
Mendoza González, Miguel Ángel

Article

Gender wage discrimination by distribution of income
in Mexico, 2005-2020

Latin American Economic Review

Provided in Cooperation with:
Centro de Investigación y Docencia Económica (CIDE), Mexico City

Suggested Citation: Mendoza González, Miguel Ángel (2020) : Gender wage discrimination
by distribution of income in Mexico, 2005-2020, Latin American Economic Review, ISSN
2196-436X, Centro de Investigación y Docencia Económica (CIDE), Ciudad de México, Vol. 29,
Iss. 1, pp. 1-20,
https://doi.org/10.47872/laer-2020-29-5

This Version is available at:
https://hdl.handle.net/10419/259455

Standard-Nutzungsbedingungen:

Die Dokumente auf EconStor dürfen zu eigenen wissenschaftlichen
Zwecken und zum Privatgebrauch gespeichert und kopiert werden.

Sie dürfen die Dokumente nicht für öffentliche oder kommerzielle
Zwecke vervielfältigen, öffentlich ausstellen, öffentlich zugänglich
machen, vertreiben oder anderweitig nutzen.

Sofern die Verfasser die Dokumente unter Open-Content-Lizenzen
(insbesondere CC-Lizenzen) zur Verfügung gestellt haben sollten,
gelten abweichend von diesen Nutzungsbedingungen die in der dort
genannten Lizenz gewährten Nutzungsrechte.

Terms of use:

Documents in EconStor may be saved and copied for your
personal and scholarly purposes.

You are not to copy documents for public or commercial
purposes, to exhibit the documents publicly, to make them
publicly available on the internet, or to distribute or otherwise
use the documents in public.

If the documents have been made available under an Open
Content Licence (especially Creative Commons Licences), you
may exercise further usage rights as specified in the indicated
licence.

  https://creativecommons.org/licenses/by-nc-nd/4.0/

https://www.econstor.eu/
https://www.zbw.eu/
http://www.zbw.eu/
https://doi.org/10.47872/laer-2020-29-5%0A
https://hdl.handle.net/10419/259455
https://creativecommons.org/licenses/by-nc-nd/4.0/
https://www.econstor.eu/
https://www.leibniz-gemeinschaft.de/


Gender wage discrimination by distribution 
of  income in Mexico, 2005-2020

Latin American Economic Review

Open AccessRESEARCH ARTICLE

Abstract

This paper aims to analyze the hourly gender wage gap be-
tween men and women in Mexico for the period 2005-2020. 
To this end, a number of  variables is selected to reflect workers’ 
human capital, household circumstances and workplace char-
acteristics; then, a novel non-parametric method decomposes 
wage differentials between men and women into its composi-
tion and structure effects throughout the distribution of  labor 
income. Results are consistent with the sticky-floor hypothe-
sis, where male workers earn higher hourly wages than female 
workers at low income levels. However, differentials decrease 
in the upper part of  the distribution and may even reverse, 
favoring women over men at the highest income levels.

JEL Classification: C14, J16, J24, J31, J71, O54

Key words: income distribution, gender wage gap, gender 
wage discrimination, non-parametric methods, sticky floors.

Introduction

According to the International Labor Organization (ILO, 
2019), the wage gap between men and women remains high in 
Latin America and the Caribbean to this day, at around 17% 
per hour worked. This figure stands in contrast with ILO’s 
reported progress towards closing the gender wage gap: the 
gender education gap has overturned –now working women 
are more educated than working men on average–, women’s 
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participation into the labor market has increased, and the proportion of  working women with 
higher human capital has also grown –largely as a result of  lower fertility rates, the delay of  
motherhood, and more pressure to generate labor income coming from the growth of  sin-
gle-mother households.

The literature on gender inequality and salary discrimination by sex in Mexico has main-
ly focused on discussing explanatory factors for average trends and relied at large on the 
Blinder-Oaxaca methodology (Del Razo, 2003; Martínez-Jasso & Acevedo-Flores, 2002; Me-
za-González, 2001; Pagan & Ullibarri, 2000). Although some question whether income in-
equality between men and women has increased or dwindled (Mendoza-González, Carde-
ro-García, & Ortiz-García, 2017), most research concludes that the average gender wage gap 
widened during the 1990s (Brown, Pagan, & Rodríguez-Oreggia, 1999; Del Razo, 2003; Popli, 
2013), and only started narrowing in 2001, led by the downturn of  the American economy 
(Arceo-Gomez & Campos-Vazquez, 2014; Mendoza-González et al., 2017; Rodríguez-Pérez & 
Castro-Lugo, 2014).

The use of  mean income in the estimation of  the gender wage gap has also been criticized 
because the distribution of  labor income tends to be skewed (Machado & Mata, 2005; Melly, 
2005). Instead, the median could serve as a better indicator, given that differentials are likely to 
vary along the income distribution; this is, among workers with low, medium, and high salaries 
(DiNardo, Fortin, & Lemieux, 1996; Machado & Mata, 2005; Ñopo, 2008).

Only a few papers have studied wage differentials using income distribution functions in 
Mexico. Pagan and Ullibarri (2000) estimated the Jenkins index to analyze the gender income 
gap by socio-economic subgroups, while Popli (2013) applied a nonparametric-distributional 
approach and found a reduction in average discrimination against women in the 1980s, but 
a growing discriminatory trend during the 1990s. In the same line, Arceo-Gomez and Cam-
pos-Vazquez (2014) identified a stable pattern in the lower part of  the gender wage gap dis-
tribution, with a decreasing trend in the middle segment and an increasing trend in the upper 
segment. On their part, Rodríguez-Pérez and Castro-Lugo (2017) studied different hypotheses 
regarding the effects of  trade liberalization on wage differentials.

In this context, this research aims to contribute to the literature on the hourly wage gap be-
tween men and women along the income distribution by studying the Mexican case from 2005 
to 2020 from a gender discrimination approach and using a new non-parametric methodology 
proposed by Chernozhukov, Fernández-Val and Melly (2013), as well as quantile parametric 
models for comparison.

The rest of  the paper is structured as follows. Section 2 will briefly explain the analytical 
approach and review the relevant literature on income differentials in Mexico. Section 3 will 
provide an outline of  the methodology, while section 4 will describe the data and analyze the 
results. Finally, Section 5 will discuss the findings and suggest future lines of  research.

Theoretical approach and discussion on gender income differentials in Mexico

The theory of  human capital assumes that workers with greater endowments –of  education and 
experience, for instance– will earn higher incomes. Presumably, men with higher human capital 
will rightly earn higher wages than women with lower human capital endowments (Aigner & 
Cain, 1977; Becker, 1957; Becker, 1981). Income differentials between men and women could 
then be explained by the difference between men and women’s endowments (Boeri & Van Ours, 
2013; Jacobsen, 2007). Building on this idea, gender wage discrimination would arise when, for 
no apparent reason, men and women with the same endowment of  human capital attain differ-
ent labor incomes. In this sense, gender wage differentials can be understood as a non-monetary 
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source of  income, where men tend to be valued differently from women in the labor market 
(Becker, 1957; Jacobsen, 2007). There are other social, market and location factors that could 
favor male workers and disserve female workers, such as being the head of  a family, having chil-
dren under the age of  six, having a job in a non-urban area or working for smaller companies 
(Block & Walker, 1981; Boeri & Van Ours, 2013).

In the case of  the Mexican economy, evidence points towards large wage differentials be-
tween men and women in the late 1980s and in the 1990s, that diminished significantly during 
the 2000s and 2010s (Arceo-Gomez & Campos-Vazquez, 2014; Mendoza-Cota & García-Ber-
múdez, 2009; Rodríguez-Pérez & Castro-Lugo, 2014). Most research has identified an average 
gender wage gap that fluctuates between 5 and 15 percent, depending on the measure of  in-
come and on the period analyzed (Cardero, Mendoza, & Galán, 2015; Martínez-Jasso & Acev-
edo-Flores, 2002; Mendoza-Cota & García-Bermúdez, 2009).

There is little research on the Mexican economy that uses a measure other than average 
income differentials and that focuses on the distribution of  gender income gaps. Pagan and 
Ullibarri (2000) investigated the role of  heterogeneity in socio-demographic subgroups on the 
gender earnings gap using microdata from the National Survey of  Urban Employment (ENEU) 
and the Jenkins index to decompose the gap in its explained and unexplained components. They 
found a higher index –signaling discrimination– for people with lower levels of  education, those 
with a bachelor’s degree, and for relatively older people with more work experience; the index 
was also inversely related to the size of  the company and was higher in the private and informal 
sectors. In a similar fashion, Popli (2013) analyzed gender wage differentials for the years 1996 
and 2006 with data from the National Household Income and Expenditure Survey (ENIGH), 
by applying non-parametric distributional methods, such as the Jenkins measure (Lorenz curve 
and concentration center), to the earnings distribution between men and women and compared 
them with parametric methods of  the Blinder-Oaxaca type. She found that average discrim-
ination against women decreased in the 1980s but showed a growing trend in the 1990s with 
a simultaneous decrease in gender wage gaps at the lower tail of  the income distribution and 
without relevant changes in the upper tail. On their part, Arceo-Gómez and Campos-Vázquez 
(2014) worked with the population censuses of  1990, 2000 and 2010, and found stable patterns 
in the lower half  of  the gender wage-gap distribution but an increase in the upper tail. More 
recently, Rodríguez-Pérez and Castro-Lugo (2017) studied different hypotheses regarding the 
effect of  trade liberalization on the wage gap with data from the National Occupation and Em-
ployment Survey (ENOE); most of  their results indicated decreasing wage differentials against 
older women in the lower deciles of  the labor income distribution.

In spite of  the rising interest in the gender wage gap, to the best of  our knowledge there 
are no studies updating and analyzing annual trends in gender wage discrimination by income 
level in Mexico that cover the period from 2005 to 2020, nor is there any research of  this type 
using the non-parametric methodology proposed by Chernozhukov, Fernández-Val and Melly 
(2013). Such is the realm of  this research, which uses workers’ individual characteristics (edu-
cation, work experience, seniority and age), household circumstances (if  the worker is the head 
of  the household and has six-year-old children or younger), the size of  the firm where he/she 
is employed (micro, small, medium, and large), and the location of  the workplace (urban or ru-
ral). The non-parametric methodology of  Chernozhukov-Fernández-Melly (CFM henceforth) 
will decompose the wage distribution differentials by sex into their composition and structure 
effects –or into their explained component and gender discrimination component. Results of  
applying this methodology are consistent with the sticky-floor hypothesis: male workers are paid 
higher hourly salaries than women at lower income levels. Results also show a decreasing trend 
in labor income differentials that begins in the lower half  of  the distribution and follows all the 
way to the median; then, in the upper segment of  the income distribution the wage gap seems to 
revert: female workers get better returns relative to their human capital endowments at higher 
income levels.
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The methodology of  gender income differentials

The traditional Blinder-Oaxaca methodology (Blinder, 1973; Oaxaca, 1973) allows comparing 
the means of  labor income by sex and decomposing labor income differentials in two parts 
(Fortin, Lemieux & Firpo, 2011). The first part is known as the explanatory component, or the 
endowment or composition effect, and is calculated as the weighted sum of  the difference in 
the means of  the explanatory variables between men and women (endowments of  education, 
experience, seniority, etc.), where weights are the estimated parameters (returns) of  women’s 
labor income functions. The second part of  the decomposition is the structural effect or the 
non-explanatory component, which is unexplained by variables in the model and can therefore 
be attributed to gender discrimination (Boeri & Van Ours, 2013; Lu, 2019). This component 
is defined as the weighted sum of  the difference in returns between men and women, where 
weights correspond to the estimated coefficients of  men’s endowments.

This methodology has a problem in identifying ‘wage discrimination’ in the structural com-
ponent, as Altonji and Blank (1999) have noted, because it is correlated with the variables in-
cluded in the composition effect and may contain other individual characteristics of  the work-
ers, as well as other types of  discrimination in the labor market and in other areas of  the 
economy. Nonetheless, Ponthieux and Meurs (2015) defend the premise of  wage discrimination 
in the structural component arguing the persistence of  a wage gap between workers with similar 
productive characteristics but different gender and building on current approaches for various 
dimensions of  economic inequality between men and women. Thus, they assert that it is still 
possible to identify gender wage discrimination distinctly from plain wage discrimination –un-
equal pay for equal work– in the case of  the gender wage gap. Moreover, the authors show that 
the coefficients of  the composition part in empirical studies on wage differentials by gender have 
a tendency to stabilize at values close to zero, while the structural part is increasingly relevant, 
since it has exhibited a constant growth regardless of  the inclusion of  a great number and a 
wide variety of  explanatory variables, which could signal stronger evidence on gender wage 
discrimination.

The novelty of  the CFM methodology relative to the Blinder-Oaxaca is in the incorporation 
of  a non-linearity assumption in the wage differentials between men and women. The compo-
sition and structural effects are assumed to be non-linear with respect to the median, so they are 
expected to vary in the range of  labor income distribution functions; hence, results can differ at 
low and high levels of  labor income. This makes sense, given that workers at the bottom of  the 
labor income distribution tend to have lower endowments of  education and work experience, 
as well as diminishing returns (payments) to such endowments, whereas workers at the top of  
the distribution are characterized by greater knowledge accumulation and also greater returns 
(Fortin et. al., 2011; Machado & Mata, 2005; Melly, 2005; Chen, Chernozhukov, Fernández-Val 
& Melly, 2017; Chernozhukov, et. al., 2013).

Chen and co-authors (2017) postulate that, if  we let 1 indicate the population of  men and 
0 the population of  women, then  could denote the quantile or left-inverse function of  the 
distribution function F; also, the variable  could express wages for men and women and  
their job-market relevant characteristics. The conditional distribution functions  
and  would then describe the stochastic assignment of  wages to workers’ charac-
teristics x for men and women. Let now  and  represent observed wage distribu-
tion functions for men and women, and  represent the wage distribution function that 
would have prevailed for men had they faced the women’s conditions . The distribution 

 is called counterfactual and is built by integrating the 
conditional distribution of  women’s wages with respect to the distribution of  characteristics for 
men, as long as the support condition  holds, which guarantees the compatibility of  
men and women’s characteristics. The difference in the quantile wage function between women 
and men can be broken down as shown in equation (1):
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 (1)

Quantile functions are formed by combining the conditional distribution in the popula-
tion of  women , where , with the covariate dis-
tribution in the population of  men , . Then, the quantile 
effect (QE) functions over a set of  quantile indexes  define the composition effect 

, the structure effect , and 
the total effect , .

To estimate the QE function, the conditional distribution  and the covariate distribu-
tion  had to be modeled and estimated. For the same reason as Lu (2019) –too many binary 
dummy variables in the model–, a logit link function was chosen to implement the distribution 
regression estimator of  the conditional distribution, as in , where  is 
the standard logistic distribution function, and  is the distribution regression estimator:

 (2)

The CFM methodology proposes the inference of  several functional tests based on a two-test 
statistic, the Kolmogorov-Smirnov test and the Cramer-von-Misses-Smirnov test, which Chen 
et al. (2017) use to establish a set of  null hypotheses with: 1) correct parametric specification of  
the model for conditional distribution; 2) zero quantile effects at all the quantile indexes of  inter-
est, this is  for all  ; 3) constant quantile effects at all the quantile indexes of  in-
terest, such that  for all  ; 4) first-order stochastic dominance, 
for all  ; and, 5) negative first-order stochastic dominance, or  for all  .

The non-parametric methodology of  the present analysis is the same applied by Lu (2019) 
and similar to that used by Popli (2013) and Arceo and Campos (2014). However, unlike these 
works, this study did infer the functional tests proposed by Chernozhukov et al. (2013), even 
though it does not consider possible self-selection biases into the labor market, which is probably 
its main limitation.

Data and results

This section describes the handling of  the data for the construction of  hourly wage indicators, 
as well as variables to gauge workers’ human capital, their household circumstances, and the 
size and location of  their workplace. Additionally, the section presents descriptive statistics and 
offers an analysis of  the results of  distribution-function estimates for gender income differentials 
and their disaggregation into the composition effect and the structure effect –the latter regarded 
as gender discrimination.

4.1. Data and descriptive statistics

The empirical part of  this research worked with microdata from the National Survey of  Oc-
cupation and Employment in Mexico (ENOE by its acronym in Spanish) in virtue of  its many 
advantages, the most relevant being that it is intended to capture in-depth information on the 
characteristics of  occupations and employment. Given ENOE’s reliable regularity and timely 
publication, it can offer an overview of  current trends in wage inequality. The period of  study 
runs from 2005 to 2020 and the scope is in the urban, rural and cities sectors, along with their 
urban and rural complements.
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The survey includes a sample of  individuals in a rotating panel that lasts four quarters, but 
only the information from the first quarter of  each year will be used. This responds to a couple 
of  reasons; first, the questionnaire of  the first quarter is longer than the questionnaires in the 
other three quarters, the first one is expanded with all the socioeconomic characteristics of  in-
dividuals. Secondly, considering four databases for each of  the 15 years of  the period of  study 
would bear practical issues without adding new information to the analysis. In light of  current 
world events, it is important noting that 2020 data is also from the first quarter of  the year; 
therefore, the results do not reflect changes arising from the COVID-19 pandemic.

Labor income per hour refers to the salaried working population between 15 and 65 years 
old and was calculated as the reported monthly income divided by reported hours worked 
per month. There are four variables for workers’ individual characteristics or human capital: 
education, experience, seniority and age. The education variable was constructed as years of  
schooling based on the completion of  7 degrees: primary (6 years), secondary (9 years), techni-
cal secondary (9 years), tertiary (12 years), technical tertiary (12 years), bachelor’s degree (15-17 
years), and postgraduate degrees –master’s or doctor’s– (over 15 years). Work experience is de-
fined as potential years worked and was calculated as the worker’s age minus years of  schooling, 
minus six (ages 0 to 6). Seniority corresponds to years worked in the current company and was 
computed as the year of  the survey minus the year the worker stated that he or she began work-
ing for the current company. Age indicates how old workers are.

Two more variables reflect relevant household circumstances: if  the worker is the head of  
the household and if  he or she has children of  six years old or younger at home. The last cou-
ple of  variables reflect characteristics of  the workplace: the size of  the firm where the worker 
is employed (micro, small, medium or large) and if  the company is located in an urban area or 
not. Household conditions and workplace characteristics are qualitative variables, where “yes” 
equals 1 and “no” is equal to 0. The explanatory variables and the descriptive statistics used the 
survey expansion factor , while labor income per hour used an expansion factor weighted by 
total hours worked (Arceo-Gomez & Campos-Vazquez, 2014; Mendoza-González et al., 2017). 
Finally, the natural logarithm of  the ratio of  the indicators between men and women served to 
estimate the rate of  men’s labor income or endowments with respect to women’s. Hence, the 
gap is .

Table 1 shows summary statistics of  the variables by sex and decile of  the labor income 
distribution [0.1,0.2, ..., 0.9], as well as mean and standard deviation (sd) for 2005-2020 pooled 
data. From the information presented in Table 1, the gender hourly-wage gaps along the in-
come distribution can be observed, as well as the indicators that make up the endowments of  
male and female workers, and the composition effect factors in the quantile distribution, in 
accordance with the CFM methodology. The gender hourly wage gap is slightly higher than 
average at the lowest income levels (deciles 0.1 and 0.2), is close to the average in the middle seg-
ment of  the distribution (deciles 0.3 to 0.6), and is overturned at medium-high levels of  income 
(deciles from 0.7 upwards). In other words, women at the upper tail of  the distribution earn a 
higher labor income than men.

Table 1. Summary statistics of  labor market variables in Mexico, 2005-2020 (pooled data)

     Quantiles      
 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 mean sd
Continuous variables            
Hourly wage (pesos)            
    Women 9.8 13.0 16.5 19.4 22.9 27.1 33.3 44.4 65.4 33.1 44.1
    Men 10.9 14.5 17.4 20.4 24.1 27.9 33.3 42.0 62.5 33.8 50.1
    Log Men/Women 0.11 0.11 0.05 0.05 0.05 0.03 0.00 -0.06 -0.05 0.02 0.13
Worked hours (weekly)            
    Women 14.0 24.0 30.0 36.0 40.0 44.0 48.0 48.0 56.0 38.0 16.6
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     Quantiles      
 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 mean sd
    Men 25.0 36.0 40.0 45.0 48.0 48.0 51.0 56.0 66.0 46.8 15.9
    Log Men/Women 0.58 0.41 0.29 0.22 0.18 0.09 0.06 0.15 0.16 0.21 -0.04
Education (years)            
    Women 5.0 6.0 9.0 9.0 9.0 12.0 12.0 14.0 17.0 10.0 4.5
    Men 4.0 6.0 7.0 9.0 9.0 9.0 12.0 12.0 16.0 9.4 4.3
    Log Men/Women -0.22 0.00 -0.25 0.00 0.00 -0.29 0.00 -0.15 -0.06 -0.06 -0.03
Work experience (years)            
    Women 2.0 5.0 10.0 14.0 18.0 22.0 26.0 31.0 38.0 19.1 13.4
    Men 2.0 6.0 10.0 14.0 18.0 23.0 27.0 32.0 39.0 19.6 13.7
    Log Men/Women 0.00 0.18 0.00 0.00 0.00 0.04 0.04 0.03 0.03 0.02 0.02
Seniority (years)          
    Women 1.0 1.0 1.0 2.0 3.0 5.0 7.0 11.0 18.0 6.5 7.6
    Men 1.0 1.0 2.0 3.0 4.0 6.0 10.0 15.0 21.0 8.1 9.1
    Log Men/Women 0.00 0.00 0.69 0.41 0.29 0.18 0.36 0.31 0.15 0.22 0.18
Age (years)            
    Women 21.0 25.0 29.0 33.0 36.0 40.0 44.0 48.0 54.0 36.9 12.0
    Men 20.0 24.0 28.0 32.0 36.0 40.0 44.0 49.0 55.0 36.7 12.6
    Log Men/Women -0.05 -0.04 -0.04 -0.03 0.00 0.00 0.00 0.02 0.02 -0.01 0.05

Qualitative variables (yes=1)           
Head of  household            
    Women 0.24 0.22 0.23 0.23 0.23 0.23 0.24 0.24 0.28 0.24 0.02
    Men 0.52 0.54 0.56 0.59 0.64 0.67 0.73 0.76 0.83 0.65 0.10
    Log Men/Women 0.80 0.89 0.90 0.95 1.02 1.06 1.10 1.14 1.08 1.00 1.78
Children under six years 
old            

    Women 0.06 0.05 0.05 0.05 0.06 0.05 0.05 0.05 0.05 0.05 0.00
    Men 0.18 0.20 0.22 0.22 0.23 0.24 0.26 0.26 0.25 0.23 0.02
    Log Men/Women 1.14 1.36 1.41 1.40 1.43 1.56 1.57 1.57 1.58 1.45 2.32
Micro firm            
    Women 0.83 0.73 0.60 0.51 0.50 0.38 0.32 0.21 0.13 0.47 0.22
    Men 0.61 0.57 0.49 0.45 0.44 0.40 0.35 0.27 0.13 0.41 0.14
    Log Men/Women -0.32 -0.25 -0.19 -0.13 -0.14 0.05 0.10 0.22 -0.06 -0.13 -0.44
Small firm            
    Women 0.09 0.13 0.18 0.21 0.19 0.24 0.27 0.31 0.28 0.21 0.07
    Men 0.18 0.19 0.21 0.22 0.22 0.23 0.25 0.26 0.24 0.22 0.02
    Log Men/Women 0.75 0.39 0.15 0.04 0.18 -0.07 -0.08 -0.17 -0.15 0.05 -1.03
Medium firm            
    Women 0.04 0.07 0.11 0.13 0.13 0.15 0.16 0.16 0.18 0.13 0.04
    Men 0.11 0.12 0.14 0.15 0.15 0.15 0.16 0.17 0.20 0.15 0.03
    Log Men/Women 1.03 0.52 0.23 0.12 0.14 0.02 0.04 0.06 0.11 0.18 -0.53
Large firm            
    Women 0.04 0.07 0.11 0.15 0.18 0.22 0.26 0.31 0.40 0.19 0.11
    Men 0.10 0.12 0.16 0.18 0.19 0.22 0.24 0.30 0.43 0.21 0.10
    Log Men/Women 0.92 0.56 0.34 0.21 0.06 -0.03 -0.08 -0.05 0.07 0.10 -0.15
Urban workplace            
    Women 0.82 0.87 0.88 0.90 0.90 0.93 0.94 0.95 0.96 0.91 0.04
    Men 0.76 0.77 0.83 0.83 0.87 0.88 0.90 0.93 0.95 0.86 0.06
    Log Men/Women -0.08 -0.11 -0.06 -0.07 -0.04 -0.05 -0.04 -0.02 -0.01 -0.05 0.36

Source: Author’s estimates using pooled data from ENOE 2005-2020.

Table 1 (continued). Summary statistics of  labor market variables in Mexico, 2005-2020 (pooled data)
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One of  the reasons why men earn on average higher incomes from labor than women is 
the difference in the total amount of  hours worked. Although both men and women at low-
er-income deciles tend to work less hours compared to higher-income workers, the amount of  
women’s work hours is lower relative to men’s across all deciles of  the distribution.

Regarding the human capital factors that affect gender income differentials –years of  school-
ing, potential work experience and years worked for current employer–, the statistics show clear-
ly that women tend to outsmart men, having more years of  schooling or at least the same across 
all deciles. In general, practically all income levels present a positive relationship between edu-
cation and labor income. Potential work experience is also positively related to higher income 
levels, with male workers usually recording more years active, although their advantage relative 
to the level of  income is close to zero and constant. As to seniority, the number of  years worked 
for the current employer has a positive relationship with higher levels of  income. On average, 
22% of  men have worked for their current employer longer than working women, and this is the 
component most favorable to men, thus negatively affecting working women. Statistics indicate 
that at the lowest deciles (0.1 and 0.2) there is no particular gender advantage, but from the third 
decile onwards seniority starts accumulating and then diminishes in a non-asymptotic manner. 
In the case of  age, years since birth can explain higher wages at higher income levels, but results 
do not flag this factor as affecting income differentials between men and women.

Household circumstances have mixed effects. Being the head of  household is an important 
characteristic positively associated with male workers, but not an important component in the 
case of  female workers; however, the interaction between age and being the household head 
tends to favor men over women. Female workers with children under the age of  six are a small 
portion of  working women (6%) and this factor does not seem to have a relationship with in-
come levels. In contrast, around 23% of  male workers have children younger than six years old, 
with this percentage growing at high-income levels.

Lastly, indicators for the characteristics of  the workplace show a general inclination, where-
by low-income workers (men and women) are largely concentrated in microenterprises, while 
medium- and high-income workers tend to be in small and large companies. Women with low 
wages tend to concentrate in micro and small enterprises in relation to their male peers. And al-
though the majority of  all workers are located in cities, both men and women at higher-income 
levels work mainly in urban areas, whereas women are more likely to work in non-urban areas 
than men at low-income levels.

4.2. Analysis of  results

Following the CFM non-parametric methodology, distribution functions for gender differentials 
in hourly wages were specified in order to compare and weigh the importance of  endowments, 
contexts and returns in total effects, as well as in their constituent parts: the composition effects 
and, especially, the structure effects or gender discrimination. The distribution functions includ-
ed workers’ individual characteristics as endowments, while household conditions and work-
place characteristics were included as context. Next, the logit method on the normal conditional 
distribution function was used to run the regression (Lu, 2019). The number of  bootstrap simu-
lations that were used to estimate the standard deviation in the tests and the confidence intervals 
for the selection of  the subset of  quantile indexes was 100. The expansion factor of  the ENOE 
survey was used as a weight. The quantile tails were trimmed  to eliminate ex-
treme cases of  low and high wages, as recommended by the CFM methodology. As mentioned, 
all variables were built from ENOE microdata for the period 2005-2020. The counterfactual library 
designed by Chen et al. (2017) in the R software was used to program the CFM methodology.

Figure 1 charts the gender wage differentials resulting from the CFM non-parametric model 
by deciles from 2005 to 2020. The lines show a stable behavior in gender hourly-wage differen-
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tials after the economic crisis of  2009. This means that, on average, men receive a higher labor 
income than women and this has not changed in the last 15 years. Hourly wage differentials are 
characterized by being positive in deciles below the median and negative in deciles above the 
median from 2005 to 2020. Figure 1 also shows that hourly wage differentials in deciles below 
the median remained relatively stable, while in deciles above the median –which show an effect 
in favor of  women– the differentials changed the course they had prior to the economic crisis 
of  2009 and fell towards 2020.

Figure 1. Trends in gender hourly wage differentials by deciles in Mexico, 2005-2020
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Source: Author’s estimation of  the CFM methodology using pooled data from ENOE 2005-2020.

Notes: The logit method implements the regression estimator of  the conditional distribution with normal link 
function distribution. Number of  quantile regressions (nreg) = 100; bootstrap = 100; weights = fac (survey 

expansion factor); and tail trimming  = [0.1, 0.9].

Next, the analysis examines whether these trends can be explained by a combination of  
composition and structure effects or if  the structural effect (gender discrimination) predomi-
nates (Mendoza-González, et al., 2017; Lu, 2019). Table 2 illustrates the quantile effects tests 
by gender for the differential in hourly wages in its total, composition, and structure effects in 
2005, 2010, 2015 and 2020.2 The statistical probabilities of  the correct specification of  the 
parametric model indicate that the conditioned distributions for the total, composition and 
structure effects act differently than the sample of  observed data. Chen et al. (2017) contend 
that this test is not about linear probability in logit models and, therefore, is not a classic test of  
correct specification. Nevertheless, the results shown in Table 2 indicate that the counterfactual 
is not identical to the empirical distribution in the referenced population; thus, the weights of  
the marginal functions in the endowments and returns in the total, composition, and structure 
effects are more relevant.

Tests of  the no-effect hypothesis also indicate that the total, composition, and structure 
gaps for gender hourly wages are different from zero in the period of  study. The statistical tests 
indicate a non-linear relationship in total and structural wage gaps, and a constant relationship 
for the composition effects. Further, the stochastic dominance tests confirm the double preva-

2 The statistical tests for all 15 years in the period 2005-2020 were estimated; however, only four years are presented in the interest of  sim-
plicity and considering that the results are rather similar to each other. A full display of  Table 2 can be requested from the author.
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lence, positive and negative, of  wage gaps in total effects from 2005 to 2020. Lastly, the negative 
stochastic dominance prevails in the composition effects and is positive in the structure effects 
throughout the years studied (see Table 2).

Table 2. Inferential statistics on counterfactual quantile processes for hourly wages: Kolmogorov-Smirnov (KS) 
and the Cramer-von-Misses-Smirnov (CMS) tests, 2005-2020

 2005 2010 2015 2020

Null Hypothesis                        

  KS CMS  KS CMS  KS CMS  KS CMS

Hourly wages: function estimate quantile effect (QE) with deciles {0.10,0.20,…,0.80,0.90}

Quantile Effects --  Total                          

Correct specification of  the parametric model         0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00

No effect: QE(𝜏)=0 for all taus                    0.00 0.00 0.00 0.00 0.00 0.00 0.08 0.02

Constant effect: QE(𝜏)=QE(0.5) for all taus        0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00

Stochastic dominance: QE(𝜏)>0 for all taus         0.00 0.00 0.03 0.00 0.01 0.01 0.04 0.07

Stochastic dominance: QE(𝜏)<0 for all taus          0.00 0.00 0.00 0.00 0.00 0.00 0.09 0.03

Quantile Effects --  Composition                           

Correct specification of  the parametric model         0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00

No effect: QE(𝜏)=0 for all taus                    0.25 0.02 0.00 0.00 0.00 0.00 0.00 0.00

Constant effect: QE(𝜏)=QE(0.5) for all taus        0.85 0.77 0.10 0.01 0.00 0.01 0.51 0.09

Stochastic dominance: QE(𝜏)>0 for all taus         0.22 0.00 0.00 0.00 0.00 0.00 0.00 0.00

Stochastic dominance: QE(𝜏)<0 for all taus          0.87 0.87 0.81 0.81 0.93 0.93 0.83 0.83

Quantile Effects -- Structure         

Correct specification of  the parametric model         0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00

No effect: QE(𝜏)=0 for all taus                    0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00

Constant effect: QE(𝜏)=QE(0.5) for all taus        0.03 0.03 0.58 0.45 0.17 0.05 0.00 0.03

Stochastic dominance: QE(𝜏)>0 for all taus         0.88 0.88 0.83 0.83 0.91 0.91 0.90 0.90

Stochastic dominance: QE(𝜏)<0 for all taus          0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00

Source: Results of  the Chernozhukov, Fernández-Val and Melly (2013) methodology on ENOE data.

Notes: The logit method implements the distribution regression estimator of  the conditional distribution with 
normal link function distribution; number of  quantile regressions (nreg) = 100; bootstrap = 100; weights = fac 

(expansion factor); and tail trimming  = [0.1, 0.9].

Figure 2 depicts the gender hourly wage differentials and their 95% confidence intervals. 
Light gray color stains all years, except for 2005, 2010, 2015 and 2020, which are in gray to 
spot the possibility that the variability could affect the inferences. Withal, the ranges of  the 
confidence intervals are very similar at all income levels, so there is no inference bias due to 
variability.

According to the results of  the quantile effects in gender hourly-wage differentials in Figure 
2, male workers secure hourly wages up to 12% higher than women at low segments of  the 
income distribution. These differential decreases gradually until quantile 0.6, after which the 
hourly-wage gaps become increasingly negative until they reach 12%. This result is very inter-
esting because it shows a gender hourly-wage gap against women at low labor-income levels 
and in their favor at the opposite end of  the distribution for all years analyzed. In line with the 
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statistical tests, results for the composition effects show that hourly-wage gaps that are explained 
by the endowments are negative and increase at higher labor income levels.

Figure 2. Quantile effects in gender hourly-wage differentials in Mexico, 2005-2020

Source: Results of  the Chernozhukov, Fernández-Val and Melly (2013) methodology on ENOE data.  
Notes: The logit method implements the distribution regression estimator of  the conditional distribution with 

normal link function distribution; number of  quantile regressions (nreg) = 100; bootstrap = 100; weights = fac 
(expansion factor); tail trimming  = [0.1, 0.9]; and 95% confidence interval. All years are colored in light gray, 

except for 2005, 2010, 2015 y 2020, which are in gray.
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The results for the accumulation of  human capital suggests that women should gain higher wages 
per hour than men, around the magnitude of  6% at low income levels and of  14% at high income 
levels. In addition, although the statistical tests show that there is a positive stochastic dominance in the 
structure effects or gender discrimination against women, Figure 2 shows that this is true only below 
quantile 0.7, after which it fluctuates between 2 and -4%. The conclusion is that there is enough evi-
dence to claim gender discrimination in hourly wages at low and middle-income levels, but discrimi-
nation seems to disappear at high levels of  labor income (see Table 2 and Figure 2).

To support the conclusion of  gender discrimination in hourly wages at low- and middle-in-
come levels, Table 3 displays the trends in relative importance of  composition and structure 
quantile effects in total hourly gender wage differences in Mexico for selected years in the period 
of  study. The first feature to highlight is the increase in the relative importance of  the aver-
age structure effect in explaining total gender hourly wage differences, from 38.6% in 2005 to 
45.2% in 2020. Secondly, it stands out that the relative importance of  the structure effect tends 
to increase in the range of  50 to 75% at low income levels (deciles 0.1 to 0.4). Third and last, 
notice the lower relative importance of  the structure effect in explaining the total gender hourly 
wage differences at the highest income levels, even though there is an increasing trend going 
from 1.1% in 2005 to 15.5% in 2020 in the middle deciles (0.6 to 0.9). It is important to note 
that the interpretation of  the relative importance of  the composition effect presented in Table 
3 must be combined with the negative sign shown in Figure 2.

Table 3. Relative importance of  composition and structure quantile effects in gender hourly wage gaps in 
Mexico, 2005-2020

  Quantiles: decile ranges   

Relative effects [0.1 - 0.4] [0.5=median] [0.6 - 0.9] mean

Year: 2005    

Quantile Effects             

    --  Total 100 100 100 100

    --  Composition                   28.8 41.7 98.9 61.4

    --  Structure 71.2 58.3 1.1 38.6

Year: 2010     

Quantile Effects              

    --  Total 100 100 100 100

    --  Composition                   25.9 54.2 82.4 54.1

    --  Structure 74.1 45.8 17.6 45.9

Year: 2015     

Quantile Effects              

    --  Total 100 100 100 100

    --  Composition                   37.5 39.4 76.1 54.9

    --  Structure 62.5 60.6 23.9 45.1

Year: 2020     

Quantile Effects              

    --  Total 100 100 100 100

    --  Composition                   32.5 25.3 84.5 54.8

    --  Structure 67.5 74.7 15.5 45.2

Source: Results of  the Chernozhukov, Fernández-Val and Melly (2013) methodology on ENOE data; see Table 2.
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4.3. Some explanatory elements of  gender wage discrimination in Mexico

As previously mentioned, the difference in the wage quantile function between women and men 
(total effects) can be broken down into their composition and structure effects, the latter usually 
assimilated to gender discrimination. The results of  applying the CFM methodology to ENOE 
microdata from 2005 to 2020 showed that the main component that explains the positive wage 
differential in favor of  men is the structural effect (45%), which can also be read as gender dis-
crimination against women. In analytical terms, this means that the main explanation for the 
hourly wage differentials in Mexico can be found in factors related to distinct valuations for men 
and women in the labor market. In other words, the gap is due to disparities in the returns to 
human capital, which are reflected in the structure effects –gender discrimination–, and cannot 
be attributed to the endowments of  human capital alone, which is captured by composition ef-
fects in the CFM methodology. To further investigate this finding, hourly-wage quantile models 
for women and men will allow to identify which returns of  the structure effects are important in 
explaining gender discrimination.

This section discusses the results of  estimating parametric versions of  wage-quantile mod-
els that evaluate in detail the differentiation in returns between women and men, which are 
retrieved from the coefficients estimated with pooled data from 2005 to 2020. Following the 
non-parametric CFM methodology, we included the variables for workers’ individual charac-
teristics, household circumstances, and workplace size and location. Again, the number of  boot-
strap simulations was 100, the ENOE expansion factor was used as a weight and the tail trim-
ming of  quantiles,  = [0.1, ..., 0.9] was applied to the process. The quantreg library (Koenker, 
2018) was used for programming in the R software. Table 4 displays the results for hourly-wage 
quantiles by sex. Inferences are made considering the two specifications at the same time, due 
to the similarity of  the estimated parameters.

Table 4. Hourly-wage quantile models for women and men in Mexico, 2005-2020 (pooled estimate)

Quantiles 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9

Women

Education Coefficient 0.065 0.067 0.069 0.071 0.073 0.075 0.077 0.079 0.081

p-value 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00

Work experience Coefficient -0.002 -0.004 -0.005 -0.006 -0.007 -0.008 -0.008 -0.009 -0.011

p-value 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00

Seniority Coefficient 0.013 0.014 0.015 0.015 0.016 0.016 0.016 0.015 0.013

p-value 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00

Age Coefficient 0.011 0.013 0.015 0.016 0.017 0.018 0.020 0.021 0.023

p-value 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00

Head of  household Coefficient 0.009 0.005 0.003 0.001 -0.001 -0.002 0.001 -0.001 0.004

p-value 0.01 0.04 0.15 0.78 0.52 0.31 0.81 0.84 0.29

Children aged six and under Coefficient 0.045 0.045 0.050 0.052 0.055 0.056 0.059 0.065 0.067

p-value 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00

Firm size (factor)

    Micro (base) 0.289 0.400 0.483 0.550 0.608 0.672 0.734 0.817 0.906

    Small Coefficient 0.203 0.171 0.148 0.130 0.116 0.099 0.083 0.059 0.032

 p-value 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
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Quantiles 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9

    Medium Coefficient 0.202 0.167 0.140 0.118 0.098 0.075 0.053 0.026 -0.004

 p-value 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.33

    Large Coefficient 0.306 0.262 0.229 0.202 0.178 0.154 0.131 0.098 0.067

 p-value 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00

Urban workplace Coefficient 0.129 0.096 0.082 0.070 0.064 0.059 0.051 0.047 0.038

 p-value 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00

Men

Education Coefficient 0.049 0.052 0.055 0.057 0.060 0.062 0.064 0.067 0.070

p-value 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00

Work experience Coefficient -0.002 -0.003 -0.004 -0.004 -0.005 -0.006 -0.006 -0.007 -0.009

p-value 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00

Seniority Coefficient 0.007 0.007 0.007 0.008 0.008 0.009 0.009 0.009 0.009

p-value 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00

Age Coefficient 0.006 0.007 0.009 0.010 0.011 0.013 0.014 0.016 0.018

p-value 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00

Head of  household Coefficient 0.103 0.097 0.094 0.093 0.094 0.095 0.097 0.098 0.100

p-value 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00

Children aged six and under Coefficient -0.002 0.004 0.008 0.009 0.010 0.011 0.011 0.010 0.007

p-value 0.45 0.01 0.00 0.00 0.00 0.00 0.00 0.00 0.00

Firm size (factor)

    Micro (base) 0.368 0.426 0.463 0.492 0.518 0.534 0.555 0.577 0.611

    Small Coefficient 0.165 0.154 0.147 0.141 0.137 0.135 0.131 0.126 0.117

p-value 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00

    Medium Coefficient 0.180 0.160 0.150 0.140 0.130 0.124 0.118 0.110 0.093

p-value 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00

    Large Coefficient 0.287 0.260 0.240 0.227 0.215 0.206 0.195 0.187 0.178

p-value 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00

Urban workplace Coefficient 0.108 0.104 0.105 0.104 0.103 0.104 0.103 0.100 0.102

p-value 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00

Men-Women coefficient 
ratios

Education 0.75 0.77 0.79 0.81 0.82 0.83 0.84 0.85 0.87

Work experience 0.92 0.65 0.68 0.69 0.72 0.73 0.76 0.80 0.82

Seniority 0.51 0.49 0.49 0.50 0.52 0.55 0.57 0.60 0.66

Age 0.54 0.56 0.61 0.65 0.67 0.69 0.71 0.75 0.77

Head of  household 11.23 17.91 27.23 150.31 -64.44 -40.86 162.42 -174.46 26.20

Children aged six and under -0.03 0.09 0.16 0.16 0.19 0.20 0.18 0.16 0.11

Table 4 (continued). Hourly-wage quantile models for women and men in Mexico, 2005-2020 (pooled estimate)
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Quantiles 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9

Firm size (factor)

Micro (base) 1.27 1.07 0.96 0.90 0.85 0.80 0.76 0.71 0.68

Small 0.81 0.90 1.00 1.09 1.18 1.36 1.58 2.13 3.66

Medium 0.89 0.96 1.07 1.18 1.33 1.65 2.24 4.25 -22.23

Large 0.94 0.99 1.05 1.12 1.21 1.34 1.50 1.91 2.68

Urban workplace 0.84 1.08 1.28 1.48 1.62 1.76 2.01 2.12 2.66

Notes: Number of  quantile regressions (nreg) = 100; bootstrap = 100; weights = fac (expansion factor); tail 
trimming  = [0.1, 0.9].

In the parametric version of  the structure-effects component of  the CFM methodology, the 
Coefficients for wage quantile models are compared by sex at each quantile  = [0.1, ..., 0.9]; 
these are called men-women coefficient ratios at the end of  Table 4. Here, values above the unit 
indicate that the rate of  men’s returns is greater than the rate of  women’s, while for values below 
1, women have the upper hand over men’s returns.

In terms of  human capital, the results show that education, work experience, and seniority 
are statistically different from zero in all estimates. Years of  schooling is the most important 
factor and has a positive effect; the same happens with years worked for current employer, while 
potential years of  work experience tend to reduce both women and men’s wages. From the point 
of  view of  gender discrimination, male workers are expected to get higher returns than females, 
in a case of  overvaluation of  men with respect to women (Boeri & Van Ours, 2013; Jacobsen, 
2007). However, the results of  the estimates and the men-women coefficient ratios calculated 
for the human capital variables show that, in the three cases discussed here, women actually 
achieve higher returns than men, with the main advantage for women being their seniority. 
By inspecting these three variables, it turns out that the returns to women’s human capital are 
higher compared to men’s at low-income levels and lower at high-income levels. Together, these 
results suggest that human capital factors are not the main source of  wage differentials against 
women in Mexico. Others have made this point previously by critiquing the theory of  human 
capital and proposing alternative approaches (Mendoza-González et al., 2017; Andrés et al., 
2019; Garza-Acevedo & Quintana-Romero, 2014).

From the perspective of  discrimination and life expectancy theory (Modigliani, 1966; Sedg-
ley & Elmslie, 2018), the expectations of  higher incomes as one grows older depend on la-
bor-market conditions; this is the reason why salary returns could be expected to increase with 
age at high income levels. Yet workers’ age can be an element of  wage discrimination itself  
when the income expected by age is determined differently for men and women. Wage dis-
crimination exists in quantile models when coefficients estimated for returns related to age are 
higher for men than for women. In the case of  the present research, the results of  the estimates 
show there is no discrimination against women due to age, and everything seems to indicate that 
women have better salary conditions than men do at any income level.

On the other hand, the socio-economic approach to gender wage discrimination (Boeri & 
Van Ours, 2013; Jacobsen, 2007) posits that women who are the head of  household and have 
children under the age of  six (single mothers) face important time restrictions, which leads to an 
overvaluation of  working men with the same circumstances. According to the results presented 
in Table 4, this statement does not hold true when comparing men and women’s hourly wages 
in Mexico between 2005 and 2020. It is worth remembering that the proportion of  working 
women who are heads of  family (23%) is much lower than the proportion of  men (64%), as well 
as the proportion of  female workers with six-year-old children and younger (6%) relative to men 
(23%) (see Table 1).

Table 4 (continued). Hourly-wage quantile models for women and men in Mexico, 2005-2020 (pooled estimate)
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The estimated coefficients of  the quantile models show in general that being the head of  a 
family and/or having children aged six or under is related to higher wage returns and is linear 
or relatively constant at any income level (see Tables 4). From a comparison of  the coefficients 
of  the hourly-wage models, an overvaluation of  men is inferred with respect to women when 
they are the head of  the household and have children less than or equal to six years of  age. The 
results show that being a female head of  household does not cause a salary differentiation with 
respect to those who are not heads, while for men it is important to be the head of  a family, 
although the effect is linear at any income level (see Table 4). With hourly wages, the condition 
of  having children under or equal to six years of  age does not seem to be an element of  discrim-
ination against women in general (see Table 4).

The relationship between firm size and wages has been the subject of  different approaches 
and discussions (Lallemand & Rycx, 2007; Mellow, 1982; Pagan & Ullibarri, 2000), but in gener-
al it can be argued that the larger the company, the better the chances to earn a decent income. 
However, if  conditions favor men, then there is a greater likelihood of  gender discrimination 
against women. Results from the quantile models provide enough evidence to claim that there 
is wage discrimination against women in small, medium, and large firms, which is exacerbated 
at medium and high income levels (see Table 4).

In terms of  location (Block & Walker, 1981), higher returns are expected in jobs that take 
place in metropolitan areas rather than in non-metropolitan areas, or urban versus non-urban 
settings. Results demonstrate that, when the coefficients of  hourly-wage quantile models are 
compared, there is a wage premium for working in urban areas that is higher at the lower in-
come levels and tends to diminish at higher levels of  income (see Table 4).

Discussion and conclusions

This work has analyzed the trends of  gender wage differentials in Mexico along the income 
distribution through the use of  non-parametric methods and quantile regressions. Results con-
firm that men earn higher salaries than women in general. However, and in contrast with other 
studies, evidence shows a relative stability of  median hourly-wage differentials from 2005 to 
2009 and a slight but consistent increase from 2010 to 2020.

Results also show a non-linear relationship between gender wage differentials and labor 
income levels that is consistent with the sticky floor hypothesis –which posits that male work-
ers earn higher hourly salaries than female workers at lower income levels– but departs from 
the idea of  a non-linear U-shaped relationship, where greater gender wage differentials are 
observed at the low and high ends of  the labor-income distribution at the same time –which 
would be in line with both the sticky-floor and the glass-ceiling hypotheses (Arceo-Gomez & 
Campos-Vazquez, 2014)–, even though other studies have documented this trend for Mexico 
(Pagan & Ullibarri, 2000; Popli, 2013; Rodríguez-Pérez & Castro-Lugo, 2017). Findings here 
suggest that women earn higher wages than men per hour at higher levels of  income, but men’s 
hourly salaries are up to 15% larger than women’s at low-income levels, which implies that 
women have clear disadvantages when the number of  worked hours is taken into account to 
estimate labor income.

The human capital endowment did not turn out to be relevant in the models here estimat-
ed, since the composition effect was negative; on the other hand, the structure effect increased 
its relative importance (45%) in explaining why men earn higher wages than women, which 
accrues as more solid evidence on gender wage discrimination in Mexico. This conclusion is in 
accordance with findings from most studies on the subject, showing that the coefficients of  the 
composition part in empirical studies on gender wage differentials have a tendency to stabilize 
at values close to zero, while coefficients of  the structural part are increasingly more relevant, 
and that this is consistent regardless of  the inclusion of  a large number and a wide variety of  
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explanatory variables (However, Ponthieux and Meurs, 2015). Instead, endowment valuation 
–or returns to human capital factors– largely explains the gender wage gap in Mexico, with the 
structural effect –or gender discrimination– emerging as the main explanatory component.

Based on the outcomes from the parametric estimations of  the wage quantile models, the 
conclusion is that education, work experience and seniority (three out of  four factors of  human 
capital education) are not the main sources of  wage discrimination against women. In turn, age 
(the fourth factor) is a cause for wage discrimination against women when hourly wages are con-
sidered, especially at low-income levels. In particular, being the head of  household and being 
the mother of  children aged six or younger are two important factors of  discrimination against 
women; men can earn almost twice what women make because of  these two circumstances 
alone. Evidence was also found for discrimination against women when hourly wages are con-
sidered in small, medium, and large firms, which worsens at medium-high levels of  income.

In summary, results indicate that the greatest wage differentials and wage discrimination 
against women occur in the working population with the lowest levels of  hourly income. This 
begs for great efforts in international organizations and national institutions in Mexico towards 
public policies that reform cultural, social and labor market conditions to reduce the wage gap 
and wage discrimination against women of  scarce resources.

In terms of  public policy, the European Union Action Plan stands out as an example, be-
cause it specifies five areas to stimulate these changes, especially the second point proposes as 
an objective “equal pay for equal work and work of  equal value” (López Díaz and Santos del 
Cerro, 2015). In this context, the current research joins to highlighting the need for mechanisms 
that focus on gender wage discrimination at low income levels and aspire to the ideal of  a gen-
derless remuneration of  work.

Finally, the following lines for research are suggested to overcome some of  the limitations in 
this work. The main restriction of  the non-parametric CFM methodology could be that it does 
not consider possible self-selection bias into the labor market; this may affect the results if  wom-
en of  higher unobservable ability are overrepresented at the top of  the hourly wage distribution, 
relative to what it is observed in the distribution of  men. Hence, a crucial line of  future research 
would look into the self-selection issue. On the other hand, as it currently is, the CFM method-
ology may be expanded into a research line that analyzes the effects of  explanatory factors on 
wage discrimination against women and to simulate scenarios of  wage-differential distributions 
by percentiles, instead of  by deciles as done in this paper.

Another research proposal would be undertaking a long-term analysis that integrates other 
authors’ results for the 1980s and the 1990s decades, involving the challenging task of  harmo-
nizing labor-market surveys. In the same spirit of  expanding present results, another sugges-
tion is to perform a comparative analysis using more of  the available data sources, such as the 
labor-market surveys (ENOE), the income-expenditure surveys (ENIGH), and the population 
census samples, to identify and contrast the sticky-floor and glass-ceiling hypotheses. It would 
be equally interesting to incorporate other variables for different types of  occupations and in-
dustries. Lastly, the increase in the age coefficient across all deciles of  the income distribution 
observed in the results of  the parametric model could also be further investigated from a dis-
crimination and life expectancy theory perspective.
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