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Abstract 

Recent years have seen an ever-greater expansion of the digital economy, a development that 

may bring new opportunities to workers who were at a disadvantage in the traditional 

economy. We focus on a specific set of workers who belong to such a group: women. We 

study a skill set of particular relevance in the digital economy and estimate their returns in the 

labor market, according to gender, across four Latin American countries. We find that 

information and communication technologies (ICT) skills and science, technology, 

engineering, and mathematics (STEM) skills yield significant positive returns for both men 

and women. However, there is a significant gender gap that favors men on the STEM returns. 

There is also a sizable gender gap regarding the amount of skills accumulated by gender. 

Through an Oaxaca-Blinder decomposition, we estimate that up to 80% of the gender gap in 

hourly wages may be due to the lower returns that women receive, relative to men, on their 

STEM skills. If an investment in skills relevant to the digital economy may be beneficial for 

the labor market performance of both men and women, why returns to STEM exhibit such 

strong gender asymmetries remains an open and relevant question. 
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1 Introduction 

1.1 Motivation

Recent years have seen major changes in global labor markets. Technical innovation is leading to 

-greater expansion of a digital economy, in 

which old jobs are lost, new jobs are created, and even the same jobs are approached differently 

and require different competences. If old jobs are lost but new ones are created, then new 

opportunities may arise for workers who were previously at a disadvantage in the traditional 

economy.1 

In this paper, we focus on a specific set of workers who belong to such a group: women. Gender 

gaps in the labor market have been a significant and persistent empirical regularity in most 

countries around the world (Blau and Kahn, 2017). The digital economy affects this longstanding 

gap and may act to reduce or magnify it, depending on the skills that men and women can acquire 

and deliver in the labor market. Focusing on a set of high-income countries, OECD (2018a) finds 

that differences in skill endowments between male and female workers account for some but not 

all of the wage gap. When controlling for skills relevant to the digital economy, the gender wage 

gap is reduced by 1 to 12 percentage points.2 OECD (2018b) also shows evidence of gender gaps 

in skills, tracing some back to human capital acquisition during the schooling years. However, 

among recent generations, the study finds that the gender gap in skills relevant to the digital 

economy is more ambiguous: In some areas, girls outperform boys (e.g., collaborative problem 

solving) but are outperformed by boys in others (e.g., digital-related skills). 

Our report focuses on Latin American countries where no systematic analysis of the interaction 

between the digital economy and the gender gap has been undertaken.3 The primary reason for the 

1 A number of reports by multilateral organizations and international think-tanks are making a similar point: for the 
OECD, see OECD (2018a; 2018b); for the World Bank, see Box 2.10 in World Bank (2016); for the ILO, see Ryder 
(2018); for the WEF, see World Economic Forum (2018); for the IDB, see Busso et al. (2017). 
2 See Section 1.3 in OECD (2018a). The highest reduction is for Japan, which has the highest gender wage gap among 
OECD countries at about 40%. 
3 Some country reports are starting to look at gender differences in skill acquisition, but without relating the results to 
gender differentials in the labor market. See, for example, OECD (2016) on Chile. The report  using PIAAC data  
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absence of systematic contributions across Latin America relates to data limitations: 

Representative individual-level data, capable of capturing the skills required in the digital 

economy, are scarce. We are taking a first step in this analysis by using data sets comprising this 

relevant information for four Latin American countries: Chile, Bolivia, Colombia, and El Salvador. 

We have obtained the relevant information by combining two different surveys that collected data 

on skills: the Programme for the International Assessment of Adult Competencies (PIAAC) survey, 

available for Chile in 2014, and the Skills Towards Employment and Productivity (STEP) survey, 

available for Colombia and Bolivia in 2012 and for El Salvador in 2013.  

After extracting the estimation sample, we document gender gaps in skills endowments and 

estimate returns to skills. We control for a variety of factors, including heterogeneous returns by 

with respect to the endogenous selection of women in the labor market. Finally, we decompose 

the gender gap in the portion resulting from differences in returns to skills and differences in skill 

endowments. 

Two specific skills yield significant returns across the board: STEM (science, technology, 

engineering, and math) and ICT (information and communication technologies). ICT returns are 

similar across genders, with an increase of one standard deviation in the skill generating a return 

in hourly wages of about 17%. By contrast, STEM returns differ significantly between genders, 

with an increase of one standard deviation generating a 15% return for men and a 9% return for 

women. Results by country show some differences in magnitudes. Returns to STEM are higher 

than the aggregate in Chile and lower than the aggregate in Bolivia, Colombia, and El Salvador. 

We also estimate that higher levels of education imply significantly higher returns for men but not 

for women. The estimates indicate that STEM endowments and returns play an important role in 

explaining the aggregate gender gap in hourly wages; the lower endowments for women may be 

responsible for up to 30% of the gap, while the lower returns for women may account for close to 

80%. 

 

 

, on study skill formation in the Latin American and the 
Caribbean region, provided evidence on the availability and adoption of digital technologies but not on their relation 
to the gender gap. 
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1.2 Structure 

The paper is organized as follows: Section 2 describes the data and the specific indicators we build 

to describe the digital economy. Section 3 provides standard descriptive statistics on the gender 

gaps in the labor market, integrating gaps in skills relevant to the digital economy. Section 4 

provides estimates of the returns to these skills, according to gender. The estimates control for a 

rich set of individual characteristics and, in some specifications, for selection in the labor market. 

We also provide evidence regarding the interaction of the skills with the sectors most exposed to 

the digital economy, as well as with education levels. Section 5 focuses on the gender gap in hourly 

wages and unpacks the extent to which the gap can be accounted for by differences in returns, 

relative to differences in the endowment of digital-economy-relevant skills. Section 6 provides 

final comments and a summary of the results. Appendix A includes details about the construction 

of the variables of interest, Appendix B presents the complete regression results, and Appendix C 

provides results according to country. A Web Appendix includes additional specifications and 

robustness checks. 

 

2 Data 

We combine information from two surveys that collected data on skills at work. First, we use 

information accessible in the PIAAC survey, available for Chile in 2014. The PIAAC is a survey 

-

processing skills  literacy, numeracy, and problem solving  and gathers data on how adults use 

their skills at work. The survey is implemented by an international consortium, contracted by the 

OECD, and is designed to ensure international comparability of the data. Second, we use 

information from the STEP survey, available for Colombia and Bolivia in 2012 and El Salvador 

in 2013. STEP is a survey collected by the World Bank and gathers data on skills in urban areas 

of low- and middle-income countries. It also shares the main objectives and structure of the PIAAC 

questionnaire. It strives to record the data in a way that renders it comparable across different 

countries. 

Still, two concerns remain regarding the comparability of STEP and PIAAC for our purposes. The 

first relates to differences in sampling: STEP is representative of people aged 15-64, living in urban 
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areas, while PIAAC is representative of people aged 16-65, living in both urban and rural areas. 

represented more heavily in non-urban areas: agriculture, forestry and fishery, as well as mining 

and quarrying.4 Due to the slightly disparate age range between the two surveys, we include 

individuals aged 16-64 in the estimation sample. We also restrict the sample to wage employees 

of the private sector, except for El Salvador, where it is not possible to distinguish between the 

private and public sector. These restrictions generate a final estimation sample with 1,541 

observation for Chile, 510 for Bolivia, 668 for Colombia, and 522 for El Salvador. 

The second relates to differences in survey questions. PIAAC and STEP use different 

questionnaires to collect information. Still, the questions about labor market outcomes, 

demographic characteristics, socioeconomic variables, and ability measures generate variables that 

allow for a high degree of comparability between the surveys. The differences in survey questions 

become more relevant when crafting measures of skills, as eliciting skills is a more difficult, and 

arguably less agreed upon, task than eliciting demographic characteristics or standard labor market 

outc

devote the next section of the paper to describing how we build the relevant skills measures from 

parability across countries and 

surveys. 

Throughout the paper, the unit of observation of the data remains the individual worker. The level 

of analysis operates at both the country level and the aggregate level, pooling all countries into a 

single data set. Typically, we discuss the results from the pooled sample in the main text of the 

paper and report country-level results in the Web Appendix. 

 

 
4 We could not limit our direct focus to the urban population in Chile because PIAAC does not report an indicator for 
urban and rural areas. The only geographic indicator reported by PIAAC is the OECD territorial level 2 region, which, 
for Chile, corresponds to 11 of the 15 regions of the country. We have combined this information with the rural/urban 
indicator contained in a nationally representative household survey for Chile  the 2013 CASEN survey. Based on 
CASEN, we can calculate the proportion of the population in each region living in urban areas. Results show that most 
of the population in each Chilean region is concentrated in urban centers. In most of the regions, more than 90% of 
the population lives in urban areas, with the most rural region (Maule) reporting 67% of urban population. Still, we 
have performed a robustness exercise, where we eliminated regions with less than 85% or 75% of the population living 
in urban areas. Our results were barely affected. 
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2.1 Skills measures 

We build the skills measures to summarize the information collected in the numerous relevant 

survey questions and in order to maximize the comparability with previous literature and across 

countries. We focus on skills relevant in the digital economy. The previous literature has identified 

ICT and STEM quantitative skills as critical to thriving in the digital era (OECD, 2018a; OECD, 

2018b). It has also argued that soft, social, and interpersonal skills, jointly with creativity and 

critical thinking, will become critical in future, innovative labor markets (Ryder, 2018; World 

Economic Forum, 2018; OECD, 2018b). To capture both sets of competencies, we follow the 

classification proposed by Grundke et al. (2017) in preparatory work for a series of OECD reports 

on skills and the digital economy.5 They define the following six sets of skills using data from the 

PIAAC survey on OECD countries: 

1. ICT skills are those related to ICT use, from reading and writing emails to using Word and 

Excel or a programming language. 

2. Managerial and communication skills capture strategic management abilities for the 

generation of sustainable competitive advantages, including human resource management 

practices, which encompass negotiating with people, instructing, advising, and persuading people. 

3. Readiness to learn and creative problem-solving skills include the ability to solve problems 

in the process of developing organizational capabilities and improving firm performance. 

4. Self-organization skills t to changes and absorb shocks. 

5. Marketing and accounting skills include abilities associated with accounting tasks, such as 

reading financial invoices and bills, and with front-of-office marketing tasks, such as interacting 

with clients.

6. STEM quantitative skills include the ability to apply algebra, simple or complex, and 

prepare charts and tables. 

In Table A1 in Appendix A, we provide details on the exact questions from PIAAC and STEP that 

we use to generate each skill measure and the metric associated with each variable. Variables from 

 
5 See OECD (2018a, 2018b). 
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PIAAC derive exactly from the definition proposed by Grundke et al. (2017): We construct the 

same set of measures using the PIAAC for Chile as they did using the PIAAC on the 31 OECD 

countries in their analysis.6 In the STEP surveys for Bolivia, Colombia, and El Salvador, we 

identify the questions aimed at capturing the same skills and that are as close as possible to those 

available in PIAAC.  

The first important difference between the two surveys is that most variables in PIAAC capture 

the , 

while STEP involves a combination of binary questions (whether a person performs a certain task 

at work or not) with some categorical frequency questions as in PIAAC. In order to overcome 

these differences between surveys, we construct the skill measures applying a standardization 

methodology used by previous studies (Acemoglu and Autor, 2011; Almeida et al., 2018). First, 

for each variable associated to a skill category, we calculate the mean and standard deviation and 

standardize the variable by subtracting the mean and dividing by the standard deviation. Second, 

for each worker in the sample, we obtain a score for each skill category by adding all the 

standardized variables obtained in the first step. Third, for all skill measures to have a zero mean 

and standard deviation of one, we do one additional standardization of the six skill categories by 

subtracting their mean and dividing by their standard deviation. The standardization is performed 

for each country separately. 

The second important difference concerns the difference in the actual questions. Many important 

questions are extremely similar, for example, those related to ICT skills or STEM skills, but there 

are others with more salient differences. For example, to build marketing and accounting skills, 

PIAAC includes a question on the frequency of selling products or services, but STEP does not. 

Our strategy here has been to base our choices on previous literature using the STEP survey to 

construct skills measures (Di Carlo et al., 2016; Roseth et al., 2016; Lo Bello et al., 2019) or 

combining both PIAAC and STEP to compare across countries (Lewandowski et al., 2019). The 

main difference between these previous studies and our paper is that they have focused on a 

different set of skills, mirroring the measures available in U.S. surveys instead of those available 

in the OECD PIAAC surveys.7 

 
6 The only difference is the exclusion of a variable capturing physical skills that Grundke et al. (2017) included in the 
ICT measure with a negative weight. 
7 They focus on the difference between cognitive and manual skills and between routine and non-routine tasks. 
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2.2 Digital intensity 

In our econometric analysis, we also estimate differential returns, according to the digital intensity 

of each economic sector. Digital intensity refers to the degree in which the production and the 

performance of a given sector has been impacted by the digital transformation, i.e., the same set 

of technological innovations that have made relevant the skills that are the object of this study. The 

process of digital transformation is complex, involving more than a mere investment in computers, 

software, cold computing, or other digital tools, embedding them in production with the 

appropriate human capital and using them when deal (Calvino et al.,  

2018). Looking at digital intensity is important in our context because the skills most relevant to 

the digital economy may be complementary to the technologies and business practices used by 

least, study the heterogeneity on returns by the degree of digital intensity at the sector level.  

We proceed by defining an indicator variable of digital intensity for each of 36 economic sectors 

following the classification established by Calvino et al. (2018) for a subset of OECD countries. 

Using data from the Latin American region to define the digital intensive indicator variable would 

seven variables to describe a given sector as more or less digital-intensive: level of investment in 

ICT equipment, level of investment in software and databases, purchases of ICT services, 

purchases of ICT goods, robot use, revenues from online sales, and intensity of ICT specialists. 

None of these variables are reliably collected for Latin American and the Caribbean (LAC) 

countries, so we use the same indicator defined by Calvino et al. (2018) but apply it to our LAC 

countries. 

To determine the extent to which transferring the OECD classifications to LAC countries 

represents a credible way to proceed, we use the only variable with some correlation to digital 

intensity available on the LAC region. The International Federation of Robotics (IFR) provides 

counts of the stock of robots by economic sector, country, and year worldwide, including the four 

countries under investigation here. We calculate the average number of robots in each economic 

sectors above the median. We compare this classification specification from the 

Latin American region to the one appearing in Calvino et al. (2018) to evaluate the viability of the 
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robot use component of their digital intensive indicator. The comparison indicates a correlation of 

0.8 between the Latin American classification and the OECD classification, lending some weight 

to the use of the OECD classification in our estimates. Still, some important differences exist in 

the intensity of robot use between regions. Table A2 in Appendix A shows the average number of 

operational robots for seven aggregate economic sectors in the Latin American region, in the 

United States, and in Western Europe. The number of operational robots is between 4 and 100 

times larger in the United States and Europe, relative to Latin America. 

In conclusion, the comparison shows that LAC countries and high-income OECD countries are 

generally similar, in terms of the sectors of the economy with high digital intensity, but that the 

degree of intensity is likely to be much smaller in LAC countries than in OECD countries. 

 

3 Descriptive Analysis: The Gender Gap 

We first describe the gender gaps in the labor market and the gender differentials in the relevant 

skills variables. In terms of human capital measures, Table 1 documents the high rates of education 

of the women in our sample, relative to the men: 79% of women are high-educated (upper 

secondary education completed or more), while the percentage is 71% for men.  

In terms of labor market performance, the usual gender gap in earnings emerges: The average wage 

of low-educated women is 83% of the average wage of low-educated men; for the high-educated 

group, the value is 87%. We also find the usual gender asymmetries in the distribution of 

occupation: 32% of women are employed in this occupational category, relative to 16% of men. 

Among men, crafts and related trades is the main occupation, employing about 22% of the 

workforce. In terms of sectors, both women and men are largely employed in the services sector, 

but the percentage for women is higher, reaching 93%, while, for men, it is 86%. A similar pattern 

is found when comparing the percentages of women and men employed in digital-intensive 

sectors. For women, we are looking at 53%, while, for men, it is 50%.  The usual gender gap in 

labor market participation is also confirmed by our data: Figure 1 shows that, on average, 34% of 

women in the sample do not participate in the labor market, compared to 18% of men. There are 
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important differences by education levels: Low-educated women participate at a 54% rate, while 

high-educated women participate at a 73% rate. 

Gender differences, with respect to skills relevant to the digital economy, are reported in Figure 2 

and at the bottom of Table 1. The largest difference relates to STEM, where the average skill level 

for men is 0.12 of a standard deviation above the mean, while the average for women is 0.15 of a 

standard deviation below the mean.8 A smaller disadvantage for women is observed in the context 

of ICT skills, where they hold a value 0.03 of a standard deviation below the mean compared to a 

similar value ,which is, of course, above the mean for men. On all the other three skills, men and 

women do not show noticeable differences. 

 

4 Econometric Analysis: Returns to Skills by 

Gender 

This section presents estimates of the impact of skills on hourly wages, according to gender. We 

also analyze how these returns to skills interact with the digital intensity of the sector in which the 

worker is employed. The interaction is relevant to understand how skills play a role in the process 

ders that while the digital economy 

is expanding, it may have not yet reached all the sectors of the labor market. 

The econometric analysis focuses on estimating equations of the form: 

 

  (1) 

 

where the natural log of the hourly wage of individual i of gender g in country j (wij) is regressed 

on a set of individual-level controls (the vector xij), a measure of the individual skill relevant in the 

digital economy (sij) and a country-fixed effect ( j

the percentage change in earnings associated with a unit increase in the amount of skill s. 

Following the literature estimating earnings functions, we label this coefficient the return to skills. 

 
8 All the skill indexes are normalized to be mean zero and a standard deviation of one in the overall population.
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It is worth noting here that the parameters to be estimated are denoted by the superscript g, to 

indicate that we are estimating gender-specific coefficients. In other words, we are estimating 

equation (1) separately by gender.9 

This specification is different, with respect to the one used by OECD (2018a), which performs a 

-specific returns to skills by 

interacting a gender dummy with the skill variable and then estimating on the pooled sample of 

men and women. In terms of equation (1), this is equivalent to having the superscript g, but only 

-specific 

returns on all the variables. Without this flexibility, the returns to skills could capture some of the 

gender-specific impacts of the other covariates. We find that this specification is, indeed, relevant; 

numerous coefficients are significantly different between men and women. In Section 4.4, we 

show the extent to which using the OECD (2018a) specifications instead impacts our results.                                                     

The individual-level controls included in the vector xij are quite parsimonious, due partly to data 

availability and also to the returns we aim to identify. Specifically, the vector includes a constant, 

age and age squared, an indicator variable of completed upper secondary education or more, and 

literacy and numeracy test scores.10 In short, the baseline specification controls for broad human 

capital indicators (age and education), for a proxy of basic cognitive abilities (literacy and 

numeracy scores) and for aggregate differences between the economies (the country-fixed effects). 

The only additional controls available across all data sets, available for our inclusion in the 

specification, are sectors and occupations indicator variables. We decided not to include them in 

the baseline specification for the following reason: Choice of sector and occupation is endogenous 

and, as such, the overall returns to skills may legitimately include the return to the choice of a 

certain occupation/industry cell. Since we are interested in gender gaps in the overall return to 

skills, we have preferred not to decompose the returns in the component due to occupation and 

sector choices and in the component due to differences within a given sector and occupation cell. 

 
9 To simplify notation, we do not add the indicator g to the observed variables, but it is understood that we will include 
in each regression only individuals belonging of a specific gender. 
10 Literacy and numeracy test scores are, unfortunately, not available for all countries. Literacy scores are available 
for Bolivia, Colombia, and Chile, while numeracy scores are only available for Chile. We have therefore decided to 
have them interact with the country  fixed effects in the section for specification, pooling all the countries together. 
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Still, estimating the coefficient conditional on industry and occupation is informative, and we 

present these estimates in Section 4.4. 

 

4.1 Main Results 

The main results on returns to skills are presented in Figure 3. The two main cognitive skills 

relevant in the digital economy ICT and STEM show positive and significant returns for both 

men and women, but, in STEM, the returns are significantly higher for men.11 Specifically, a one 

standard deviation increase in the STEM skill measure implies a 15.1% increase in wages for men 

and an 8.7% increase in wages for women. ICT skill returns are more similar across genders, 

ranging from 16.9% for women to 17.6% for men. The returns to the other skills are lower but still 

positive and significant except for marketing and accounting for women. 

Compared with the returns estimated in OECD countries, the returns to ICT and STEM are higher 

than the estimated average over the pooled set of 31 OECD countries. OECD (2018a) estimates 

returns to ICT skills to be about 12% for women and about 10.5% for men. The returns to STEM 

skills are estimated at 4% and 4.5%, for women and men, respectively. Contrary to the results for 

the four LAC countries, there is a gender gap in returns to ICT, favoring women, while there is no 

significant difference in returns to STEM by gender.12 

We have tried to determine whether the difference in results, with respect to OECD (2018a), 

derives from differences in the specification. As mentioned above, even when the variables 

employed are comparable, the specifications are slightly different: OECD (2018a) estimates that 

by having a gender dummy interacted with skills, while we prefer a more flexible specification, 

where all the returns are allowed to be gender-specific. We have run the specification preferred by 

OECD (2018a) on our data and found that the difference in specification explain only a small 

portion of the difference. We discuss the results in Section 4.4. 

The main results of the returns to skills interacted with the level of digital intensity in the sector 

are presented in Figure 4. The figure reports the additional impact of a given skill when the worker 

 
11 We report point estimates with the dot and the diamond, and the 90% confidence interval with vertical lines. As a 
result, any time that the vertical line does not cross zero, it means that the coefficient is significantly different from 
zero.
12 See Figure 1.7, page 16, OECD (2018a). 
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is employed in a sector with high digital intensity. The exercise is meant to capture the extent to 

which a portion of the overall returns discussed above is due to composition effects across sectors, 

i.e., if the skills have significant and positive returns only in those sectors that are more impacted 

by the digital economy, or if they are equally valuable across all sectors. The figure shows that 

digital intensity does not generally have a significant impact: Most of the coefficients are not 

significantly different from zero, and the point estimates are very close to zero.13 Again, this result 

stands in stark contrast with the findings for OECD countries. OECD (2018a) estimates that 

working in digital-intensive industries increases returns to skill by about 2 to 3 percentage points.14 

The results for our four Latin American countries indicate that either digital intensity is not very 

pronounced in Latin America or that the skills under consideration are valuable across all the 

sectors of Latin American economies. Even with the data at our disposal, we cannot disentangle 

the two explanations, but some of the evidence discussed in Section 2.2 indicate that digital 

intensity is, indeed, less pronounced in Latin America than in OECD countries. Specifically, Table 

A2 in Appendix A shows that the average number of operational robots for seven aggregate 

economic sectors (the only direct measure of digital intensity available for LAC countries) is 

between 4 and 100 times larger in the United States and Western Europe than in Latin America. 

This result is consistent with the analysis based on the broader Digital Adoption Index, reported 

by Busso et al. (2017). The index shows that Latin America lags behind high-income economies 

in terms of availability and adoption of digital technologies.15 In other words, if the sectors of the 

economy with high digital intensity are similar between LAC countries and high-income OECD 

countries, the extent of the intensity is much smaller in LAC. 

To summarize the results obtained by aggregating the data gleaned from the four countries under 

study, (i) we estimated significant and large returns to ICT and STEM, with no significant gender 

differences on the first, but a significant gender gap in favor of men on the second. (ii) For the 

other skill measures, we found positive but lower returns with mainly not statistically significant 

differences between women and men. (iii) The digital intensity of the sectors does not seem a 

crucial factor in determining these returns. 

 
13 The exception are self-organization and marketing & accounting, which have, respectively, slightly smaller and 
slightly higher returns when used in digital-intensive sectors.  
14 See Figure 1.3, page 12, OECD (2018a). 
15 See Figure 4.8, page 95, Busso et al. (2017).
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In Appendix C, we look at each country in isolation from the others; we actually found results for 

each that are qualitatively similar to the aggregate for Chile, Bolivia, and Colombia but with some 

differences in magnitude. Returns to STEM are higher than the aggregate of Chile and lower than 

the aggregate of Bolivia and Colombia. El Salvador, on the other hand, does not report a gender 

gap favoring men in returns to STEM; both men and women have positive but similar returns. 

Returns to ICT in El Salvador are also a little different than the aggregate, indicating a higher (but 

not significantly so) return for women. Extra returns for working in digital-intensive sectors 

estimated by country confirm the aggregate results: Digital intensity does not significantly increase 

returns to skills. 

 

4.2 Heterogeneous Effects 

We focus on the heterogeneous effect on the individual characteristic most relevant with respect 

to skills formation and acquisition: schooling levels. We focus on upper secondary education, and 

we report the differential effect on the returns of individuals who completed this educational level 

with respect to individuals who completed less. The results are reported in Figure 5. They show 

that higher levels of education yield significantly higher returns for men but not for women. For 

women, the increase in returns never departs significantly from zero, and the point estimates are 

always lower than those for men. In the next section, we discuss whether these differences may be 

due to the different selection in the labor market by gender. 

These results are more mixed when looking at regressions by country (Figure C4 in Appendix C). 

In Chile, we estimate significantly higher returns for high-educated men on all skills except 

readiness to learn. In Bolivia and El Salvador, only half of the skill types demonstrate significant 

increases; in Colombia, only one. What remains broadly similar to the aggregate results is that the 

increase in returns is higher for men than women. The only important exception is Colombia, 

where the point estimate of increase in ICT and STEM is higher for women. However, the 

estimated coefficient is not significantly different from zero in either case.  
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4.3 Selection in the Labor Market 

Women participate in the labor market less than men. This is a common feature among most labor 

markets, and it holds in our samples. Figure 1 shows that women participate in the labor market 

less than men at all education levels. The Web Appendix shows the results of each country. 

Because participation is non-random  i.e., it is the result of a choice  the women we observe 

working may be systematically different from those not working. If the characteristics over which 

they are different are related to their performance in the labor market, then the return to skills we 

estimated are only representative of the population of women working and not of the entire 

population of women. This bias may affect some relevant policy implications. For example, if a 

policy is successful in increasing the skill levels of women, should we expect the returns 

that were affected by the policy to be more like those of the women currently participating or the 

ones who are not? Because some of the factors related to productivity remain unobserved, it is not 

easy to answer this question. It may therefore be useful to estimate a set of returns that can indicate 

if the estimated returns of women currently working are significantly different from those of the 

overall population of women.16 

We adopt a standard Heckman selection model (Heckman, 1979) to obtain returns that consider 

selection in the labor market. To avoid relaying only on distributional assumptions for 

identification, we adopt an exclusion-restriction: W s number of 

children affects her participation decision but not the wage paid to her.17 

Results are presented in Figure 6 and show relatively small changes with respect to the baseline 

specifications reported in Figures 3 and 5. Still, two small differences are worth mentioning. First, 

the point estimate of the return to ICT becomes higher for women than men. However, both in the 

baseline specification and in the selection-correction specification, the differences in returns 

between men and women are not significantly different from each other. Second, the gap in favor 

 
16 Notice that in principle, the same selection problem also applies to men but because a high proportion of men 
participate in the labor market, we follow the common practice of ignoring selection in the labor market for them. In 
other words, even if not all men participate in the labor market, the small proportion of men who do not is unlikely to 
affect the overall estimates very much. 
17 This assumption is common in the literature, but it is not without limitations. If it is true that firms cannot offer 
wage contracts contingent to the presence of children, some evidence shows that the unequal distribution of household 
work between men and women may generate a systematic (and potentially causal) association between wages and the 
presence of children. 
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of men in returns to STEM is reduced because the point estimate for women increases from 8.7% 

to 9.5%. 

By looking at results by country (reported in Figure C5 of Appendix C), we can see that these 

minor changes are mainly driven by Chile. In Chile, controlling for selection increases  

returns to ICT from 18.9% to 24.0% and returns to STEM from 11.0% to 18.3%. Another relevant 

change takes place in Bolivia, where returns to STEM become significantly different 

from zero when controlling for selection. 

With respect to heterogeneous returns, correcting for selection does not qualitatively change the 

results. The results are reported in Figure 7 and should be compared to Figures 4 and 5. Overall, 

they confirm the lack of significantly higher returns for agents working in the digital-intensive 

sector and reiterate that only men have significantly higher returns when they complete upper 

secondary education. 

Finally, estimates obtained by correcting for selection show that this is not the source of differences 

with respect to returns estimated in OECD countries (OECD 2018a). Selection-correction slightly 

increases the differences because it leads to slightly higher returns to ICT and STEM for women. 

 

4.4 Robustness Analysis 

In this section, we provide a robustness analysis along three dimensions. First, we study how the 

results change when we replicate the specifications of the OECD (2018a); we constrain all the 

coefficients to be the same for men and women except for the returns to skills. Second, we study 

how the results change when we control for sectors and occupations. Finally, we check if the results 

controlling for selection are affected by using different exclusion-restrictions in the selection 

model. 

Results constraining all the coefficients to be the same for men and women except for the returns 

to skills are reported in Table B7. This specification consists in running equation (1) on a sample 

pooling together men and women and then interacting the women indicator variable with the 

variable measuring the specific skill under consideration. Our favorite baseline specification 

allows all the coefficients to be gender-specific because it allows for more flexibility. This different 

constrained version lets only the return to skill be gender-specific; as a result, returns to skills may 
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capture some of the gender-specific impacts of the other covariates. By focusing on the two skills 

with the strongest impact in the baseline specification (ICT and STEM), the estimation results in 

the constrained specification are essentially identical to ICT and show a small difference to STEM. 

If, in the baseline specification, returns to STEM are estimated to be 15.2%, those for 

women are 6.7 percentage points lower.  returns on the constrained specification are 

estimated to be 14.9%, whereas those for women are 5.9 percentage points lower. This slightly 

lower gender gap in constrained specification is an indication that allowing for gender-specific 

returns on the other covariates and on country-fixed effects is useful for estimating returns closer 

to consistent values. 

Results controlling for sectors and occupations are reported in Table B8. As mentioned, sectors 

and occupations are important controls given that each sector/occupation cell may require and use 

the skills in the digital economy differently. Conditioning on them may clarify if the differences 

in returns we observed are due to the sorting of men and women over these cells or to different 

returns within cells. Because occupational choices are endogenous and within-sector differences 

may be affected by unobservable characteristics, this analysis remains largely descriptive. In other 

words, the overall returns to skills may legitimately include the return to the choice of a certain 

occupation. The estimation results conditioning on sectors and occupation qualitatively confirm 

the main result in the baseline specification: We estimate significant returns to ICT and STEM, 

with no significant gender differences in the former but a significant gender gap in favor of men 

in the latter. Quantitatively, both ICT and STEM returns are estimated to be lower when sectors 

and occupation controls are introduced. For example, ICT returns decreased from 16.8% 

in the baseline specification to 7.0% in the specification controlling for sector and occupation; the 

corresponding values for men were 17.4% and 7.1%, respectively. These results indicate, probably 

not surprisingly, that a portion of the returns to ICT and STEM is because individuals who possess 

those skills work in a sector and occupation that pay relatively more in comparison to people with 

a lower level of these skills. More interestingly, the gender gap in ICT returns is unaffected when 

we change the specification, unlike the gender gap in STEM returns. In other words, conditioning 

on the sector and occupation cell,  returns to STEM are estimated to be much greater than 

 returns to STEM than in the economy as a whole. The results suggest that different 

choices of occupation and sector are not the main driver of the overall gender gap in STEM returns; 
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women s occupational choices, vis-a-vis men s, decrease the gender gap in returns present within 

sector/occupation cells. 

Results controlling for how different exclusion-restrictions affect our selection model are reported 

in Table B9. In our baseline selection model, we used the presence of children as the exclusion-

restriction, a variable very likely to affect the participation decisions of women. However, not only 

fertility decisions are endogenous, but the presence of children may also directly impact wages 

and not only participation. Still, we are limited in terms of data availability on the exclusion-

restrictions we can use in the selection model. Furthermore, the number of children is the only 

variable available on all data sets. However, if we limit ourselves to the STEP countries, we can 

use additional information. Specifically, we use information about whether the mother or father of 

the person answering the survey lives in the household. This presence may be very influential on 

the labor market participation decision of women, either because they can help in household 

production or because they need resources for their care. We therefore built an indicator variable 

for whether the mother or father of the person answering the survey is living in the household. We 

use it as an exclusion-restriction alone and jointly with the presence-of-children variable. 

Estimation results show very little sensitivity to the various exclusion-restrictions. For example, 

the overall STEM return in STEP countries is estimated to be about 5.7% without controlling for 

selection. When controlling for selection, it is estimated to be just a little lower, ranging from 

5.13% when using only the presence of children as an exclusion-restriction, to 5.17% when using 

only the presence of grandparents, to 5.16% when using both.18 

 

5 Post-Estimation Analysis: Decomposing the 

Gender Gap 

The previous section presented estimates of the returns to skills and to other individual 

characteristics by gender. Using these estimates, it is possible to decompose the overall gender gap 

 
18 We have also run OLS regressions using the exclusion-restriction variables directly in the wage regressions. We 
found that they are typically not significant, while they always are in the participation-decision equation. Although 
the exclusion-restrictions are not formally testable since we use them for identification, this reduced form results lends 
some credibility to them.
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in the portion due to differences in returns and to differences in endowments. The most popular 

procedure to accomplish this is labeled in the literature as Oaxaca-Blinder decomposition.19 It is 

simply an accounting exercise based on mean differences. The regressions we have presented in 

the previous sections and defined in equation (1) are ordinary least squares (OLS) regressions 

guaranteeing that: 

 

  (2) 

 

where the overbar denotes sample mean, the hat denotes estimated value, and the indicator g=m,w 

denotes gender-specific values. The country-fixed effect component is averaged out over all the 

individuals living in the country.20 In other words, equation (2) states that OLS estimation 

guarantees that the mean of the dependent variable is exactly predicted by the estimated 

coefficients applied to the sample mean of the regressors. Based on this result and one step of 

algebra, the gender earnings gap the difference in average earnings between men and women  

can be decomposed in the portion due to differences in the sample mean of the regressors (the 

endowments) and in the portion due to differences in the estimated coefficients (the returns). 

Focusing on the returns and endowments of relevant skills related to the digital economy  denoted 

with s  we can write: 

 

 (3) 

 

 
19 See Blinder (1973) and Oaxaca (1973). For a more recent assessment of the approach, see Oaxaca and Ransom 
(1994). For a more general decomposition involving the entire distribution, see Machado and Mata (2005). 
20 To formally define it, we need to add an indicator function di(j)=1 if individual i lives in country j, leading to: 
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where the first term on the right-hand side denotes gender differences in endowments in digital-

economy-relevant skills (weighted by the male return ) and the second term denotes gender 

differences in returns to those skills (weighted by the female endowment ). 

Figure 8 reports the ratio between each of these two terms and the overall gender gap. For example, 

looking at STEM skills, we estimate that both gender differences in endowments and in returns 

have a significant impact in explaining the gender gap. The point estimates indicate that 

endowments could be responsible for up to 30% of the difference and returns for up to 80%.21 We 

see this as the main result to be drawn from the decomposition. Two other significant effects are 

present: Differences in ICT endowments have a marginally significant impact, whereas differences 

in returns in marketing and accounting have a more substantial impact, with the potential to explain 

up to 65% of the gap. We perform an additional exercise by reporting the endowment and returns 

components when including all skills measures at the same time. Results appear in the last panel 

of Figure 8 and show that endowments explain approximately 40% of the gender wage gap, while 

the returns to skills do not have any explanatory power. 

Results by country are reported in Appendix C, Figure C7. They confirm the overall main results 

for Bolivia, Chile, and Colombia: STEM has a significant impact, with differences in returns 

contributing up to 64% of the gap in Bolivia, up to 28% in Chile, and up to 90% in Colombia. El 

Salvador is the only country where STEM does not have either an economically significant or a 

statistically significant impact on the earnings gender gap. In terms of other skills, the country-by-

-country results show that the significant impact of marketing and accounting in the aggregate 

sample was mainly driven by Colombia. 

  

6 Conclusion 

We studied gender differentials in the labor market with a focus on skills relevant to the digital 

economy. Specifically, we estimated the returns to skills using standard wage regressions, but we 

allowed for heterogeneous effects and considered selection in the labor market. We focused on 

 
21 Recall that the estimated returns are based on running separate regressions, each with only one of the digital-
economy-relevant skills at the time. Since there are likely to be correlations between skills, the estimates report the 
maximum impact that the skill may have in explaining the gap. 
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four Latin American countries for which all the relevant data are available: Bolivia, Chile, 

Colombia, and El Salvador.

We found that the group of skills described as ICT and as STEM have significant positive returns 

for both men and women. However, there is a significant gender gap in favor of men on the returns 

to STEM, while the returns to ICT are very similar between the two genders. We also estimated 

the returns in specifications allowing for heterogeneity by education and sector of occupation. We 

found that having upper secondary education or higher implies significantly higher returns for men 

but not for women. Unlike the results obtained on OECD countries (OECD, 2018a; OECD, 

2018b), we did not find any significant impact related to working in a digital-intensive sector. This 

means that either digital intensity is less pronounced in Latin American countries than OECD 

countries or that the skills under consideration are valuable across all sectors of Latin American 

economies. All these results are confirmed when controlling for selection in the labor market for 

women. We also performed a robustness analysis where we studied how results change by varying 

the specification and by employing various exclusion-restrictions in the selection model. 

Finally, we provided a decomposition of how skills relevant to the digital economy may contribute 

to the gender gap in wages. By computing a standard Oaxaca-Blinder decomposition based on our 

estimates, we concluded that both gender differences in endowments and in returns to STEM skills 

have a significant impact in explaining the gender gap in earnings. The point estimates indicate 

that endowments could be responsible for up to 30% of the difference and returns for up to 80%. 

The summary of results provided so far is aggregated over the four countries under consideration. 

Many of our results were confirmed when performing the same analysis for each country 

separately. The most relevant differences between countries concerned returns to STEM. They 

were estimated to be higher than the aggregate in Chile and lower than the aggregate in Bolivia 

and Colombia. El Salvador is the only country not reporting a gender gap in favor of men in returns 

to STEM. As a result, El Salvador is the only country for which gender differences related to 

STEM skills do not explain the overall gender gap in earnings. 

Why returns to STEM exhibit such strong gender asymmetries can only be partially answered by 

our analysis. The list of possible explanations is broad. The first possibility is selection into 

different sectors and occupations; men and women may systematically choose to work in different 

jobs, even when possessing similar skills. Our robustness analysis controlling for sectors and 
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occupations indicated that this is not the case: The within-sector and occupation gaps are higher

than the overall gap. The second possibility is selection in the labor market, i.e., women participate 

in the labor market at a lower proportion than men. If only the relatively less productive women 

participate, then their lower returns may reflect a genuine productivity differential. Our analysis 

estimating a series of selection models indicated that this mechanism may at most explain a very 

small portion of the differential. The third possibility is different labor market experiences and 

labor market attachments. Some evidence suggests that time investments in household production 

are very different between men and women.22 This is reflected both in the extensive and intensive 

margins of labor supply. The extensive margin differential is reflected in the lower participation 

rate for women, and the selection models we estimated take this into account. The intensive margin 

is reflected in hours worked, which is accounted for by using hourly wages as dependent variables 

in our estimations. However, there is an important dynamic element that our static estimates could 

not properly consider; over time, a lower labor supply implies lower accumulation of human 

capital on the job. Our controls for labor market experience is very crude, and therefore, some of 

the impact of human capital accumulation on the job may be picked up by other returns, such as 

returns to education and returns to skills. The only objection to this explanation is that human 

capital accumulation on the job should involve all skills, not only STEM skills, while we estimate 

the gender gap only on STEM returns. The fourth possibility is discrimination against women in 

STEM professions. There is a growing, even if by no means conclusive, literature suggesting that 

STEM and related professions may be more prone to gender discrimination than other 

professions.23 With the data at our disposal, we neither can exclude nor confirm such an 

explanation. Finally, the fifth possibility is that the quality of the STEM skills acquired by men 

and women may be different, explaining the gap in terms of underlining productivity differentials. 

This may result from human capital acquired before entering the labor market. By controlling for 

numeracy score, our regressions should condition on some of those differences, but the difference 

may result also from human capital acquired on the job after entering the labor market. This is the 

same mechanism we described when discussing the dynamic implication of gender differences in 

 
22 Evidence collected in time-use survey provides convincing evidence in this respect. For cross-country evidence, see 
van der Lippe et al. (2011) and Apps and Rees (2005). For evidence on a Latin American country, see Salazar-Saenz 
(2019) on Colombia. 
23 See, for example, Buffington et al. (2016) and Carrell et al. (2010). 
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labor supply. Given the limited controls for dynamic behavior in our empirical models, this is 

another mechanism that cannot be ruled out. 

In conclusion, we found that if investing in skills relevant to the digital economy, specifically in 

ICT and STEM, may be beneficial for the labor market performance of both men and women, it 

remains a relevant open question in understanding why returns to STEM exhibit such a strong 

gender gap. Our results can rule out some explanations but cannot precisely point to the actual 

mechanism. At least two explanations remain good candidates to explain the gender gap in STEM 

returns: the presence of stronger discrimination against women in STEM-related professions than 

in other professions and the life-cycle impact of a different rate of human capital accumulation on 

the job between men and women. The first suggests policies directly targeting the labor market, 

and the second suggests policies improving work-life balance for both men and women.24

 

 
24 For a recent assessment of these policies in the U.S., see Doran et al. (2018). 
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Table 1: Descriptive Statistics

 
Notes: Table reports descriptive statistics on the estimation sample extracted from the 2014 PIAAC (Chile) and 2012 
(Bolivia, Colombia) and 2013 (El Salvador) STEP survey. Standard deviation is in parentheses. Low-educated: Lower 
secondary education or lower. High-educated: Upper secondary education or above. ICT: Information and 
communication technologies.  
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Figure 1: Distribution of Labor Market States

 

Women 

 

 

Men 

 
Source: Own elaboration based on PIAAC and STEP surveys. 
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Figure 2: Skills in the Digital Economy 

 
Source: Own elaboration based on PIAAC and STEP surveys. 
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Figure 3: Returns to Skills

 
Source: Own elaboration based on PIAAC and STEP surveys. 
Note: The figure reports the coefficient estimate of those individual skill that are relevant to the digital economy in 
the log hourly wage regression defined in equation (1). It represents the percentage change in hourly wages of one 
standard deviation increase in the skill measure. The dot and the diamond are the point estimates, while the vertical 
lines show the 90% confidence interval of the estimate. The complete specification is defined in Section 4, equation 
(1). Complete results are available in Table B1 in Appendix B. 
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Figure 4: Returns to Skills in Sectors with Varying Digital Intensity:

Extra Returns for Working in Digital-Intensive Sectors 

 
Source: Own elaboration based on PIAAC and STEP surveys. 
Note: The figure reports the estimate of the coefficient capturing the interaction between the individual skill relevant 
to the digital economy and a dummy equal to 1 if the sector is a digital-intensive sector. The estimate is obtained in 
the log hourly wage regression defined in equation (1). It represents the percentage change in hourly wages of a one 
standard deviation increase in the skill measure of a digital-intensive sector with respect to a nondigital-intensive 
sector. The dot and the diamond are the point estimates, while the vertical lines show the 90% confidence interval of 
the estimate. The complete specification is defined in Section 4, equation (1). Complete results are available in Table 
B2 in Appendix B. 
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Figure 5: Heterogeneous Effects by Education:

Extra Returns to Skills for High-Educated Workers 

 
Source: Own elaboration based on PIAAC and STEP surveys. 
Note: The figure reports the coefficient estimate for the interaction between the individual skill relevant to the digital 
economy and a dummy equal to 1 if the individual has completed upper secondary education or above. The estimate 
is obtained in the log hourly wage regression defined in equation (1). It represents the percentage change in hourly 
wages of a one standard deviation increase in the skill measure for individuals with at least upper secondary education 
completed with respect to individuals who have not completed that level. The dot and the diamond are the point 
estimates, while the vertical lines show the 90% confidence interval of the estimate. The complete specification is 
defined in Section 4, equation (1). Complete results are available in Table B3 in Appendix B. 
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Figure 6: Returns to Skills: Correcting for Selection in the Labor Market

 

 
 
Source: Own elaboration based on PIAAC and STEP surveys. 
Note: The figure reports the same estimates as Figure 3 but corrects for selection in the labor market for women. See 
Section 4.3 for additional details. We correct for selection only on women because men have a sufficiently high 
participation rate. Complete results are available in Table B4 in Appendix B.  
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Figure 7: Heterogeneous Returns to Skills: Correcting for Selection in the Labor Market 

 

Extra Returns for Working in Digital-Intensive Sectors 

 

Extra Returns for High-Educated Workers 

 
Source: Own elaboration based on PIAAC and STEP surveys. 
Note: The figure reports the same estimates as Figure 4 (top panel) and Figure 5 (bottom panel) but corrects for 
selection in the labor market for women. See Section 4.3 for additional details. We correct for selection only on women 
because men have a sufficiently high participation rate. Complete results are available in Tables B5 and B6 in 
Appendix B.  
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Figure 8: Contribution of the Skills  Returns and Endowments to the Gender Wage Gap 

 
Source: Own elaboration based on PIAAC and STEP surveys. 
Note: The figure reports results based on the Oaxaca-Blinder decomposition defined in equation (3). The Endowments 
correspond to the first term on the right-hand side of equation (3) and represent the contribution to the overall gap due 
to gender differences in endowments (quantities) of each individual skill relevant to the digital economy. The 
Coefficients correspond to the second term on the right-hand side of equation (3) and represent the contribution to the 
overall gap due to gender differences in returns (prices) to those skills. The dot and the diamond are the point estimates, 
while the vertical lines show the 90% confidence interval of the estimate. Complete results are available in Table B10 
in Appendix B. 
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Table A2. Average Number of Operation Robots Over 2011-2014 

 
Source: Own elaboration based on International Federation of Robotics. 
Note: For Latin America and Western Europe, the table shows the cross-country average from 2011 to 2014. 
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Table B7. Returns to Skills: Robustness Analysis. Constraining All the Coefficients to Be the 
Same for Men and Women with the Exception of Their Returns to Skills 

 
Source: Own elaboration based on PIAAC and STEP surveys. 
Notes: Ordinary least squares regressions. Robust standard errors in brackets. *** p<0.01, ** p<0.05, * p<0.1
PPP: Purchasing power parity. 
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Appendix C
 
Figure C1. Skills in the Digital Economy 
 

Chile Bolivia 

  
 

Colombia 
 

El Salvador 

  
 

Source: Own elaboration based on PIAAC and STEP surveys. 
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