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Abstract

We ask whether the gendered division of work affects firm productivity across
the spectrum of economic development. Personnel records of over 100,000 indi-
viduals hired by a global firm that operates in 100 countries reveal that the per-
formance of female employees is higher where women are underrepresented in
the candidate pool. This implies productivity gains from hiring more women,
but realizing them would require increasing women'’s pay relative to men. The
findings highlight how unequal gender norms in local labor markets create an
equity-efficiency trade-off inside the firm, particularly in low-income countries

with conservative gender norms.
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1 Introduction

A firm seeking to hire employees in India or Turkey will choose from a pool of appli-
cants where men outnumber women by a factor of four. A firm seeking to hire for the
same job in Canada or Ethiopia will choose from a pool of applicants with a similar
number of men and women. How do restrictions in the pool of talent by gender affect
the productivity of firms?

The answer relies on measuring how men and women select differently into local
labor markets and how this difference affects the talent pool from which firms hire.
To the extent that gender norms create greater barriers to entry into the labor force for
women, only those motivated and able to overcome those barriers will select into the
labor force (Olivetti and Petrongolo, 2016; Mulligan and Rubinstein, 2008).! Testing
for potential positive selection of women is important because it would imply that
firms could increase productivity by changing the composition of the workforce.

Measuring potential differential selection by gender is difficult because applicants
may look the same on observables at the stage of hiring (Sarsons, 2017). Once inside
the firm, the same gender norms that created barriers to labor force participation create
barriers to pay and career progression.

In this paper, we propose a method to measure potential positive selection by
studying productivity by gender in a multinational firm where women face the same
barriers inside the firm, but differential barriers in their local labor market by country
and cohort. We combine individual-level data from the personnel records of a multi-
national company with macro-level, local labor market data on the labor force partic-
ipation across 4 cohorts and the 101 countries where the multinational operates. The
personnel records contain the individual earnings and career paths of approximately
100,000 employees.

We match the firm’s administrative data with aggregate data at the gender-age
cohort-country level from the World Bank on the ratio of women to men in the labor
force, the labor force participation ratio (henceforth LFPR). We use the labor partici-
pation data to measure selection into the labor force across different countries, age co-
horts, and genders. Importantly, the LFPR varies among countries with similar levels
of income. Thus, differential labor force participation across genders does not solely

capture the level of economic development.?

This has a parallel in the ordeals literature on targeting, where by design ordeals (barriers) change
the composition of applicants through self-targeting (Alatas, Purnamasari, Wai-Poi, Banerjee, Olken
and Hanna, 2016). While ordeals can improve efficiency, in this case, barriers can distort the allocation
of talent as they act differentially on a dimension - gender - that is orthogonal to productivity.

2For instance, Algeria and Ecuador had a similar level of GDP per capita in the 1980s, but the for-
mer’s LFPR was less than 1/4 of the latter’s LFPR.



Having data from the same firm operating in many countries allows us to disentan-
gle firm policy from local conditions since the multinational adheres to global policies
determined at its headquarters. On the other hand, local firms are embedded in local
contexts, which can confound demand and supply factors. An additional advantage
of our data is that we observe women and men with the same education, same tenure,
and working in the same function in the same firm. Hence, the gender earnings gap is
not influenced by differences in occupational choices that make comparisons between
genders difficult.

We start by documenting stylized facts in the firm workforce. First, we show that
the gender ratio in the firm mirrors the gender ratio in labor force participation across
labor markets. In other words, the firm hires fewer women in countries and cohorts
with low LFPR. This is in line with the firm using the same selection process in all
countries; that is, they do not employ more pro-women policies in countries where
norms keep women inside the home (or vice versa). The evidence is supported by
the accounts of the firm’s HR managers and is consistent with similarly centralized
policies in the sample of 1,213 multinationals analyzed by Hjort, Li and Sarsons (2020).
It also indicates that local economic conditions shape the firm workforce through the
variation in labor supply by gender in each country.

Second, we analyze how differences in LFPR correlate with gender differences in
pay and performance within the firm. Like Olivetti and Petrongolo (2008), we find that
the gap between female and male earnings (henceforth, the gender pay gap) mono-
tonically decreases as the LFPR increases. That is, when the LFPR is at its lowest, the
gender pay gap is “inverted”, and women are paid more than men with the same
experience, same tenure, and working in the same function. The gap shrinks as the
LFPR increases, and it converges to standard levels for the industry (negative 10%)
when and where the LFPR is highest. Since we observe employees of different ages in
the firm, we can exploit both cross-country and cross-cohort variation in the LFPR. The
sign and size of the effect are similar whether we use within-country or within-cohort
variation for identification, ruling out country-level confounders. An explanation of
this counterintuitive negative correlation between women'’s pay in the firm (relative to
men) and the LFPR is the presence of positive selection into the firm by women. Under
the logic of selection, when a group faces a high cost to join the workforce, only the
individuals whose returns are high enough will do so. This implies that the marginal,
and hence the average, productivity of female employees is decreasing in the share of
women working in the firm, as is standard in models of selection on gains (Lazear,
2021).

Our third fact corroborates the intuition of differential selection by gender using



other performance metrics. In low LFPR countries and cohorts, women are over-
represented in the highest rungs of the hierarchy and are more likely to be promoted
relative to their counterparts in high LFPR countries and cohorts. Relatedly, women
are over-represented in the top decile of the wage distribution and under-represented
in the bottom decile when LFPR is low. Moreover, there is a negative correlation be-
tween women'’s average performance and the LFPR, and it originates from the bottom
percentiles of the wage distribution. The wages of the women at the bottom decile of
the wage distribution decrease as the LFPR increases, while the wages of the women at
the top decile remain constant. Under the rationale of positive selection, as the LFPR
increases, the ability of the marginal female employees falls, in line with the existence
of an ability threshold above which women work inside the firm.

Overall, the reduced form evidence is consistent with the interpretation that the
women whom we observe in the firm in low LFPR countries had the ability to over-
come higher barriers and are thus positively selected. This raises the question of why
the firm does not use the differences in labor force participation rates by gender to its
advantage. In particular, the firm could increase average productivity by "undoing"
gender differences in local contexts and hiring more women. In the second part of
the paper, we structurally estimate the parameters of the firm’s compensation policies
using a simple 2-sector Roy model of occupational choice. The model allows us to
understand to what extent the firm’s existing wage policy is optimal in terms of max-
imizing the firm’s productivity and to simulate the effects of alternative firm wage
policies and local economic conditions on firm productivity and pay inequality.

We first estimate the individual-level ability and the parameters of the firm’s pay
policy. We assume that log-pay consists of a component that is common to all people
of the same gender in the same country-cohort group (for instance, country-specific
regulations) and a component that is specific to the individual and proportional to his
or her productivity. The structural estimates leverage the significant advantage of our
data: we observe several employees in each country, gender, and cohort, allowing us
to estimate both a fixed parameter common to all employees in the same cell (e.g., dis-
crimination based on gender) and, using the variation in wages within cell, differences
in individual productivity. Moreover, as the pay data comes from the firm’s admin-
istrative records, we do not rely on noisily reported wages. In our case, there is no
measurement error in the salary information.

Although we assume that the underlying distribution of productivity is the same
for every individual, the productivity of the average worker may still differ across gen-
ders, countries, and age cohorts because of differential selection into the labor force.

We use the variation in labor force participation (LFP) at the gender-cohort-country



level to measure gender differences in the selection into the labor force. We find that,
on average, across countries and cohorts, female employees have 0.10 higher ability (in
units of standard deviations of the underlying productivity variable) than their male
counterparts. The difference is larger in countries with weaker gender equity labor
laws and with more conservative gender norms; for instance, the ability of women in
the firm is 0.18 higher than that of men in the firm in countries with below-median
LFPR, whereas this gap decreases to 0.07 in countries with above-median LFPR. The
estimated calibrated ability correlates with other measures of worker performance that
are not used in the estimation. With these estimates in hand, we analyze the effect of a
number of counterfactual scenarios on firm productivity and inequality.

The first counterfactual compares the observed wage policy to the optimal contract
that maximizes average productivity while keeping employment and the wage bill as
binding constraints. We show that, given the productivity differences between men
and women, the firm could increase productivity if they were to change the terms of
the wage contract to attract more women. We find that the optimal contract has a
lower base pay and a steeper performance gradient than the observed contract. This
brings the firm’s gender ratio close to one and increases productivity by 50% on av-
erage. However, we note that such a contract would significantly increase inequality
within and between genders; most notably, the difference in pay between women and
men would go up by 73 log points. This captures both differences in performance for
the same job and differences in jobs as more able women climb the corporate ladder
faster. Thus, whilst it is theoretically possible for the firm to benefit from policies that
compensate for unequal labor market conditions, these policies would create a high
level of inequality among employees of different genders.

In order to hire more women without excessively increasing inequality, the firm
could increase women’s pay without decreasing men’s pay or have the same wage
policy across genders. We estimate the effects of this in a second counterfactual. We
let the firm optimize the wage policy with an additional constraint that imposes the
wage policy parameters to be the same across genders. The increase in productivity is
about half the size compared to the unconstrained wage policy. Moreover, there is still
a large gender pay gap of 24 log points because women’s ability is higher on average.

These counterfactuals underscore the significance of a trade-off between efficiency
and equality among workers within the same firm, which is inverted when compared
to the efficiency-equality trade-off observed outside the firm. In the labor market,
efficiency can be achieved by restoring equity and closing the gap in labor force par-

ticipation between genders (Hsieh, Hurst, Jones and Klenow, 2019).3 Instead, within a

3Hsieh et al. (2019) finds that reducing misallocation by lowering barriers across gender and race



single organization that faces unequal participation in the labor market by gender, ef-
ticiency can only be achieved by tolerating high within-firm inequality across genders.
When we mute differences in gender LFP by equating the outside option of both gen-
ders, the trade-off between productivity and inequality disappears, and the firm can
increase productivity by 11% and eliminate pay inequality by increasing the female
share among its employees.

The final counterfactual simulates the effect of more stringent labor regulations that
make it harder to link pay to performance. We find that firm productivity decreases
by 17%, and there is a reduction in the difference in pay between women and men.
The results cast new light on pro-worker labor policies and the gender earnings gap.
We show that more stringent labor regulations may hurt the minority group, espe-
cially when the barriers to labor market entry are higher. Intuitively, most pro-worker
measures, such as restrictions on hiring and firing, make it harder to link pay to per-
formance (Propper and van Reenen, 2010) and this leads to a larger intake of lower-
productivity workers who, by selection, are more likely to be the majority group.

The main contribution of our paper is to show that gender disparities in local labor
markets affect firm productivity by creating an equity-efficiency tradeoff within the
firm. This phenomenon is likely to continue to grow in importance as firms continue
to increase in size and expand into new regions (Hsieh and Rossi-Hansberg, 2023;
Hazell, Patterson, Sarsons and Taska, 2022).

First, our analysis contributes to the literature on how firms set wages and or-
ganize their economic activity across space and how this is shaped by local economic
conditions (Grossman and Helpman, 2008; Blinder and Krueger, 2013; Aghion, Bloom,
Lucking, Sadun and Van Reenen, 2021). We show the consequences on firm produc-
tivity and inequality of across-country differences in the worker gender composition
of local labor markets. In doing so, we elucidate how the tradeoff between equity and
efficiency inside the same organization can be opposite to the usual economy-wide
equity-efficiency tradeoff across organizations. In the macroeconomy, bringing con-
vergence in labor force participation by gender or race contributes to higher growth
via an improved allocation of talent (Hsieh et al., 2019). Conversely, a single firm fac-
ing unequal labor pools by demographic groups can potentially benefit from the re-
sulting misallocation of talent by leveraging the positive selection of minority groups
toits advantage. And yet, fully capitalizing on this would require tolerating significant
within-firm wage disparities among different groups, which may prove unfeasible. A

growing strand of research in economics - as well as in psychology, sociology, and or-

groups accounts for 41.5% of the increase in GDP per capita in the United States between 1960 and
2010.



ganizational behavior - has documented that individuals care about their pay relative
to that of their co-workers (Charness and Kuhn, 2011; Fehr, Goette and Zehnder, 2009;
Lemieux, MacLeod and Parent, 2012; Breza, Kaur and Shamdasani, 2018).

Second, our paper connects the literature on the barriers to female labor force par-
ticipation (Goldin, 1995; Jayachandran, 2015; Olivetti and Petrongolo, 2016; Bursztyn,
Cappelen, Tungodden, Voena and Yanagizawa-Drott, 2023) to the literature on the
impact of diversity for firm productivity (Alesina and La Ferrara, 2005, Hamilton,
Nickerson and Owan, 2012; Hjort, 2014; Bertrand and Duflo, 2017; Marx, Pons and
Suri, 2021). Seen through the lens of selection, the link between diversity and pro-
ductivity is underpinned by the traits of the minority due to the barriers they had to
overcome rather than a direct “treatment” effect of diversity on productivity through,
for instance, role model effects or changes in culture. In our data, we observe women
and men with the same education, same tenure, and working in the same function in
the same firm. This means that the gender gaps we observe are not affected by dif-
ferent occupational choices, which often complicate gender comparisons (e.g., Blau,
1977; Goldin, 2014; Card, Cardoso and Kline, 2016; Wiswall and Zafar, 2018; Andrew,
Bandiera, Costa-Dias and Landais, 2021).

Across countries and time, the division of labor inside and outside the home has
remained within the confines of norms that assign the largest share of housework to
women. Because of this, the under-representation of women in spheres of influence
and employment has led to significant efforts in both the private and public sectors
to address the gap through extensive diversity initiatives (Bertrand, 2011; Olivetti and
Petrongolo, 2016; Bertrand, 2020). Supporters of these initiatives argue that diversity
per se could be beneficial for productivity and profits due, for example, to the na-
ture of the production function or role model effects (Lazear, 1999; Athey, Avery and
Zemsky, 2000; Hong and Page, 2001). We contribute to the debate by showing that to
understand the consequences of gender parity on firms, it requires to first understand
the selection into the workforce of women and men.

The paper is organized as follows. Section 2 presents the institutional context of
the MNE and describes the data sources. Section 3 provides reduced form evidence
on the link between the LFPR and differential proportion, pay, and performance in the
tirm between genders. Section 4 introduces the model that we then estimate using the
firm’s personnel data and country-cohort level LFPR, and Section 5 uses our estimates
to evaluate the effects of different counterfactuals. Section 6 concludes by discussing

policy implications and other issues for further research.



2 Context and data

2.1 Context

We collaborate with an MNE with headquarters in Europe and offices in more than
100 countries worldwide, as illustrated in Figure A.1. The MNE produces consumer
goods; in 2019, it had a turnover of €20+ billion and employed over 120,000 workers,
of which approximately 55% were white collars. We focus on white-collar workers be-
cause blue-collar workers are only observed in two-thirds of countries where the MNE
has production activities. Typical white-collar jobs in the MNE involve sales, engineer-
ing, marketing, HR, R&D for product development, and general managerial activities.
The workers have homogeneous levels of human capital as applications require a col-
lege degree, and most employees have degrees in either business administration (50%)
or engineering (20%).

To preserve the confidentiality of the firm, we generally refrain from reporting

country labels for the entire sample of countries in the figures.

2.2 Data

Personnel records: Our sample covers the universe of employees between 2015 and
2019. We focus our analysis on local employees (non-expats), resulting in 100,819
distinct regular full-time workers over 2015-2019 in 101 countries (303,756 employee-
year observations). The company is organized into a hierarchy of work levels that
goes from work level 1 to 6 (C-Suite). For each employee, we observe: (1) work level
and job title; (2) tenure in the firm and job; (3) annual performance score decided by
the manager, and (4) total compensation (fixed plus variable pay in euros). The in-
formation on pay comes directly from the firm payroll records and hence does not
have measurement error, unlike self-reported wages from labor surveys. Pay differ-
ences capture differences in performance between employees, encompassing off-peak
salary increases as well as promotions. We look at four 10-year age cohorts within the
company: 18-29, 30-39, 40-49, and 50-594.

A recent strand of evidence shows that multinationals pay higher wages in the
countries where they operate (Verhoogen, 2008; Javorcik, 2015; Hale and Xu, 2016;
Alfaro-Urena, Manelici and Vasquez, 2022; Hjort et al., 2020). We confirm that this
is the case for our firm in Appendix Figure A.2 which shows that the firm’s average

wages are usually well above the countries” average wages, using both the average

“The age band classification is decided by the firm. We do not have more granular data on age
cohorts because of data privacy clauses. Due to a limited sample size of workers in age cohorts above
50-59, we only consider workers up to the 50-59 cohort.



wages in the manufacturing sector from the ORBIS database and the ILO estimates
for white-collar employees. Table 1 presents summary statistics separately by gender
at the gender-cohort-country level, which is the relevant unit of analysis used in the
structural estimation.’ The first two columns are for the full sample of workers, and
columns 3 and 4 are for the sample used in the structural estimation, where we only
consider the cells with at least 30 workers of each gender. The female cells show lower
average pay, age, tenure, probability of being in managerial positions, and probability
of experiencing fast promotions. Overall in the company, 40% of workers are aged
between 30-39 and the majority of workers are in WL1 (>70%).

Country-cohort level data: We combine the firm’s administrative records with country-
cohort data on labor force participation rates (LFP) of men and women from the World
Bank. The World Bank labor force participation data are from the ILO modeled esti-
mates database where the latest edition covers the years from 1990 onwards.® We
match the worker-level data from the MNE with the country-level LFP data by pair-
ing the workers” country and age cohort. Hence, the variation in LFP rates is at the
gender-country-age cohort level. In particular, we match the age-country cohorts in
the firm with the average LFP rate in the country in the decade of labor market en-
try, separately by gender (i.e. upon finishing their college education when they are in
their 20s years of age).”. In this way, we can leverage variation in the LFPR both at the
country level and at the cohort level, as LFPR varies in both dimensions. For example,
employees aged 18-29 are associated with the LFP rates of the 2010-2020 decade, while
employees of ages 30-39 are associated with the LFP rates of the 2000-2010 decade, and
so on.8

In our main analysis, we use the LFP data for all individuals because the LFP data
for individuals with advanced education is missing for almost 20% of the sample,
particularly from countries with low female labor force participation (FLFP). However,
we conduct a robustness exercise when using the LFP data only for individuals with
advanced education.

We also use other aggregate data for some additional analysis: GDP per capita
at constant 2010 USD from the World Bank; the World Value Survey (waves 1-6); the
Women, Business and the Law Index from the World Bank; the Restrictive Labor Regu-

lations Index from the World Economic Forum; the gender development index (GDI),

5As we explain in section 4, we let the structural parameters vary by gender, cohort, and country in
the firm to allow for the wage policy to differ across countries.

6 Accessed here on March 22, 2020.

7Since our sample consists of college-educated workers, the decade of labor market entry is assumed
to be their 20s.

8Since data on the LFP for the 1980-1989 decade is not available, we use a linear interpolation of the
LEP for that decade.


https://data.worldbank.org/indicator/SL.TLF.ACTI.FE.ZS

which is the ratio of female/male Human Development Index from the United Na-
tions Development Programme; and the female to male ratio in years of schooling and
the percentage in post-secondary education from the World Bank.

Figure 1 plots moments of the distribution of the labor force participation ratio of
women’s LFP against men’s LFP (the LFPR)’ at different deciles of GDP per capita. It
shows that while the mean exhibits the well-known U-shape pattern (Goldin, 1995),
the distributions largely overlap: there is variation in LFPR at every level of GDP
per capita. For instance, the interquartile range of LFPR is broadly similar across the
deciles of GDP per capita. Moreover, the 90th percentile of LFPR only ranges between
1 and 0.9. This indicates that there are country-cohort cells with high LFPR at every
level of economic development, instead of being solely concentrated in high-income
countries. This is essential for the analysis that follows because it allows us to partial

out the differences in national income among the countries where the MNE operates.

3 Facts

In this section, we document stylized facts of the employment and wages of women
and men at the firm and how these vary across different labor markets. In particular,
we look at how the gender ratio of the firm workforce and its gender pay and pro-
motion gaps correlate with the LFPR in the country. The main findings are that the
tirm gender ratio closely follows the LFPR in the country, particularly so in low LFPR
countries, and that, when the LFPR is at its lowest, the gender pay gap is “inverted”,
with women being paid more than men with the same experience, tenure and working
in the same function.

We interpret the findings through the lens of a Roy model where men and women
have the same productivity but women face barriers to working outside the home. The
model predicts when barriers are high, only the women who are most productive in
the workplace will be observed there. As barriers fall, so does the average productivity
of women who enter the labor force and are observed in the workplace. In line with the
prediction of the Roy model, women are overrepresented in the highest rungs of the
hierarchy and more likely to be promoted relative to their counterparts in high LFPR
countries. Relatedly, the difference between men and women is driven by individuals
in the lowest deciles of pay or promotion: in low LFPR countries, the firm hires many

men from the left tail of the ability distribution.

9We rescale women’s LFP by men’s LFP in order to account for country-cohort level differences in the
probability of individuals to work. However, we note that the variation in men’s LFP is tiny compared
to the variation in women’s LEP. In other words, the variation in LFPR is mostly driven by the variation
in the female labor force participation, the numerator in the ratio.

10



3.1 Hiring gap

First, we investigate whether the proportion of men and women in the firm correlates
with the level of LFPR in the different labor markets. Figure 2 panel (a) documents
a large variation in female shares of employment within the MNE across countries,
which matches the variation in LFPR across countries: the female to male ratio in the
tirm closely follows the same ratio in the labor force, particularly at lower levels of
LFPR (<0.6). When the LFPR is above 0.6, the firm hires more women relative to men
compared to the LFPR, although a formal test of differential slopes by above/below
median LFPR does not indicate that the relationship between the firm and country
ratios significantly varies with the level of LFPR. We also note that wages at hiring
are the same between men and women (the gender pay gap in starting salary is equal
to 0.0005 with a p-value of 0.926), as also confirmed by HR managers at the firm.
Overall, this evidence is in line with the firm using the same selection process in all
countries, rather than, for example, employing more pro-women policies in countries
with low female labor force participation (or vice versa). In other words, the firm
adopts the same headquarters personnel policies worldwide rather than adapting to
local economic conditions - as broadly found in the literature on multinationals” wage
and price setting procedures (DellaVigna and Gentzkow, 2019; Hjort et al., 2020). As
a result, countries” LFPRs “bind”; that is, barriers at the country level constrain the

tirm’s talent pool.

3.2 Pay gap

We turn to look at how the gender pay gap changes with the LFPR. We define the
gender pay gap as the difference between women’s wages and men’s wages (in logs).
Pay in the firm captures differences in performance between employees, encompass-
ing off-peak salary increases as well as promotions. Figure 2 panel (b) estimates a
kernel-weighted local polynomial of the pay gap on LFPR. The correlation is negative:
at low levels of LFPR, we observe an inverted pay gap, that is, women earn between
22% and 45% more than men; the gap falls as the LFPR increases, and it plateaus at
around -10% when the LFPR reaches 0.8. This is close to the average gender pay gap of
-16% in Europe (Commission, 2019). Overall, Figure 2 panel (b) documents a negative
correlation between the gender pay gap and the LFPR.

We can check whether the sign of the correlation between the pay gap and the LFPR
is consistent regardless of the source of variation that we use to identify it. Table 2
looks at the gender pay gap using different sources of variation, thus also allowing us

to check whether the sign of the correlation is consistent regardless of the source of

11



variation that we use to identify it. We estimate the following model:
Wiget = ALFPRyc + BFemale; + yLFPR,e * Female; + X jpet A + W, + €iger (1)

where w is log wage of employee i in country c and year t for age group a. t, rep-
resents year fixed effects to take out year-level macro shocks and X, is a vector of
controls. We cluster standard errors at the same level as the RHS variable, that is
country-cohort. The coefficient of interest is y which measures the change in the pay
gap as LFPR increases. We include different controls in Xj,: column 2 controls for a
quadratic function of tenure and function fixed effects, column 3 adds GDP per capita
in logs so to show that the variation in the LFPR is not only a function of country in-
come, column 4 adds cohort fixed effects so to only exploit the variation across coun-
tries; column 5 replaces the cohort fixed effects with country fixed effects hence only
exploiting the variation within countries. The comparison between columns 4 and 5 is
particularly informative as it uses one source of variation at a time.

The estimates of 7 are negative and precisely estimated in all specifications. In
Appendix Table A.1, we use the LFP data for individuals with advanced education
only.! The results are nearly unchanged when we adopt this measure. However, we
lose almost 20% of the sample, particularly from countries with low FLFP. Hence, we
employ the overall LFP as our default measure.!! We conduct additional robustness
checks in the appendix and the 7y estimate is stable throughout.!?

These gender differences are not present at the hiring stage - the gender pay gap
in starting salary is equal to 0.0005 (p-value=0.926) - backing up the interpretation
of the adoption of a global personnel policy set at headquarters. However, we next
look at the pay progression for new hires. We do this in columns 6 and 7 of Table 2
by estimating the same specification as in column 1 for new hires only. Women in
low LFPR country-cohorts display faster pay growth and a higher probability of pro-

motion, and this positive gender gap in realized performance decreases as the LFPR

19As defined by the World Bank, an individual with advanced education has completed a short-cycle
tertiary education or a college degree and/or above.

The correlation between overall LFPR and LFPR for individuals with advanced education is 68%.

12Table A.2 in the Appendix shows that the patterns in Table 2 hold if we add fixed effects for the
geographical region and if we split the sample by lower income and higher income countries (as de-
fined by the World Bank). In Appendix Table A.3, we report the results when converting wages from
euros into PPP 2017 $ using the PPP conversion rates of the ICP at the World Bank. The gender gap is
unaffected, and the only change is the magnitude of the coefficient on LFPR, which shrinks to the level
found when controlling for country fixed effects (column 5 in Table 2). This is what we would expect
as differences in PPP exchange rates would not affect cross-country comparisons of the gender gap. Fi-
nally, we note that the results are driven by differences in fixed pay rather than in variable bonus, which
constitutes a much lower proportion of overall salary (the median ratio of bonus to fixed pay is 13%) —
see Appendix Table A.4. In the company, pay summarizes altogether most differences in performance
between employees, encompassing off-peak salary increases as well as promotions.

12



increases. This evidence on the sample of new hires supports the interpretation that
the firm is not taking into account the implications on productivity that different LFP
rates by gender might entail when making decisions on hiring and wage offers. It is
only after some time at the firm that women and men ex-post pay gaps start to diverge
the lower the LFPR is, indicating positive selection of women into the firm which is
not accounted for at the hiring stage.

This perhaps counterintuitive inverted pay gap can be understood through the
logic of positive selection. In countries with low LFPRs, there are higher barriers to
entry into the firms for women, and only the most talented women overcome them.
As a result, the lower the LFPR, the more positively selected the women hired within
the MNE are compared to men. Thus, the average productivity of women in the work-
place will be negatively correlated with their share in the labor force, as is standard in
models of selection on gains (Roy, 1951). In other words, high barriers mean that only
the most productive women are likely to be found in the workplace. As these barriers
diminish, the average productivity of women entering the workforce also decreases.
Building on this reasoning, we would expect women to be disproportionately repre-
sented at the upper echelons of the organizational hierarchy and to receive promotions
more frequently than their male counterparts in countries with a low LFPR. We exam-

ine this hypothesis further in the following subsection.

3.3 Promotion gap

Figure 3 displays plots of women’s performance measures against the LFPR. Panels (a)
and (b) of Figure 3 show that women are over-represented at the top decile of the wage
distribution and under-represented at the bottom decile when overall LFPR is low
and converge when LFPR is close to 1. Moreover, Panels (c) and (d) show that when
LFPR is low, women are over-represented in managerial positions and among those
who get promoted quickly, but the two converge as participation rates get more equal.
In Appendix Figure A.3, we show the plots with the men’s performance measures,
which display the opposite patterns: men’s performance is positively correlated with
the LFPR.

A Roy selection framework predicts that as the LFPR increases, women with lower
ability enter the labor force while high-ability women already in the labor force are
unaffected. We test this result empirically in Figure 4 by looking at how women’s
wages at different points of the distribution change as the LFPR increases. Since over-
all wage levels change across countries, we control for the respective wage measure

for men. The first panel from the left shows that women’s average wages decrease
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as the LFPR increases. The remaining two panels indicate whether this decrease is
driven by the bottom or the top of women’s wage distribution. It comes from the bot-
tom of the wage distribution: the 10th percentile of women’s wages decreases with
LFPR (second panel), while there is no impact on the 90th percentile (third panel).!3
These differential patterns at different levels of the wage distribution are consistent
with women facing a higher bar for entering the firm in countries with lower LFPR.
As the LFPR increases, lower-ability women start to enter, hence decreasing the wages
at the bottom of the distribution, while high-ability women are not affected, hence
leaving the wages at the top of the distribution unchanged.

The fact that the negative correlation is driven by the left tail of the wage distribu-
tion rules out alternative explanations that would also generate a negative correlation
between average female performance and LFPR. For instance, this pattern rules out
that the high productivity of women in low LFPR countries, and hence their high
wages, is because women bring different valuable inputs to the firm, and therefore,
the marginal value of these inputs is high when the share of women is low. If this
were the case, we would find that the productivity of the top percentiles of women
would decrease as LFPR increased, which is the opposite of what we find in Figure 4.
It also rules out the argument that women’s performance increases relative to men’s
because men in low LFPR countries have better outside options.'*

Taken together, the evidence is consistent with positive selection into the labor
force. That is, the average productivity of women who work outside the home is
higher the higher the share of women who work inside the home. This implies that
the firm could increase productivity by increasing their employees’ gender ratio above
that observed in the labor force. Moreover, the potential productivity gains would be
higher where the female share in the labor force is lower. Seen through the lens of se-
lection, the benefits of gender equality inside the firm are higher when gender equality
outside the firm is lower. Yet, panel (a) of Figure 2 shows that the firm does not hire
more women relative to their population share. This suggests that the cost of hiring
more women is also higher when the gender ratio in the labor force is lower and hence
that the net benefit is negative. These costs cannot be identified in the data because we
only observe the state of the world in which they are not incurred. In what follows we
combine theory and individual-level data to estimate the parameters of the firm’s pay

policy. We will then use these to create the counterfactuals we need to evaluate the

13Results are robust to using other percentiles, for example, the 25th percentile.

14Besides being inconsistent with the distributional changes, the assumption that men’s outside op-
tion is decreasing in LFPR is inconsistent with the fact that multinationals pay higher wages and offer
more amenities across the board (e.g., Verhoogen, 2008; Javorcik, 2015; Hale and Xu, 2016; Alfaro-Urena
et al., 2022).
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effect of alternative gender policies.

4 Model and estimation

Our goal in this section is to use the logic of selection to retrieve the parameters of
the firm’s pay policy and the value of outside options that generate the documented
gender differences in pay and performance and use them to calibrate the firm’s pro-

ductivity under different counterfactual scenarios.

4.1 Framework

Consider a basic two-sector Roy (1951) model as formalized by Borjas (1987). Suppose
that the utility from working outside the home is equal to pay and that log-pay v is a

linear function of individual i’s productivity, A;:'>
yi =a' +B'A, )

The term a'! is the unconditional average wage and B! is the return to productivity.
Under the assumption that deviations from the average wage arise from individual
differences in productivity, the fact that we observe several employees in each country-
cohort-gender cell implies that we can use this equation together with a distributional
assumption on A; to identify both the level of fixed pay and of performance pay for
each cell. This is an advantage compared to aggregate data on average wages by group
identity and it is important for our purpose because it implies that we can separate the
component of pay that is specific to an individual woman, due to her A;, from the com-
ponent of pay that is specific to all women in the same country, due to discrimination
for example.

Symmetrically, we model worker i’s log-value of housework 1! as:
) =a® +1°N; (3)

where N; captures sources of individual heterogeneity in the value of staying out of
the labor force. The common parameter a” captures the unconditional average value

of staying out of the labor force (e.g. social norms that affect all women equally).

15This could be micro-founded, for example, by assuming that workers are paid their marginal prod-
uct of labor, that all workers supply the same amount of hours (full-time), and that the individual
production function is Cobb-Douglas, F(K, I;) = % K*I!~*, where z; ~ N (u,0?).
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We make the following distributional assumption of joint normality:

(o 1)

Combining the payoffs with the distributional assumptions allows us to study the

A;
N;

choice between being inside or outside the workforce. Here, p is the correlation be-
tween an individual’s wage in the workforce and payoff outside of the labor force.

In particular, individual i chooses to work outside the home if and only if:

vi 2 ¥
o BrA; —1ON; S a0 — ol
BT (72060~ /(BT ()7 — 208100

Because 7; ~ N (0, 1), that happens with probability 1 — &(¢). Itis straightforward

to show that a higher ay due to, for instance, stronger norms about gender roles in-

=

.

creases ¢ and therefore reduces the probability of working outside the home 1 — &(¢).
This means that we can use the observed labor force participation in each gender-
country-cohort cell to back out the value of staying at home for the average person in
that cell. If women are less likely to work outside the home, this will result in a higher

estimated alpha zero for women.

Moreover, we have that:

Aj, 1j
ElA; s> &) =T By s > ¢
ﬁl o pVO

P+ 2

where A(-) = ¢(-)/[1 — @(-)] is the inverse Mills ratio. This implies that as long
as B! — pv? > 0, the average ability of those who choose to work outside the home
is increasing in ¢. Intuitively, as long as the returns from productivity are higher in
the workplace than they are at home, people who join the labor force have higher

productivity than those who stay at home.

4.2 Estimation

We estimate the model by letting the parameters vary by gender (g), cohort (a), and
country (c) cells: txéac, ,Béac,ucgac,vgac,pgac. This flexibility allows us to control for a

variety of confounders: for example, we do not make assumptions as to whether the
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firm has the same wage policy for men and women or across countries. Moreover,
individual-level data allow us to separately identify gender differences in fixed pay
from differences in pay due to differences in individual-specific performance.

We assume that all gac cells have the same underlying distribution of (A;, N;) at
birth, normalized to be jointly standard normal (as in subsection 4.1),16 but we allow
the parameters in the wage and value of housework to be cell-specific. The goodness
of fit plots of the wage distribution against the distribution implied by the model (Fig-
ure A.5) show that the distributional assumption of normality fits the data reasonably
well, except when the data presents large departures from the normal distribution
(e.g., bimodality).

We proxy Pr(y}g e 2 y?g ,.) by country-cohort-level LFP data. We are thus identify-
ing the probability that an individual chooses to work for our firm with the probability
that he or she chooses to work for any other firm. For that, we need to assume that
working at our firm is weakly preferred to working at other firms for all individu-
als. We provide supporting evidence of this in Appendix Figure A.2 (discussed in
section 2) and in Figure 2 (discussed in section 3).

Theorem 6 in Heckman and Honoré (1990) characterizes what parameters can be
identified in a two-sector log-normal Roy-Borjas model when only wages in one sec-
tor and the share of workers in that sector are observed. Under our distributional
assumption, labor force participation, and the observed wage satisfy the following

moment conditions:

LFPge =1 — @(&gac) (4)
E[jgqc | employed] = agqc + 6gacA (8gac) ()
Var(yl | employed) = (BLac)? + 62, [GgaeA (Zgac) — A(Ggac)’] ©)
E[(Yigac — ElYigqc | employed])® | employed]

= 03uc [2M(Egac)® — BEgacA (Ggac)® + Gach (Egac) = MEgad)| )

where oo = (ocgac - aéac)/\/(‘%ac)Z + (V9ac)? — 20gacBgacVdac are the participation

thresholds and ggac = ((;B}guc)z - pgﬂcﬁ(}gacvgac)/\/(ﬁéﬂc)z + (Vgac)z - ngﬂcﬁéacvgac is a
measure of the sign and strength of selection.

16 A potential concern could be that even if we take as given that innate talent is equally distributed at
birth across genders, women and men face different opportunities to acquire human capital, which re-
sults in different distributions of actual productivity. However, we note that gender differences in edu-
cational attainment have been drastically reduced over the last decades and are much smaller compared
to the gender gap in labor force participation (see Appendix Figure A.4). An active area of research is
to understand why the convergence in educational qualifications has not translated into greater gender
equality in labor market outcomes (Heath and Jayachandran, 2017; Jayachandran, 2021).
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As discussed in Heckman and Honoré (1990), the LFP identifies the participation
thresholds {gac. The skewness of the observed wage distribution pins down the sign
and strength of selection 0¢,.. Our key parameters of interest are those of the firm’s
wage policy, zxélmc, and ,Béac, which are identified by the mean and variance of the ob-
served wage distribution, respectively. Since we do not observe the value of staying at
home y?g - We cannot separately identify ocgac, i

gac
We calibrate (zx;,ac, [3;,‘16, Cac, Ogac) by matching the moments above to their empiri-

and pggec.

cal counterparts. Table 3 provides a summary of the parameters of the model and the
empirical target that each parameter tries to match in our calibration strategy. Since
we observe the wage for those working in the firm, we can use the sample average and
variance as the empirical analogs for [E [y}g .. | employed] and Var(y}g .. | employed). To
eliminate the effect of observables, as our measure of yilga o Weuse the residuals of a re-
gression of log(base pay + bonus) on year and function dummies, tenure, and tenure
squared. Moreover, we exclude from the structural analysis all country-cohort cells
with less than 30 male employees or less than 30 female employees, leaving 260 cells
representing 84 countries. To calibrate the parameters in the participation decision,
our empirical analog for LFPg,. is the World Bank LFP data in each gender, cohort,
and country cell. Finally, beyond the moments that we targeted for calibration, Fig-
ure A.5 shows that the distributional assumption of normality fits the data reasonably
well.

For some of our counterfactual exercises below, we will additionally need to cali-
brate zxg,ac, vgac and pgqc. These are not separately identified because we do not observe
the value of staying at home. For the main results below, we adopt one of the normal-
izations suggested by Heckman and Honoré (1990), vguc = 1, which allows us to back
out a!

gac
robustness to an alternative normalization.

and pgac from the composite parameters Cgac, Ogac. In Appendix A.2 we show

4.3 Structural estimates

In this subsection, we report the structural estimates and correlate them with other
data not used in the estimation to facilitate their economic interpretation.

Summary statistics of the calibrated parameters are presented in Panel A of Table 4.
On average across countries and age cohorts, we estimate fixed pay aéac to be higher
for men and returns to productivity ,B;,ac to be higher for women, albeit with a lot
of variation across cells. The labor force participation thresholds, Cgac, are higher for
females, as a direct consequence of having lower LFP than their male counterparts.

Finally, we estimate the selection with respect to the productivity parameter, 0., to
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be positive on average, although it is also very heterogeneous across cells, including
cells where it is negative.

Panel B of the same table summarizes the parameters of the value of staying out
of the labor force, which are identified under an additional normalization vgac = 1.
We exclude country-cohort cells for which no solutions or multiple solutions to the
calibration moment equations exist, and cells for which we cannot compute the main
set of counterfactuals discussed in section 5. We find that women have stronger aver-
age values of staying out of the labor force, zxgac, again consistent with having a lower
LFP than their male counterparts. The correlation between the wage in the firm and
the value of staying out of the labor force is similar on average for males and females,

although with a lot of variation across cells.

4.3.1 Calibrated ability

Having obtained the parameters in the firm’s wage policy, we can recover productivity

as: 1 1

. yigac - D‘gac

= —ﬁl ,
gac

where y}g 4 18 the residualized log-wage described before. Because we observe wages

A;

in the firm, we can impute productivity even though agac, vgac and pg,c are not sepa-
rately identifiable (since we do not observe the value of staying at home y?g .)- Under
the normalization of A; ~ N(0,1), differences in productivity will be measured in
units of standard deviations of the underlying productivity variable, which enters the
log-wage equation.

Figure 5 plots the average calibrated productivity by the LFPR. Average produc-
tivity is approximately constant for male workers in most of the sample, whereas for
female workers, average productivity is very high when FLFP is much smaller than
MLFP (about 0.4 standard deviations higher than for men) and decreases as the LFPR
approaches 1. This result is consistent with selection with respect to productivity, so
the lower a group’s LFP, the more positively selected they are. Figure 6 further shows
that this is due to a shift in the entire productivity distribution of women. As the LFPR
increases, there is a downward shift of the entire productivity distribution, except the
right tail. The observation that changes occur in the left tail of the distribution aligns
with the findings presented in section 3, which show that the ability of the marginal
temale worker decreases as the LFPR increases.

To validate our estimates we show that they correlate with other data not used
to calibrate the model. We use two separate external variables to corroborate our

calibrated productivity estimate using individual performance data from the firm’s
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records. The results for this exercise are in Figure 7. Panel (a) correlates calibrated pro-
ductivity against the firm’s performance score that a manager gives every year, and
panel (b) against pay growth in the first year (for new hires). The correlation of both

indicators with our calibrated productivity is positive and strong.

4.3.2 Interpretation

To aid the interpretation of the structural estimates, we show that the parameters of
the home payoffs and the firm wage policy are correlated with country-level social
norms and country-level labor laws, respectively.

Figure 8 panel (a) shows the gap in our calibrated average value of staying at home,
al, . —a%, ., against the responses to four questions in the World Value Survey that
relate to gender norms: (1) “Men make better business executives than women do,”
(2) “Pre-school child suffers with working mother,” (3) “Being a housewife is just as
fulfilling as working,” (4) “When jobs are scarce, men should have more right to a
job than women.” For all four questions, we see a strong negative correlation be-
tween disagreement with the statement and our gap in the average value of staying at
home (the magnitude of the slope coefficient is at least -0.4 across the four questions,
p-values<0.05). This corroborates the interpretation of the gender differences in home
payoffs as the cost of gender norms for the average woman. Panel (b) of Figure 8 shows

the gap in our calibrated a2,  —a, . against the Women, Business and the Law Index
gap Ftac Mtac g

from the World Bank.!” The figure shows that the gap a2, . — a3, _is strongly nega-
tively correlated with laws allowing or facilitating women'’s labor. Therefore, part of
the restrictions to FLFP due to gender norms may be embedded in the laws of certain
countries.

Figure 8 panel (c) plots our calibrated ,Béac (which represents returns to produc-
tivity, and, in our model, is what generates dispersion in pay within gender-country-
cohort cells) against the Restrictive Labor Regulations Index from the World Economic

Forum.! Consistent with stricter labor regulation limiting performance pay, we find

7The WB Women, Business and the Law Index covers 190 countries through the period 1971-2020
and is structured around the life cycle of a working woman. It consists of eight indicators constructed
around women’s interactions with the law — mobility, pay, workplace, marriage, parenthood, en-
trepreneurship, assets, and pensions — for current laws and regulations (i.e. religious and custom-
ary laws are not considered unless they are coded). Hyland, Djankov and Goldberg (2021) provides
an overview of the data documenting how gender discrimination by law affects women’s economic
opportunities.

8The WEF Restrictive Labor Regulations Index is available for the period 2008-2020, and it is based
on an annual survey of the most problematic factors for doing business (e.g. corruption, taxes, inflation,
etc.). The survey is administered to a representative sample of around 15,000 business executives in 150
countries. The Restrictive Labor Regulations Index includes measures related to labor-employer rela-
tions, wage flexibility, hiring and firing practices, performance pay, labor taxes, attraction and retention
of talent.
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that our calibrated ﬁém is lower in countries with a higher value of the index.

5 Counterfactuals

We use the model estimates to evaluate the effect of different counterfactuals on pay
inequality and firm productivity. To do this, we need to take a stance on how the firm
responds to changes in the environment. Since we do not observe the production func-
tion of the firm nor the elasticity of demand they face, we cannot use profit maximiza-
tion as the guiding criterion. Rather, we take the observed level of employment and
the wage bill in each country-cohort group as binding constraints. In practice, these
are determined by a maximization problem that we do not observe. This is equivalent
to assuming that the firm sets the optimal scale of operation and then decides who to
hire to maximize productivity.

Our first counterfactual asks whether, under these constraints, the firm maximizes
productivity. Second, we quantify the impacts on firm pay inequality and productivity
of equating women’s and men’s selection in the firm. Finally, we simulate the effects

of stricter labor laws. The results for all counterfactuals are summarized in Table 5.

5.1 Optimal firm wage policy

To compute the optimal wage policy, we let the firm choose aéac, ,B(lgac to maximize the
productivity of its employees (LFP - E[A; | empl’d]), subject to two constraints: (i)
total employment cannot be smaller than at baseline, and (ii) the total wage bill can-
not be greater than at baseline. Both constraints are necessary to make sure that we
obtain a sensible solution. Without the employment constraint, the firm can increase
average productivity just by hiring fewer people (because of positive selection). With-
out the wage bill constraint, the firm can adjust océac and ,Béac in a way that increases
productivity without changing employment, at the cost of paying much higher wages.
The precise expressions for the objective function and the constraints are detailed in
Appendix A.3.

To compute the optimal wage policy we need to know the structural parameters
ocgac, Vgac and g4, which are pinned down only with an additional normalization,
as discussed in subsection 4.2. Our main specification here imposes vgac =1 We
discuss an alternative calibration strategy in Appendix A.2. We are able to calibrate the
parameters for both men and women and to compute the first set of counterfactuals in

114 cells representing 67 countries.!”

YFor some cells, there is no solution pgsc € [—1,1] to the system of equations. We also drop cells with
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Figure 9, panels (a) and (b) compare the calibrated wage policy parameters to the
solution of the optimization problem described above. We can see that these do not
coincide, and for some countries, they are quite far apart. The difference between the
optimal and the observed parameters follows the same pattern in most country-cohort
cells: to maximize productivity the firm should attract more women (exploiting the
fact that female workers are more positively selected than male workers). Row 2b of
Table 5 presents some summary measures of the results for this counterfactual. Com-
pared to the baseline (row 1b), the gender ratio would increase from 0.71 to 0.92 on
average across cells. The firm achieves that by decreasing fixed pay for men (a!) while
increasing it for women, and generally increasing variable pay (except in cases where
the LFP and wage bill constraints become binding). The optimal policy effectively un-
does differences in LFP and leads to higher productivity in every country as shown
in Figure 9 panel (e). On average, the firm could increase productivity by 0.16 stan-
dard deviations of the underlying productivity variable, or around 50% of the baseline
value.

Why is the firm not setting the optimal wage policy (océac, ,B}guc)? A possible answer
is that the optimal policy generates a stark increase in inequality between genders. In-
deed, because women in the labor force are more positively selected in most countries
and cohorts, it would be productivity-maximizing to pay women more to attract more
of them, so that the pay gap between females and males would be even larger than
what we observe. Without any change in norms, on average over all country-cohort
cells, the gender pay gap (Female — Male) would have to increase by 73 log-points
(Figure 9, panel (d) and Table 5 rows 1b and 2b) from —0.10 to 0.63. Since individ-
ual productivity is not directly observable, such an increase might not be socially ac-
ceptable. To add to the challenge, we note that the pay inequality would be higher,
especially in the countries where female labor force participation is the lowest, that is
where barriers against women working are the highest.

To further investigate this efficiency-equality tradeoff, we compute a second coun-
terfactual, where we let the firm optimize the wage policy subject to an equality con-
straint in the wage parameters: al = = a}, and B}, = B, for all a,c. That is, we
require the firm to set the same wage policy for males and females within a country-
cohort cell so that workers with equal ability are paid the same. The results for this
exercise are in Figure 10 and row 6c of Table 5. We are able to compute this opti-

mal policy with equality in 88 cells representing 55 countries.’’ The changes go in

multiple solutions. That leaves 137 cells. Of those, we can compute all the counterfactual wage policies
presented in Table 5, Panel B in 114 cells.

20The main obstacle is that, once we impose equality of wage parameters, in some cells, it is not
possible to satisfy the LFP and wage bill constraints, so the feasible region is empty.
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the same direction as the previous counterfactual, but they are smaller in size. First,
it is still the case that the firm should increase fixed pay for women and decrease it
for men (Figure 10 panel a), while generally increasing variable pay (Figure 10 panel
b), compared to the baseline wage policy. Second, the gender ratio (Female/Male) in-
creases (Figure 10 panel c), but not as much as in Counterfactual I (by 0.07 on average,
across cells, comparing rows 1c and 6c of Table 5). Third, the increase in productivity
(Figure 10 panel e) is only about half the size, 0.07 standard deviations on average or
18% of the baseline value. Moreover, even though the wage policy is the same for men
and women, there is still a sizeable increase in the pay gap (24 log points), because fe-
male workers have higher productivity on average. Hence, even under an equal wage
policy constraint, gender pay inequality in the firm would be large due to gender dif-
ferences in ability that result from the differential selection by gender into the labor
force.

The fact that the firm would be better off hiring more women (in most cases, hiring
as many women as men) suggests that quotas would not bind. However, meeting
them would require a large increase in inequality between genders, with steep rewards
for talent, in order to sufficiently attract women into the labor force. This could be as
stark as, for example, most leadership positions being held by women with all men
working under them. Note that this would be a very different scenario than that of
many policies that prescribe equality in pay and rewards between genders, and would
imply an equal number of men and women in top-level positions, as well as in lower-

level positions.

5.2 Equalizing gender barriers

Our next set of counterfactuals assesses the effect of women’s differential selection
into the labor force on the firm’s productivity. We set the value of the staying-at-home
parameters of women (a°,1?, p) equal to those of men (within the same country-cohort
cells). We discuss effects both in the short run, that is, keeping the pay policy of the
tirm fixed (baseline wage policy), and in the long run, when the firm can optimally
adjust its policy to the new environment.

Figure 11 plots the short-run effects of eliminating gender norms on the LFPR,
the pay gap, and productivity. In the short run, MLFP does not change (because
men’s value of staying at home and wages stay the same), and FLFP increases in most
country-cohort cells, so the ratio increases as well, by an average of 0.21 (comparing
rows 1b and 3b of Table 5). These changes in LFP reduce the pay gap (by 2 log-points

on average across countries and cohorts) because the women who enter the labor force
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are generally less able on average than those who were already working at baseline, so
women’s average wages decrease. The effects on productivity, which is given by the
product LFP - E[A; | empl’d], are theoretically ambiguous. On the one hand, the firm
is averaging over a larger pool of workers, since the LFP increased (i.e. the first factor
is higher in the product LFP - E[A; | empl’d]). On the other hand, conditional on be-
ing in the labor force, female workers are less positively selected (i.e. the second factor
E[A; | empl’d] goes down). On average across cells, we find that average productivity
decreases by 0.03 standard deviations. These findings mirror those in subsection 5.1:
the baseline policy sacrifices productivity to bound pay inequality when entry barriers
vary by gender, and hence, once barriers are equalized, the productivity cost rises.
The trade-off between productivity and inequality when the outside option is equal-
ized, however, disappears if the firm is allowed to adjust the wage policy optimally,
without (Figure 12) or with (Figure 13) equality constraints. First, notice that when the
value of the outside option is equalized, the equal wage policy constraint is not bind-
ing.2! As such, the Female/Male employment ratio becomes 1 and the gender pay gap
disappears (panels c and d of Figure 12 and Figure 13). Equating the outside option
of women to that of men makes it less costly for the firm to attract female workers,
which in turn allows to decrease fixed pay (panel a) and increase variable pay (panel
b) to attract higher ability workers without violating the employment and wage bill
constraints. The increase in productivity is larger when the firm is constrained to use
equal wage policies to begin with, 0.09 standard deviations, comparing 7c vs. 6c in

Table 5 (vs. 0.04 without this constraint, comparing 4c vs. 2c in Table 5).

5.3 Stringency of labor regulations

Another reason why the firm might not be setting the optimal wage policy may be
labor regulations, which can limit variable pay and pay inequality even within gender
by imposing a cap on how high ,Béac can be. We investigate this further in this subsec-
tion. We ask what the effect of stricter labor laws, that limit performance pay, would
be on average productivity in the firm. To answer this question, we consider the con-
strained optimal wage policy and add an additional cap on returns to productivity:
Bgac < max{Br, rrasBharrat Where Br, pra, Biy, pra denote the corresponding pa-
rameters for France (since France is the 95th percentile of the WEF Restrictive Labor
Regulations Index). We leave the value of staying-at-home parameters (ocgac, vgac, Pgac)
unchanged at baseline, but we allow for the LFP of each group to respond optimally

to the change in incentives.

2IFor that reason, rows 4c and 7c of Table 5 are exactly the same.
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The results are plotted in Figure 14 and summarized in row 5b of Table 5. Pro-
ductivity decreases in every cell (on average, by 0.08 standard deviations compared
to row 2b in the same table). Strict labor regulations hurt high-ability female workers
the most since the firm cannot rely on variable pay incentives to attract them anymore.
As a result, the pay gap decreases by 6 log points. This result underscores a common
drawback of several labor market policies that aim to bring equality between genders
by treating both equally, despite them being different due to differential selection. At
the same time, to still satisfy the LFP constraint, the firm is forced to increase fixed pay
(in most cells), more so for women than for men, so that the gender ratio increases by

0.07 on average.

6 Conclusion

This paper shows that the traditional division of labor, where men work in the market
and women at home, affects firm productivity through the differential participation
of women and men in the workforce. That is, when female labor force participation
is low compared to men’s, the few women who work outside the home are those
with the highest productivity. We find that this inequity in the labor market could
potentially positively impact firm productivity by bringing in highly talented women.
However, the firm does not use it to its full advantage, as doing so would imply a
large increase in within-firm inequality between genders; this is particularly so where
gender disparities in society are the largest. Precisely where the productivity gains are
highest are where the costs in terms of intra-organization inequality are largest. This
tension between efficiency and equality limits the extent to which a single firm can
gain by going against discriminatory norms (Becker, 1971).

Understanding differential selection by gender, or indeed by any under-represented
group, is key to informing personnel policy as well as broader labor market policies
aimed at addressing the gender pay gap. Our counterfactual estimates highlight the
complementarity between public policies that attenuate gender barriers and firm poli-
cies to maximize productivity.

The inability of firms to compensate for labor market gender disparities influences
how they design their policies at the hiring, pay, and promotion stages. Aiming for
gender equity — in pay, promotions, and dismissals — can turn out to be inequitable
because selection generates different distributions of productivity between genders.
Perhaps counter-intuitively, gender equity policies might end up hurting women as
they limit the firm’s ability to reward performance.

This paper focuses on firm wage and promotion policies and does not consider
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firm hiring strategies. Nonetheless, applying the principle of self-selection could ad-
dress a frequent issue faced by firms: that potential productivity is not fully revealed
at the point of hiring. In particular, by positive selection, under-represented groups
should have higher productivity, other things equal. This implies that between two
potential hires with the exact same observable qualities, the minority candidate has,
on average, better unobservables. Awareness of the evidence of positive selection of
under-represented groups could change how quality can be inferred, particularly if
quality is not perfectly observable or objectively measured. If made aware of the “dis-
tance traveled” — that the very presence of a member of an under-represented group
has information on the talent of that member — managers might change hiring deci-
sions and screening criteria. The implications of increased awareness of the positive
selection effect of minority candidates by leaders for the recruitment, promotion, and

productivity of under-represented groups are left to future research.
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8 Figures

Figure 1: LFPR and GDP per capita
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Notes. The figure plots the average, the interdecile range, and the interquartile range of the
LFPR across deciles of GDP per capita across countries and cohorts. GDP per capita is at
constant 2010 USD and is taken from the World Bank. The unit of observation is a country-
cohort.
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Figure 2: Gender ratio/pay gap and LFPR
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Notes. In panel (a), y-axis corresponds to the female/male employment ratio in the MNE
while the x-axis corresponds to the LFPR in the countries. Each circle is a country and the
size depends on the number of firm employees in the country. The orange line represents the
45-degree line. The unit of observation is a country. Panel (b) plots the gender pay gap (the
difference between women’s and men’s salaries expressed as a % of men’s salary) against
the LFPR. Each circle represents a country-cohort pair, which size depends on the number of
firm employees in the country-cohort cell. The orange line represents the smoothed values of
a kernel-weighted local polynomial regression using analytical weights by employee size of
each cohort-country cell.

30



Figure 3: Gender promotion gap and LFPR
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Notes. The figures are binned scatterplots and a linear fit of the share of women with different
performance metrics (as a proportion of the female share in the firm) against the LFPR, in each
country-cohort cell. Panel (a) looks at the top decile of wages; Panel (b) at the bottom decile;
Panel (c) looks at the share of women in managerial positions; and Panel (d) at promotion
speed to managerial positions, based on average promotion rates in the firm by labor market
experience. In the regressions, we use analytical weights by employee size of each cohort-
country cell. The unit of observation is a country-cohort.

31



Wages of women, average

Figure 4: Women's wages and LFPR
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Notes. The figures are binned scatterplots and a linear fit of women’s wages against the LFPR.
The first figure from the left plots women’s average wages, the middle one plots the 10th
percentile, and the last one plots the 90th percentile. In the regressions, we control for the
respective measure of men’s wages, and we use analytical weights by employee size of each
cohort-country cell and robust standard errors. The unit of observation is a country-cohort.

Calibrated Productivity

Figure 5: Calibrated productivity by gender and LFPR
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Notes. The figure plots the average calibrated productivity for our sample of firm workers by
Female/Male LFP, smoothed through a local linear regression. The unit of observation is a
worker.
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Figure 6: Calibrated productivity distribution by gender and LFPR
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Notes. The figure plots a kernel density estimate of calibrated productivity for our sample of
firm workers by three LFPR groups: [0,.5), [.5,.75) and [.75,1]. The unit of observation is a
worker.

Figure 7: Calibrated productivity and non-targeted performance measures
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Notes. The figures are binned scatterplots and a linear fit of other performance measures
(performance score, pay growth for new hires) against our calibrated productivity. The unit
of observation is a worker-year. The performance score is an annual performance rating given
by the line manager to each subordinate (continuous variable with values ranging between 0
and 150).
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Figure 8: Calibrated parameters, norms and labor regulations
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Notes. Panel (a) shows scatterplots and fitted linear regressions of the gap in calibrated
al, . —a%, against four questions in the World Value Survey: (1) “Men make better busi-

ness executives than women do,” (2) “Pre-school child suffers with working mother,” (3)
“Being a housewife is just as fulfilling as working,” (4) “When jobs are scarce, men should
have more right to a job than women.” For all questions, lower values of the index denote
more agreement with the statement. Each dot is a country-cohort cell. Panel (b) shows the

scatterplot and fitted linear regression of the gap in calibrated al, . —

a8, against the WB

Women, Business, and the Law index in 2018. A higher value means fewer legal constraints
on women’s work. Each dot is a country cell. In all cases, the regression line uses cell size
(at the firm) as analytic weights. Panel (c) shows the binned scatterplot and a linear fit of
our calibrated parameters ,Bé,,,c against the Restrictive Labor Regulations Index in 2018, using
gender-country-cohort cell size (at the firm) as analytic weights.
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Figure 9: Counterfactual I - optimal gender wage policy
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Notes. The figures compare different outcomes (female to male employment ratio, pay gap, and average
productivity) and the wage policy parameters (a!, 8!) at baseline vs. the optimal wage policy (see main
text for details). Each dot represents a country-cohort cell and the 45-degree line is included (dashed

line).

Figure 10: Counterfactual II - optimal gender wage policy with equality constraint
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Notes. The figures compare different outcomes (female to male employment ratio, pay gap, and average
productivity) and the wage policy parameters (a!, 8!) at baseline vs. the optimal wage policy with
equality constraint (see main text for details). Each dot represents a country-cohort cell and the 45-

degree line is included.
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Figure 11: Counterfactual III - gender equality in the labor force (baseline wage policy)
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Notes. The figures compare different outcomes (female to male employment ratio, pay gap, and average
productivity) under the baseline outside option parameters (a°,v7, p) to the counterfactual where these
are equalized at the male levels. We keep the wage policy of the firm fixed at the calibrated baseline
parameters. Each dot represents a country-cohort cell and the 45-degree line is included.

Figure 12: Counterfactual IV - gender equality in labor force (optimized wage policy)
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Notes. The figures compare different outcomes (female to male employment ratio, pay gap, and average
productivity) and the wage policy parameters (a!, 8!) under the baseline outside option parameters
(22,19, p) to the counterfactual where these are equalized at the male levels. In either case, we let the
firm choose the optimal wage policy, as described in the main text. Each dot represents a country-cohort
cell and the 45-degree line is included.
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Figure 13: Counterfactual V - gender equality in labor force (optimized wage policy
with equality constraint)
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Notes. The figures compare different outcomes (female to male employment ratio, pay gap, and average
productivity) and the wage policy parameters (a!, 8!) under the baseline norm parameters (a?,v°, o) to
the counterfactual where these are equalized at the male levels. In either case, we let the firm choose the
optimal wage policy, subject to an equality constraint, as described in the main text. Each dot represents
a country-cohort cell and the 45-degree line is included.

Figure 14: Counterfactual VI - strict labor regulation (optimized wage policy)
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Notes. The figures compare different outcomes (female to male employment ratio, pay gap, and average
productivity) and the wage policy parameters (a!, 8!), estimated under the optimal wage policy, to a
scenario where we impose an additional cap on returns to ability §1 (see main text for details). Each dot
represents a country-cohort cell and the 45-degree line is included.
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9 Tables

Table 1: Summary statistics

Full Sample Structural Sample

Male Female Male Female

(1) (2) (3) 4)

Pay + Bonus (logs) 10.331  10.274  10.383 10.352
(0.636) (0.581) (0.597)  (0.549)

Age 39581 39.057 38.485 38.485
(11.397) (11.320) (10.742) (10.742)

Tenure 9.132 8.877 9.164 8.995
(7.337) (7.263) (7.245)  (6.957)

Share in Work-level 2+ 0.192 0.156 0.193 0.177

(0.218)  (0.178) (0.173)  (0.157)
Share with Fast Promotions 0.280 0.251 0.301 0.268
(0.342) (0.324) (0.335)  (0.322)
Share Top Performers 0.150 0.128 0.150 0.131
(0.145) (0.116) (0.101)  (0.073)
Econ, Business, and Admin 0.515 0.567 0.517 0.559
(0.324) (0.305)  (0.305)  (0.286)

Share in Sales Function 0.514 0.380 0.486 0.336

(0.269)  (0.255) (0.213)  (0.186)
Observations 377 366 260 260
Median no. workers in cell 115 95 234 191

Notes. This table reports summary statistics for the relevant sample of workers
used in the analysis. An observation is a gender-cohort-country cell. This is the
relevant unit in the structural estimation. Columns 1 and 2 present results for the
full sample. In Columns 3 and 4, sample is restricted to those cells used in struc-
tural estimation, where we excluded cells with fewer than 30 male or 30 female
employees. Work level denotes the hierarchical tier (from level 1 at the bottom to
level 6). The share of fast promotions only considers workers that achieve at least
work-level 2 or higher. The sales function is the most common function (39%).
Top performers are identified from the firm performance appraisal system based
on the supervisor annual rating of worker performance.
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Table 2: Gender pay gap and LFPR

Full Sample New Hires
@) @ ®) ) ®) (6) @)
Pay + Bonus (logs) Pay Growth Major promotion
Female 0377 0256 0.028 0253 0.197 0.159 0.107
(0.142) (0.096) (0.173) (0.094) (0.077) (0.067) (0.047)
LFPR 1.640 1.641 0596 1.662  0.138 0.514 -0.028
(0.282) (0.212) (0.153) (0.204) (0.235) (0.151) (0.080)
Female x LFPR -0.564 -0471 -0274 -0451 -0.376 -0.142 -0.112
(0.194) (0.135) (0.116) (0.132) (0.103) (0.087) (0.062)
GDP per capita (logs) 0.275
(0.021)
Female x GDP per capita (logs) 0.008
(0.016)
Controls No Yes Yes Yes Yes No No
Cohort FE No No No Yes No No No
Country FE No No No No Yes No No
N 303756 303756 302567 303756 303756 8274 8274
R-squared 0116 0285 0435 0307 0.540 0.103 0.056

Notes. An observation is a worker-year. Controls include: tenure, tenure squared, year FE and function FE. The last two columns
report estimates when restricting the sample to new hires at the entry level observed for at least four years. Pay growth is computed
as the difference in log pay between the last year a worker is observed and the first year a worker is observed. Probability of promotion
equals 1 if the worker was promoted to work-level 2 during the sample period. Controlling for starting salary in columns 6 and 7.
Standard errors clustered at the country-cohort level.

Table 3: Summary of model parameters and empirical targets

Param. Interpretation Empirical Target

A. Structural Parameters:

océlmc Unconditional average log-wage Average observed log-wage (control-
ling for selection)
/Béac Returns to productivity in the firm Variance of the observed log-wage
(controlling for selection)
agac Unconditional average value of stay- )
ing at home Not separately identified. With an
Vgac Dispersion of value of staying at additional normalization, can be
home obtained from composite parameters
. .. ggac and Ggac
pgac  Correlation between productivity and

the value of staying at home /

B. Composite Parameters:
Coac Participation threshold LFP

0eac  Sign and strength of selection Skewness of the observed log-wage
(controlling for selection)

Notes. This table provides a summary of the parameters of the model and the em-
pirical target that each parameter aims to match in the calibration strategy that we
describe in subsection 4.2.
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Table 4: Summary of Counterfactual Results

Male

Female

mean sd min

max

mean sd

min max

A. Full Structural Sample (260 country-cohort cells)

tgee —0.04 058 —1.25
Bgae 070 018  0.21
gggc _0.91 017 _1.44

Ogec 029 0.65 —148

1.93
1.57

—0.27
1.36

—-0.31 0.79
0.78 0.25
—-0.12 041
034 0.64

—240 141

025 1.90
—-1.14 1.25
—1.81 1.41

B. Counterfactual Sample I (114 country-cohort cells)

Dé%ac -1.13 0.67 —2.51
v 1.00  0.00 1.00

0.62
1.00

—0.48 0.60
1.00 0.00

—190 1.08
1.00 1.00

gac

Pgac —0.26 0.68 —-098 1.00 —-020 062 -—-1.00 1.00

Notes. This table summarizes the parameters by gender-country-cohort
cells, using cell sizes as analytic weights. Panel A reports the parameters
that are point identified without additional normalizations, as discussed in
subsection 4.2, in the full structural sample (260 cells). Panel B reports the
parameters relating to the value of staying out of the labor force, under the
normalization vgac = 1, excluding cells in which (a) we cannot calibrate al,
¥ and p, or (b) we cannot compute one of the optimal wage policies for the
main set of counterfactuals.

Table 5: Summary of Counterfactual Results

Parameters Results
al, gl 2% 8% p Productivity F/M Ratio Pay Gap (F—M)

A. Full Structural Sample (260 country-cohort cells)
(1a) Baseline Baseline 0.25 0.67 —0.08

B. Counterfactual Sample I (114 country-cohort cells)
1b) Baseline Baseline 0.31 0.71 —0.10
2b) Optimal Baseline 0.47 0.92 0.63
3b) Baseline Men’s 0.28 0.92 —0.12
4b) Optimal Men’s 0.52 1.00 0.00
5b)  Strict Labor Reg.  Baseline 0.39 0.99 0.57

C. Counterfactual Sample II (88 country-cohort cells)
(1) Baseline Baseline 0.31 0.71 —0.10
(2¢0) Optimal Baseline 0.47 0.92 0.63
(3¢) Baseline Men’s 0.28 0.92 —0.12
(40) Optimal Men'’s 0.52 1.00 0.00
(5c)  Strict Labor Reg.  Baseline 0.39 0.99 0.57
(6¢c) Opt. with Equality Baseline 0.46 0.78 0.14
(7c) Opt. with Equality = Men'’s 0.52 1.00 0.00

Notes. This table summarizes the counterfactual results (average productivity, female-to-male
employee ratio, and pay gap) across country-cohort cells, weighted by cell size. Productivity
(LFP-E[A; | empl’d]) is measured in units of standard deviations of the underlying latent vari-
able A;. The pay gap is the difference in log-wage (female — male). In the “optimal” wage
policy, the firm maximizes ability subject to an employment and a wage bill constraint, see sub-
section A.3. In the “strict labor regulations” counterfactual, the firm solves the same problem
as in the “optimal” wage policy, with an additional cap on returns to ability. In the “optimal
with equality” wage policy, the firm maximizes ability subject to an employment, a wage bill
constraint, and an equality between men and women restriction. Panel A reports the baseline
results in the full structural sample (260 cells). Panel B reports a set of counterfactual results for
114 cells, which exclude those in which (a) we cannot calibrate a9, 10, and p, or (b) we cannot
compute one of the optimal wage policies for the counterfactuals reported. Panel C reports the
same results for 88 cells, in which we can additionally compute the “optimal with equality” wage
policy, primarily because the feasible region is empty (i.e., the firm cannot choose a wage policy
that satisfies the LFP, the wage bill and the equality constraint at the same time).
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A Appendix

A.1 Appendix figures and tables

Figure A.1: The countries where the MNE operates and female to male LFP

‘Female to Male LFP

M (9,1]
I (.8,.9]
0(.7,.8]
(.6,.7]
[.2,.6] 4
CINo data &

Notes. This figure plots the averége labor force participation ratio (LFPR) in each country (avéraged
across cohorts).

Figure A.2: Average wages in the firm and in the country overall: a) ILO, white collar
occupations only; and b) ORBIS, manufacturing sector only

(a) Wage ratios against LFPR (b) Wage ratios against GDP per capita in logs
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y P\/ ]
— \/\__\
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LFPR GDP per capita (logs)

—— Ratio MNE/Orbis manufacturing

—— Ratio MNE/Orbis manufacturing
—— Ratio MNE/ILO country data

—— Ratio MNE/ILO country data

Notes. This figure plots the ratio of the average wage in the MNE and in the country overall: a) from
the ORBIS database, considering the manufacturing sector only, and b) from the International Labor
Organization (ILO), considering white-collar occupations only. Wages are measured in 2017 PPP $. The
x-axis is the LFPR (panel a) and the GDP per capita in logs (panel b) in each country.
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Figure A.3: Gender promotion gap and LFPR

(a) Share men, top decile(b) Share men, bottom(c) Share men, managerial(d) Share men, high pro-
of wages decile of wages positions motion speed

Men share
Men share
Men :hare
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50,2009 se.=0.42 50,2009

1 1 1 1
8 8 8 8

.
6 Beta=0.409 6 Beta =-0.325 6 Beta = 0.402 6 Beta = 0.480
4 4 4 4 se.=0.11
2 2 2 2

B 1 2 1 1) 1 2 4 B 1 2 4

Notes. The figures are binned scatterplots and a linear fit of the share of men with different performance
metrics (as a proportion of the male share in the firm) against the LFPR, in each country-cohort cell.
Panel (a) looks at the top decile of wages; Panel (b) at the bottom decile; Panel (c) looks at the share
of men in managerial positions; and Panel (d) at promotion speed to managerial positions, based on
average promotion rates in the firm by labor market experience. In the regressions, we use analytical

weights by employee size of each cohort-country cell. The unit of observation is a country-cohort.

Figure A.4: Gender education gap and LFPR

Cohort 18-29 Cohort 30-39 Cohort 40-49

—~ 12

Female/Male Educ. Gap
Female/Male Educ. Gap
Female/Male Educ. Gap

2 4 6 8 1 2 4 6 8 1 2 4 6 8 1
Female/Male LFP Female/Male LFP Female/Male LFP

— GDI Years of Schooling —— Post-Second. Educ.

Notes. The figure plots the gender gap in education against the gender gap in LFP for each country
separately by age cohort. We use three distinct education measures: the gender development index
(GD], the ratio of female/male Human Development Index); years of schooling (female to male ratio),
and the percentage in post-secondary education (female to male ratio). The GDI data is from the UNDP
and the educational attainment data is from the World Bank. The unit of observation in each plot is a
country.

Figure A.5: Goodness of fit: Wage distribution in India and Sweden

(a) Overall (b) Sweden (c) India
/\ °

—— Female Actual _ 6
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& / Male Actual &
Male Implied 4
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—— Female Actual
Female Implied
Male Actual
Male Implied

A 0 1 2 3 -4 2 4

0 0
Residualized Wage Residualized Wage Residualized Wage

Notes. The figures compare the actual distribution of residualized log wages to the distributions implied
by our calibrated model (a) across all countries, (b) in Sweden, and (c) in India. Wages (in logs) are
residualized using year and function dummies, tenure, and tenure squared, as detailed in sub-section
42.
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Table A.1: Gender pay gap and LFPR — LFP for population with advanced education

Pay + Bonus (logs)
1) (2) ) (4) ©)

Female 0427 0.269 0.161 0.303  0.381
(0.173) (0.082) (0.150) (0.079) (0.073)
LFPR, advanced education 1.776 1.692 -0.138 1.684 0.073

(0.188) (0.113) (0.222) (0.116) (0.273)
Female x LFPR, advanced education -0.496 -0.375 -0.484 -0.401 -0.522
(0.198) (0.100) (0.140) (0.096) (0.088)

GDP per capita (logs) 0.358

(0.033)
Female x GDP per capita (logs) 0.020

(0.016)
Controls No Yes Yes Yes Yes
Cohort FE No No No Yes Yes
Country FE No No No No No
N 251336 251336 250152 251336 251336
R-squared 0.155 0315 0469 0332 0.570

Notes. An observation is a worker-year. The LFPR is computed using the LFP for individuals with
advanced education (short-cycle tertiary education or college degree and/or above). Controls
include: tenure, tenure squared, year FE and function FE. Standard errors clustered at the country-
cohort level.

Table A.2: Gender pay gap and LFPR — by region and income group

All Region FE Lower inc. Higher inc.

1) 2) 3) 4)
Female 0.256 0.208 0.265 -0.032
(0.096) (0.070) (0.050) (0.111)
LFPR 1.641 0.698 0.547 1.384
(0.212) (0.186) (0.134) (0.338)
Female x LFPR -0.471 -0.424 -0.408 -0.129
(0.135) (0.100) (0.068) (0.156)
Controls Yes Yes Yes Yes
N 303756 303756 71658 232098
R-squared 0.285 0.387 0.218 0.239

Notes. An observation is a worker-year. Controls include: tenure, tenure
squared, year FE and function FE. Standard errors clustered at the country-
cohort level. Income group and geographical region are obtained from the
World Bank.
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Table A.3: Gender pay gap and LFPR — PPP conversion

Pay + Bonus (logs), PPP 2017 USD
1) () ©) (4) ©)

Female 0318 0.195 0312 0197 0.198
(0.127) (0.080) (0.141) (0.080) (0.076)
LFPR 0266 0249 0.085 0.259  0.129
(0.200) (0.136) (0.155) (0.130) (0.239)
Female x LFPR -0463 -0.372 -0275 -0.364 -0.381
(0.165) (0.104) (0.083) (0.105) (0.102)
GDP per capita (logs) 0.044
(0.018)
Female x GDP per capita (logs) -0.021
(0.013)
Controls No Yes Yes Yes Yes
Cohort FE No No No Yes Yes
Country FE No No No No No
N 302789 302789 301600 302789 302789
R-squared 0.014 0.164 0.169 0.173  0.339

Notes. An observation is a worker-year. Controls include: tenure, tenure squared, year FE
and function FE. Standard errors clustered at the country-cohort level. Wages are measured
in PPP 2017 USD. Purchasing power parity (PPP) exchange rates are taken from the ICP
(World Bank).

Table A.4: Gender pay gap and LFPR — fixed pay only

Pay (logs)
Q) () ) (4) ©)
Female 0358 0232 -0.023 0230 0.167
(0.135) (0.092) (0.162) (0.091) (0.074)
LFPR 1582 1578 0501 1599 0.144
(0.282) (0.212) (0.145) (0.204) (0.234)
Female x LFPR -0.533 -0436 -0.241 -0.415 -0.328
(0.185) (0.131) (0.114) (0.129) (0.100)
GDP per capita (logs) 0.283
(0.020)
Female x GDP per capita (logs) 0.011
(0.015)
Controls No Yes Yes Yes Yes
Cohort FE No No No Yes Yes
Country FE No No No No No
N 303756 303756 302567 303756 303756
R-squared 0.110 0285 0.448 0.309  0.552

Notes. An observation is a worker-year. Controls include: tenure, tenure squared, year FE
and function FE. Standard errors clustered at the country-cohort level.
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A.2 Model calibration

éac and 5}”0 are identified from the moments of the observed

wage distribution, but we cannot identify the parameters ocgac, vgac and ¢, separately,
because we do not observe the value of staying at home. For our main specification,

following Heckman and Honoré (1990), we normalize vguc = 1, which allows us to cal-

As discussed in 4.2, «

ibrate txgac, and pguc. An alternative normalization suggested by Heckman and Honoré
(1990) is pgac = 0, implying that productivity in the firm is independent of the value
of staying at home. Figure A.6 shows that, regardless of whether we normalize vg
Pgac, We obtain very similar values of ocgac. The correlation between “gac in the main
calibration and in the alternative calibration is 0.95 for women and 0.96 for men. Ad-
ditionally, the results of our main counterfactual exercises are robust to this alternative

calibration, as shown in Table A.5, to be compared with Panel C of Table 5.

ac OT

Figure A.6: “gac in the main and alternative calibration
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Table A.5: Summary of Counterfactual Results, Robustness

Parameters Results
al, gt 2% 8% p Productivity F/M Ratio Pay Gap (F—M)
Robustness Sample (60 country-cohort cells)
(@) Baseline Baseline 0.50 0.69 —0.10
2 Optimal Baseline 0.57 0.94 0.30
3) Baseline Men’s 0.51 0.81 —0.16
4) Optimal Men'’s 0.61 1.00 0.00
(5)  Strict Labor Reg.  Baseline 0.55 0.98 0.24
(6) Opt. with Equality Baseline 0.55 0.86 0.06
(7) Opt. with Equality Men’s 0.61 1.00 0.00

Notes. This table summarizes the counterfactual results (average productivity, female-to-male
employee ratio, and pay gap) across country-cohort cells, weighted by cell size. Productivity
(LFP - E[A; | empl’d]) is measured in units of standard deviations of the underlying latent
variable A;. The pay gap is the difference in log-wage (female — male). In the “optimal” wage
policy, the firm maximizes ability subject to an employment and a wage bill constraint, see
subsection A.3. In the “strict labor regulations” counterfactual, the firm solves the same problem
as in the “optimal” wage policy, with an additional cap on returns to ability. In the “optimal
with equality” wage policy, the firm maximizes ability subject to an employment, a wage bill
constraint, and an equality between men and women restriction. We report the same results as
in Table 5 for 60 country-cohort cells, in which we can calibrate the parameters of the value of
staying out of the labor force and compute all the counterfactual wage policies.

45



A.3 Optimization problems for the firm’s wage policy

The optimal policy we consider in subsection 5.1 solves, for each country-cohort cell,

the following program:

maXx m)Fachac + L/‘—P—I/JFLICAVMHC
(&éamﬁém)ge{ﬂM}
subj. to:
Ijﬁj}l—“ac‘*‘ﬁpMﬂc > LFPrac + LFPpac (1)
iﬁ)FﬂcWFac + ﬁijchMac < LFPpacWEae + LFPMacWMaC (ii)
where
0 =1
— 14 —
LFPge =1— @ n &
\/(lg}gac)z + (Vgac)z - ngﬂcﬁ}gacvgac
Avgac = lgéac T Pgucvgac A “gac - &éac

\/(Béac)z + (Vgac)z - 2Pga65§ac1/§ac \/(Béﬂc)z + (Vgac)z - ngﬂClgéacvgac

~ 1 ~1
Wgac - ‘Xgac + .BgacAgﬂC

are the probability of being employed, average ability conditional on being employed,
and average wage conditional on being employed, and LF Peac, Weqc are the observed
LFP and average wages. The objective is average productivity in the firm (LFP -
E[A |empl’d]). Constraint (i) states that total employment (or LFP) should be equal
to or greater than the total LFP at baseline. Constraint (ii) states that the total wage bill
should be equal to or smaller than the total wage bill at baseline.

The optimal wage policy with equality constraint solves the program above with
the additional restriction that &+, = &}, and B} . = B},,. for all 4, c. That s, the firm
needs to have the same wage policy for males and females within a country-cohort

cell so that workers with equal ability are paid the same.
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