the conditional means of log wagescomputed as E[ln wit|X = X0, τ = t, κ = k] = β̂0 + β̂τ + β̂k + β̂κτ using the estimated coefficients from equation (4.1)where workers fixed effects are added. Standard errors are clustered at the worker and sector-year levels and95% confidence intervals are plotted together with point estimates. Standard errors and confidence intervals areobtained with the delta method.
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Figure D.3: Estimates of wages trajectories (log differences) of workers who exit andre-enter formal employment including cohort-year fixed effects
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Note: Based on authors’ estimates with data from IMSS. The figure plots differences of log wages obtained byestimating equation (4.1) using a subsample of workers with only two spells of formal employment and includingcohort-year fixed effects. A cohort c is defined as the cohort of workers who turned 18 in year c. Markers for menand women are positioned to the left and right, respectively, of each event year t. Standard errors are clustered atthe worker and sector-year levels and 95% confidence intervals are plotted together with point estimates.
Figure D.4: Estimates of wages trajectories (log differences) of workers who exit andre-enter formal employment with a 5-year event window
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Note: Based on authors’ estimates with data from IMSS. The figure plots differences of log wages obtained byestimating equation (4.1) using a subsample of workers with only two spells of formal employment and wideningthe event window to 5 years. Markers for men and women are positioned to the left and right, respectively, ofeach event year t. Standard errors are clustered at the worker and sector-year levels and 95% confidenceintervals are plotted together with point estimates.
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Figure D.5: Estimates of wages trajectories (log differences) of workers who exit andre-enter formal employment with at least 2 spells of formal employment
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Note: Based on authors’ estimates with data from IMSS. The figure plots differences of log wages obtained byestimating equation (4.1) using a subsample of workers with at least two spells of formal employment. Forworkers with more than two spells, only the first two are considered. Markers for men and women are positionedto the left and right, respectively, of each event year t. Standard errors are clustered at the worker andsector-year levels and 95% confidence intervals are plotted together with point estimates.
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As a final robustness check, we assess whether our baseline results from section 4.2 couldbe driven by the pre-exit and post re-entry wage trajectories of workers whose first spell offormal employment came to an end due to the 2009 financial crisis. We address this concern byestimating the following alternative specification:
ln(wit) = 3∑

τ=−2 βcrisis
τ IτIi,crisis + γgIg + αe + αs + αt + εit (D.1)

In this case, Ii,crisis is an indicator variable that equals 1 if the last year we observe the workerin the database before exit is 2008 or 2009. The coefficients βcrisis
τ capture the average wage inevery year of the event window for workers that exited during the financial crisis as compared tothe average wages of those who left in any other year and their estimates are shown in figureD.6. For both genders, we find that one year before exit occurred, workers who left during thefinancial crisis had, on average, slightly higher wages than those who left in any other year. Thisdifference is statistically significant for men and marginally significant for women. In contrast,the average wage difference among these two groups of workers is not statistically significantupon re-entry. Hence, we conclude that the wage patterns documented with our benchmarkspecification are a general feature of the transitions out and back into formal employment anddo not seem to be driven by the specific exit/re-entry that occurred during the large shock ofthe financial crisis.
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Figure D.6: Estimates of wages trajectories of workers who left formal employmentduring the 2009 financial crisis
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(b) Women
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Note: Based on authors’ estimates with data from IMSS. The figure plots the conditional means of log wagescomputed as E[ln wit|X = X0, τ = t, Ii,crisis = 1] = β̂crisis
τ using the estimated coefficients from equation (D.1).Standard errors are clustered at the worker and sector-year levels and 95% confidence intervals are plottedtogether with point estimates.
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