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Abstract

Using Danish matched employer-employee data, I compare the relative pay of men and women to their
relative productivity as measured by production function estimation. I find that the gender "productivity
gap" is 8 percent, implying that almost two thirds of the residual gender wage gap is due to productivity
differences between men and women. Motherhood plays an important role, yet it also reveals a puzzle:
the pay gap for mothers is entirely explained by productivity, whereas the gap for non-mothers is not. In
addition, the decoupling of pay and productivity for women without children happens during their prime-
child bearing years. These estimates are robust to a variety of specifications for the impact of observables
on productivity, and robust to accounting for endogenous sorting of women into less productive firms
using a control-function approach. This paper also provides estimates of the productivity gap across
industries and occupations, finding the same general patterns for mothers compared to women without
children within these subgroups.
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1 Introduction

Women earn less than men and the gender pay gap expands when women become mothers (Angelov et al.

(2016), Kleven et al. (2019)). This paper asks how much of the wage gap between men and women, and

particularly between men and women with children, is explained by measurable productivity differences.

Using Danish administrative data, I study how firm output varies with the gender and parenthood status

of employees. I find that about 8 percentage points of the 12 percent (residual) gender pay gap can be

explained by productivity differences between men and women. Productivity explains the entire pay gap

associated with motherhood.

To measure the productivity gap, I use Danish data that matches worker characteristics with firm ac-

counting information. I estimate a firm-level production function that takes labor, material goods, and

capital as inputs and treats male and female labor units as perfect substitutes. The gender productivity gap

is the number of efficiency units lost if a worker is female, holding other variables such as age, education,

experience, and hours worked constant.

I find a sizable productivity gap of eight percent. However, this average masks differences between

women over the lifecycle, particularly differences for mothers compared to non-mothers. For mothers, I find

that the earnings gap is approximately equal to the productivity gap, suggesting that there is little or no

discrimination in the form of uncompensated output against mothers. This is consistent with the literature

arguing that the wage gap occurs primarily for women with children who work fewer and more flexible hours

than their male counterparts (see for example Goldin (2014), Gicheva (2013), Angelov et al. (2016), and

Kleven et al. (2019)) and that there may be some output loss associated with these work arrangements.

At the same time, there is evidence of uncompensated productivity among women without children.

Although the wage gap is smaller for women without children, women without children are actually more

productive than similarly aged men. In addition, I find that the disparity between wages and productivity

for non-mothers happens especially during their prime child-bearing ages. After age 40, there are no mean-

ingful differences in the relative productivity of mothers and non-mothers. Discrimination in the form of

uncompensated productivity is largest in the group with a smaller residual pay gap: young non-mothers.1

This age path suggests that the pay gap between men and women without children but of childbearing age

may be due to statistical discrimination: if productivity falls with motherhood but employers cannot lower

wages when women give birth, then employers may offer lower wages to productive women in anticipation

of motherhood. Alternatively, women who will have children soon may be unwilling to ask their employer

for a raise when they know they will have children soon. Consistent with this, I find that women who will
1Differences between pay and productivity by gender/parenthood could arise from gender differences in worker preferences,

from differences in non-wage compensation, for structural reasons, or due to firm-level statistical or taste-based discrimination.
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have children soon are more underpaid relative to their productivity than women who have no children and

will not have children soon. I also find that women who look, based on observables, the most like future

mothers experience the largest gaps between pay and productivity. Mothers do not experience gaps between

pay and productivity. Among women without children in their prime childbearing years, the ones with no

pay-productivity gap are not those who look like mothers, but rather those who will never have children

in the future. An additional piece of evidence consistent with statistical discrimination by employers is the

fact that conditional on productivity, pay is lowest for women without children in those occupations with

the longest average tenure, measured by the typical years with a given firm among male employees. This

suggests that when employers expect workers to stay at the firm for many years, there is larger underpayment

of women without children. Taken together, these data suggest that compensation is tied to the expected

productivity of workers over a time interval which may include large productivity fluctuations.

I present estimates of the productivity gap in the cross-section, over time, by industry, and accounting for

selection of workforce composition based on unobservables using a control function approach which I discuss

in Section 3. The control function approach does not change the overall estimate of the relative productivity

of men compared to women. Consistent with the small role for selection in estimating relative productivity

via the production function, using a wage decomposition as in Card et al. (2016), I also find little evidence

that women work in lower wage firms within this subset of relatively large, private sector Danish firms.

This paper contributes to an extensive literature on the sources of the gender pay gap (see Altonji

and Blank (1999), Olivetti and Petrongolo (2016), and Blau and Kahn (2017) for an overview).2 Whether

mothers’ lower pay reflects preferences or discrimination is an important unanswered question. In the Danish

setting, Kleven et al. (2019) use an event study around the time of childbirth and find that mothers (relative

to fathers) experience a permanent and substantial decrease in earnings growth explained in equal parts by

a reduction in LFP, hours worked, and in wage rates. The authors find that, relative to other observables,

the role of motherhood in explaining the wage gap has doubled since the 1980s. I study the importance of

productivity difference between mothers and other workers as a potential explanation of the pay gap. The

results suggest that while mothers indeed are paid less than similarly skilled men, this difference in pay is

completely explained by productivity differences.

The literature linking relative productivity to relative pay was started by Hellerstein et al. (1999) which
2Polachek (1981) argued that the constraints of childrearing generated sex segregation of women into occupations where

human capital did not depreciate as quickly even before children are born. Mulligan and Rubinstein (2008) study the changing
nature of female selection into the labor force from the 1970s to the 1990s finding that most of the apparent narrowing of the
gender wage gap resulted from compositional changes in the female labor force. Gayle and Golan (2011) estimate the impact
of the changing labor force on wages through the lense of an adverse selection model but find that labor market experience is
the dominant determinant of wages. Since the 1990s, however, the gap has stagnated even as women’s education relative to
men’s has increased leading to an interest in understanding what the "final" sources of the pay gap are (Goldin (2014), Blau
and Kahn (2017)).

2



studies the relationship between wage gaps and gaps in marginal product for a variety of observable char-

acteristics in the manufacturing industry in 1990. The authors find that with the exception of gender,

differences in wages based on observables are equal to differences in marginal productivity. This paper dif-

fers from Hellerstein et al. (1999) primarily by introducing data on motherhood and its relationship to the

productivity gap. This paper additionally builds on the work of Hellerstein et al. (1999) by using more recent

data which cover a wider set of industries, and incorporates detailed differences in the occupations held by

men and women in estimates of the productivity gap. As discussed by Blau (1977), and revisited in the

case of the US by Blau and Kahn (2017) and in the case of Denmark by Gallen et al. (2017), an important

component of the pay gap is occupational choice.3 Women may prefer working in low-wage occupations

because these jobs allow fewer and more flexible hours (Goldin, 2014; Wasserman, 2017). Conditional on

occupational choice, this paper investigates whether and where gaps in productivity emerge. In addition,

this paper incorporates the role of sorting based on firm unobservables using the Olley and Pakes (1996)

control function approach. Card et al. (2016) find that women work in lower pay-premium firms compared

to men in Portugal. This paper investigates the degree to which this is true in Denmark and empirically

corrects estimates for the potential role of selection by women into less productive firms.

In the same spirit as this study, Azmat and Ferrer (2017) document the difference between hours billed

and new clients brought in to the firm for male vs. female lawyers. They find that the large differences

in the earnings of male and female lawyers (particularly mothers) are largely explained by these measures

of productivity. Cook et al. (2018), studies the choices and experience profiles of men compared to women

which explain the seven percent gender pay gap among ride-share drivers. The pay of ride-share drivers is set

by an algorithm, so they are studying a setting in which taste-based discrimination is not possible. Finally,

Adams-Prassl (2023) studies the online labor market and finds a gender earnings gap of 20 percent which

is primarily explained by the interruptions faced by women with young children. This consistent evidence

from a diverse set of occupations—from Uber drivers to online workers to lawyers—sets the stage for the

broader, cross-industry analysis in the present paper.

This paper is the first to investigate the role of motherhood in driving the gender productivity gap

using production function estimation. This has important implications for a literature which is increasingly
3There is a large body of literature documenting the differences between women and men which may explain the gender wage

gap, but are more subtle than differences in human capital accumulation, child-rearing, and occupational choice. As reviewed
by Niederle and Vesterlund (2011), women have been documented in both the lab and the field to be less competitive than
men, conditional on performance. This competitiveness factor has been studied extensively in recent years. See for example
Bertrand (2011), Croson and Gneezy (2009), Flory et al. (2015), Buser et al. (2014), Apesteguia et al. (2012), Markussen et al.
(2014), Kamas and Preston (2012), Berge et al. (2015), Zhang (2015), and Reuben et al. (2015). Gneezy et al. (2009) argue
that this link between gender and competition is reversed in a matrilineal society, implying that most of the link is driven by
cultural rather than biological differences between men and women. Ichino and Moretti (2009) and Rockoff and Herrmann
(2012) debate whether women are differentially absent from work due to menstruation. Small biological difference may turn
into large differences in career pathways when mediated by social norms (see for example Fryer and Levitt (2010) and Bursztyn
et al. (2017)).
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focused on motherhood as an important turning point in the careers of women (Kleven et al. (2019), Angelov

et al. (2016)).4 The role of motherhood in explaining the gender productivity gap not only confirms that

motherhood is associated with changes in the work women do, but also highlights a new problem: why are

non-mothers still underpaid compared to men?

Women’s wages may be lower than men’s both due to statistical discrimination (if they are indeed less

productive than men on average) as described in Aigner and Cain (1977) or due to taste-based discrimination

as described in Becker (1971).5 Gunderson (1989) discuss the very different policy implications of statistical

and taste-based discrimination. I focus on identifying one particular type of phenomenon: gender differences

in pay unexplained by differences in output. Such a gap would occur if, for example, women did not bargain

as well as men for raises.6 Another possibility would be that firms did not pass improvements in productivity

on to female employees as much as male employees, as Black and Strahan (2001) demonstrate is the case

for banks during a period with heavy barriers to entry and as suggested in Card et al. (2016) in the case

of Portugal. This leaves out many important potential drivers of the labor market differences between men

and women. For example, if women are not offered jobs at high productivity firms, or if women are not

invested in or offered promotions despite being equally able to work in more demanding jobs (see for example

Thomas (2015), Stearns (2017), Albrecht et al. (2015), and Albrecht et al. (2003)). This "mommy tracking"

is difficult to distinguish from preferences, but may occur if many firms have a distaste for hiring women,

or if firms are sufficiently risk averse and the distribution of female productivity differs from that of male

productivity. Hiring/promotion based discrimination, both interesting and important, is not addressed here.

Instead, I focus exclusively on the link between realized output and pay.

The paper proceeds as follows: Section 2 describes the data used in estimation. Section 3 provides the

model and estimating equations. Section 4 presents results, and Section 5 concludes.

2 Data

The data used in this paper come from three primary sources: a relatively new Danish register on employees

called eIncome, a more commonly used Danish register on employees called IDA, and a detailed survey of firm

accounts, called Regnskabsstatistikken (abbreviated FIRE). eIncome is register data covering all employees
4The discussion of why motherhood might be associated with different career choices for men relative to women has a long

history. Decades ago, Becker (1985) hypothesized that differences in demands on or abilities of women in the home production
sector translate to differences in career choice. Hersch and Stratton (1997) provide early evidence of the effect of housework
on market wages. The importance of finding flexible work arrangements to accommodate childrearing is emphasized in Goldin
(2014) and Blau and Kahn (2013).

5For evidence of taste-based discrimination, see Weber and Zulehner (2014), Hellerstein et al. (2002), Heyman et al. (2013),
Pan (2015), and Goldin and Rouse (2000).

6See a survey by Babcock and Laschever (2003) who find that women are 50 percentage points less likely than men to
negotiate their starting salaries or Leibbrandt and List (2015) for field evidence.
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working in Denmark, from 2008. The data is reported monthly, by all employers to the Danish Customs and

Tax Administration, who pass the data to Statistics Denmark’s eIncome Register to be used in calculation

of national statistics at the monthly level. The primary advantage of this dataset is that it reports work

by all employees in a given firm: their occupation, total pay for that month, and total hours worked in the

month (as well as the dates of employment).

This dataset is distinct from the commonly used Danish IDA dataset, which is annual and has data on

payments and hours based on the worker’s status in November of that year. The hugely improved hours

variables in eIncome shrink the wage gap considerably. In particular, the gap falls from 16 percent to ten

percent. The main improvement is better tracking of workers who are not continuously employed in a firm

and enter and exit the data only for a few months. In the IDA dataset, using bracketed hours worked

and a November employment measure, it is difficult to properly assign total hours worked at a given firm.

Bracketing alone accounts for a two percentage point increase in the pay gap. Of course, there is some non-

response even in the eIncome dataset—about 15 percent of the hours data is imputed. All employees are

included regardless of hours worked. Main jobs and side jobs are included. Employees who are not residents

of Denmark are included. If an employee doesn’t have pay for up to 45 days at a job, but subsequently

returns to the same employer for pay (for example for training), he or she is included in the data for the

months without pay.

The hours worked measure in IDA is based on employee contributions to retirement benefits. The

brackets are four bins of weekly hours (0-8, 9-17, 18-27, 27+) or four bins of monthly hours, (0-38, 39-77,

78-116, 117+). The data also measure the fraction of the year worked. There is a large fraction of workers

whose hours are not distinguished from one another but may in reality differ substantially. eIncome is not

completely immune to this problem, though it is certainly less severe. In eIncome, salaried workers would

be listed as working 37 hours a week, unless they clocked in overtime hours. Many likely do not, and work

slightly less or slightly more than 37 hours per week. There is no reason to think this is orthogonal to

gender—women work fewer hours on the margins we can measure, they may also work fewer hours on the

margins we have more difficulty measuring. Indeed US time-use data (the American Time Use Survey)

suggests that conditional on working full-time, mothers of older children work about one hour less per day

than fathers and mothers of young children work about 40 minutes less per day than fathers.

The eIncome register can be linked with data on firm value added using a dataset called FIRE which

contains information on firm accounts. The FIRE employer data is the basis for national accounts. As in

Mortensen et al. (2010), I follow the methodology for constructing value added and capital stock used in

national accounting. The details of this procedure exactly follow Mortensen et al. (2010) and are discussed

in the Data Appendix. FIRE includes information on firms from tax records (such as revenue and the
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value of capital) and also contains detailed accounting measures from surveys. Firms are surveyed based on

size. Firms with more than 50 employees are surveyed annually, firms with 20-49 employees are surveyed

every other year, firms with 10-19 employees are surveyed every 5th year, and firms with 5-9 employees are

surveyed every 10th year.

Firms which are not in the survey in a given year have some of their information imputed into the dataset,

though much of the imputation comes from tax records. Detailed information on the cost of intermediate

goods, however, is completely imputed for a large fraction of firms in the data. My measure of value added

is revenue less the cost of these intermediate inputs so the measurement error generated by using imputed

values is on the left hand side and does not systematically bias results. When information is imputed, it

is based on industry-level averages weighted by employment and revenue. In the results reported, I use all

data which was not completely imputed (that is, data taken from tax records combined with survey results).

About 9,000 firms are actually surveyed in each year.7

To supplement the worker-level information available in the income registers merged with FIRE—which

is essentially occupation, hours worked, wages, and industry—I add demographic information on workers

from IDA. This includes information on the birthdate of all children, year of marriage, education including

major, age, and experience (which is constructed as the sum of hours worked in the labor market according

to IDA).

2.1 Summary statistics

The earnings gap in Denmark is surprisingly similar to the gap in the US. Table 1 below provides estimates of

the earnings gap in the US from Goldin (2014) compared to a similar population in Denmark and compared

to my restricted sample of large industries in the FIRE database. The raw earnings gap is smaller in

Denmark than in the US but it also is less explained by controlling for hours, education, and occupation.

The smaller raw gap is consistent with Blau and Kahn (2003) who find that countries with more compressed

wage distributions (such as Denmark) have smaller wage gaps.

The Denmark and US samples are restricted to ages 25-64. In Denmark, the raw gap is 27.7 log points,

compared with 32 log points in the US. Controlling for age, hours worked, education, and occupation, the

gap falls to 17.2 log points, compared with 19.1 log points in the US. The R-squared from the last wage

regression in the US is about twenty percentage points lower than in Denmark. The lower R-squared in the

US may reflect noise expected from survey data. In addition, unions and collective bargaining determine
7Restricting only to the set of firms surveyed in detail about their accounts, I estimate the relative productivity of women is

0.94, which is about 1-2 percentage points higher than my baseline estimates and not a statistically significant difference. The
cost of using only firms that were actually surveyed is that I would not have power to study differences across industries, across
occupation, by age, etc.
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Table 1: The pay gap in Denmark vs. US

Sample Variables included Coefficient Standard R2

on female error

US Basic -0.320 0.0010 0.102
US Basic, time -0.196 0.0009 0.353
US Basic, time, education -0.245 0.0008 0.475
US Basic, time, education, occupation -0.191 0.0010 0.563
Denmark (FIRE) Basic -0.277 0.0011 0.095
Denmark (FIRE) Basic, time -0.193 0.0006 0.727
Denmark (FIRE) Basic, time, education -0.200 0.0006 0.750
Denmark (FIRE) Basic, time, education, occupation -0.172 0.0006 0.781

Dependent variable is log earnings. The sample is 2009 to 2011 All regressions include
a quadratic in age and year dummies. US regressions also include race. Hours controls
are added in the second regressions. Hours are bracketed in Denmark (see see the data
appendix) and indicate hours per week and weeks per year in the US. Education indicates
primary, high school, or more advanced schooling in Denmark, and similar groups in the
US, and is added in the third row. Occupation dummies at the 3 digit level are added in
the final row. Goldin’s ACS sample includes only individuals ages 25-64. For comparison,
I restrict to only these ages in the FIRE sample. The number of observation is 3,291,168
in the US, and 2,879,216 in the restricted FIRE sample.

wages to a greater extent in Denmark than the US. However, collective bargaining has become increasingly

decentralized and wage dispersion has commensurately increased (Dahl et al. (2013)). In 2000, only 15

percent of the population has wages determined completely by collective bargaining, with no firm-level

negotiation. In contrast, over the 1990s, the fraction of workers whose wages are set completely outside the

collective bargaining system grew from 5 to 20 percent. For the remainder of workers, collective bargaining

sets minimum wages which are binding only for relatively low-skilled workers. For these workers, wage

increases resulting from collective bargaining are determined by tenure and education (see Dahl et al. (2013)

for a detailed description the these patterns and of wage bargaining in Denmark).

One advantage of the Danish register data compared with the American Community Survey in the US is

that it provides information on the experience of a worker and also on the firm ID of the worker. Earnings

may depend on experience (and women who take time off work to have children may have a different level of

experience than men on the same age). Manning and Robinson (2004) argue that this difference in experience

explains much of the gender pay gap in the British Household Panel Survey. Earnings may also vary by

firm for observationally identical workers. This may reflect differences in non-wage compensation at different

firms and in the presence of gender sorting may explain some of the earnings gap. In Table 2 below, I report

the results of a regression of log earnings on hours, a quadratic in age, and sequentially add controls for (1)

a quadratic in experience and education level dummies, (2) occupation and industry fixed effects (at the
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3-digit ISCO level and the 2-digit NACE level, respectively), and (3) the interaction of firm fixed effects and

occupation fixed effects.

Table 2: Conditional pay gap 2000-2011

(1) (2) (3) (4)
Female -0.1740 -0.1628 -0.1393 -0.1184

(0.0002) (0.0002) (0.0003) (0.0003)

Experience N Y Y Y
Occupation, industry FE N N Y Y
Firm× occ FE N N N Y

R-squared 0.8430 0.8442 0.8562 0.8924
N 15613056 15613056 15613056 15613056

Dependent variable is log earnings. All regressions include hours and year
controls, a quadratic in age, and education level dummies. Experience indi-
cates a quadratic in experience (measured as hours of employment). Occu-
pation is at the 3 digit ISCO level. Standard errors in parentheses.

Adding controls available with the rich Danish data, such as experience and occupation only causes the

wage gap to fall slightly. Adding firm and occupation interactions and identifying the earnings gap using

differences in the pay of women and men within a firm in a given occupation narrows the earnings gap to

just under 12 percent on average in the years 2000-2011.

I focus my analysis on the six industries (measured at the two digit level) which have the largest number

of firm-year observations in the FIRE database: Accommodation and food services, Construction, Manufac-

turing, Wholesale and retail trade, Other community, social and personal services, and Real estate, renting,

and business activities. These make up more than 50 percent of the Danish economy and 98 percent of

non-imputed firm-year observations.8 Table 3 below provides some summary statistics for the firms in each

industry and the dataset overall.

The wage gap varies by industry, ranging from 11 percent to 19 percent. The fraction of the workforce

in a given industry which is male also varies. In construction, a very large fraction of the labor force is

male, while in other services, only half of workers are male. Notably, this study of productivity differences

is focused on industries with relatively more men than average. Because there are no accounting statistics

for public sector firms, this large portion of the Danish economy (and place of employment for women,

disproportionately) is omitted from the analysis. The potential biases from this omission will be discussed

in the next section.
8Measured by 2010 gross value added by industry tables available from Statistics-Denmark.
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Table 3: Cross-industry summary statistics

Accom./food Constr. Manuf. W/R trade Other serv. Real est.

wf/wm 0.8808 0.8083 0.8331 0.8418 0.8737 0.8485
Fraction male 0.5911 0.8992 0.6919 0.6782 0.5152 0.5935
Firm size 6.50 5.65 10.04 7.15 7.18 5.28
N 298370 135808 72000 69215 11799 18920

This table provides summary statistics on variables of interest across industries. wf/wm is
the average wage gap control for quadratics in age and experience, education level, occupation
fixed effects at the 3-digit ISCO level, hours worked, and year. Wage regressions are run by
industry. The fraction men are averages measured at the person level. Firm size is measured
treating the firm as the unit of observation.

3 Model and estimation

The goal of this paper is to understand whether differences in the productivity of men and women, conditional

on a set of observable characteristics, explain differences in the wages of men and women, conditional on the

same set of observable characteristics. To answer this question, I estimate production functions assuming

output is affected by the quantity of capital, the quantity of intermediate inputs, and the quantity of labor.

Labor, denoted L, will be the sum of male (LM ) and female labor (LF ), where I allow a unit of female labor

to be more or less productive than a unit of male labor

L = βLF + LM

Firm j in year t takes these inputs and produce output, Yjt, using some function F :

Yjt = AjtF (Ljt,Kjt,Mjt)

where Ajt is total factor productivity and β is the object of interest in this paper, measuring the labor-

preserving tradeoff between men and women: a β < 1 implies that women are less productive than men

and β > 1 implies that women are more productive than men. I discuss the details of this function F in

subsection 4.2. First, I discuss the measurement of labor.

3.1 Measuring labor inputs

As first noted in Griliches (1957) and more recently Fox and Smeets (2011), there is a difficulty in measuring

the quantity of labor a firm has: an individual with a college degree produces more than an individual with

primary school; an executive produces more than a janitor. When measuring the labor a firm has access
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to, one must account for the quality of that labor. There are a number of possible ways to account for the

quality of labor and I present estimates using all common definitions.

My baseline specification relies on constructing efficiency units of labor from the market-wide male wage

equation. In constructing the efficiency units, I assume that a woman with the same characteristics as a man

would have the same returns to those characteristics, and attribute any deviation from this to gender-based

productivity differences. I control for the quality of various characteristics by running an efficiency units

regression on the subsample of male workers in the data of the form

ln eMit = αM + γM1 Ageit + γM2 Age2it + γM3 Expit + γM4 Exp2it + γM5 HSit + γM6 Colit + γM7 BAit+

+

225∑
j=1

δMj Hj
it +

NOCC∑
o=1

ωM
o 1{OCC = o}it +

2010∑
t=2000

φMt Y eart + εit

(1)

where eMit is male worker i’s labor market earnings in year t. Age, Exp, HS, Col, BA, measure a worker’s

age, hours of experience in the labor market, whether the worker has a high school or less, some college or

trade school, or further education, respectively. Hj are indicators for (binned) hours worked in the year.

The efficiency units regression also includes indicators of a worker’s occupation at the three digit ISCO level,

and year fixed effects. In this baseline specification, the amount of male labor in the firm J at time t is

LM
J(t) =

∑
i∈J(t),M

êMit

Like male labor in the firm, female labor is also measured using the returns to age, experience, occupation,

education, and hours from the male wage equation (1), so that the amount of female labor in firm J at time

t is

LF
J(t) =

∑
i∈J(t),F

êMit

Whether these characteristics are truly paid their marginal product is an interesting and potentially

important question. Men in a given firm will on average be older than women in that firm. If younger

workers are systematically underpaid, that will affect the interpretation of the gender productivity gap. The

literature is not conclusive on this issue, but I estimate the gender productivity gap by age bins which should

alleviate this concern.9

I also consider more detailed estimates of efficiency units—using eIncome data gives a finer measure of

hours, and I allow for the interaction of occupation with industry and year in the calculation of efficiency
9For example, Hellerstein et al. (1999) find a discrepancy between wage and marginal product only for gender. Dostie (2011)

uses more age categories and finds on average concave wage and productivity profiles, where wages do not deviate significantly
from productivity. However, Hellerstein and Neumark (2007) finds some evidence that wages are deferred over the life cycle.
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units. Finally, eIncome includes monthly earnings based on both "take-home" pay (the narrow earnings

definition) and earnings including benefits such as contributions to retirement accounts.10 I use this broad

definition of earnings when constructing efficiency units as a robustness check. If high-skilled men preferred to

be paid retirement contributions rather than having money in the bank, then my efficiency units calculations

would understate the returns to skill specifically for men. More generally, differences between the wage

gaps using the two measures of income are potentially important for understanding the potential role for

non-pecuniary benefits in generating wage differences.

An alternative specification of the labor units in a firm follows the Griliches (1957) method which has

L = L

[
1 + (φF − 1)

F

L

]
·
[
1 + (φR − 1)

R

L

]
·
[
1 + (φp − 1)

P

L
+ (φo − 1)

O

L

]
·
[
1 + (φN − 1)

N

L
+ (φS − 1)

S

L
+ (φC − 1)

C

L

] (2)

where F is the number of female workers, R is the number of married workers, P is the number of 35-54

year old workers, O is the number of workers 55 and older, N is the number of unskilled laborers, S is the

white collar, technical, and sales workers, and C are the number of high skilled workers. This categorization

is exactly used in Hellerstein et al. (1999) to capture the quality of a firm’s labor force, with the exception

that I eliminate the category of Black workers to fit the context of Denmark. φF is then equivalent to β

as a measure of the productivity difference between a unit of female labor and male labor, accounting for

differences in age, marital status, education, and occupation. Both methods assume that workers of different

ages, occupations, etc., are perfect substitutes and that observable characteristics factor multiplicatively

into productivity. The advantage of equation (1) is that I can account more flexibly for returns to age,

experience, hours worked, and occupation (rather than using large discrete bins), and this flexibility ties

estimates directly to traditional estimates of the residual wage gap—I am able to measure the residual

productivity gap accounting for the same differences in observables commonly used when measuring the

residual wage gap. Since there are advantages to both methods, I present estimates of the productivity gap

using both (1) to predict the labor units in a firm and estimating the production function using labor as in

(2).

Fox and Smeets (2011) directly tackle the problem of measuring labor quality in production functions by

experimenting with a variety of approaches in Danish data similar to the data I use in this paper. They find

that despite the biases associated with measuring the quality of labor using the wage bill, these estimates

perform as well as estimates using Griliches-type specifications. In principle, any firm-specific innovations
10Other included benefits are the value of a free full-year of residence, the value of free summer residence, the value of a free

pleasure boat, the value of a free TV license, the value of a free phone, the value of a PC, anniversary and severance pay, bonus
income, and the value of "other" employee benefits as reported by the firm.
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to productivity get passed on to workers in a bargaining setting, so using the wage bill to stand in for labor

quality correlates covariates and error terms. Using the wage-bill method, labor in the firm is given by

L = β̃WF + WM where WF is the sum of earnings of women employed at the firm and WM is the sum

of earnings of men employed at the firm. The benefit of using the firm’s wage bill method is that one asks

whether a dollar paid to a man is as productive as a dollar paid to a woman, and one does not need to take

a stand on how to model differences in returns to observables—they may differ and this is all summarized

in wage differences. Here I distinguish between β in the baseline specification, which does not include wage

discrimination by construction, and β̃ in this specification. A discriminatory firm which pays a woman less

for the same output would result in a coefficient β̃ greater than one.

A final possibility for measuring labor quality (also presented in Fox and Smeets (2011)) is to take an

ability-perspective: an Abowd et al. (1999) (hereafter, AKM) decomposition of wages models log earnings

of a worker i at a particular firms j, as a linear function of a time-invariant person-specific component,

such as ability, a time-invariant firm effect for firm j, representing wage premiums paid by some firms to

all workers (for example due to productivity differences), and a residual match effect. The model can be

expanded to include age effects, year effects, and various interactions of year or age profiles with education.

The model is identified from movements of workers between firms, so long as these movements across the

firm-quality distribution are not generated by innovations or permanent changes in worker productivity.11

The worker fixed effects measure the ability of workers as rewarded by firms but take out everything that is

constant within a firm over time (including firm productivity). Worker effects capture a worker’s underlying

ability regardless of the firm employing them. Another benefit of using person effects as a stand-in for labor

quality is that if women prefer front-loaded pay over their lifecycle, while men prefer back-loaded pay, using

the current wage bill or efficiency units regressions from male wages will bias estimates of the productivity

gap relative to the pay gap. A life-cycle measure of worker ability gives an average measure of worker

productivity. The form of the AKM decomposition used in this paper to predict person-effects is:

ln eijt = αi + θj + φt + Φ1HSit + Φ2Colit + Φ3BAit + εijt (3)

where ln eijt is the log earnings of worker i in year t in firm j, αi is a person fixed effect, θj is a firm fixed

effect, and φt are year fixed effects. Firm j’s labor in period t is given by Ljt = β̃
∑

i(t)∈j,F α̂i +
∑

i(t)∈j,M α̂i.

11This assumption is not innocuous and is violated some models of worker-firm matching. Nonetheless, Card et al. (2016)
present some evidence consistent with these assumptions, such as the fact that wage changes for workers moving from top
quartiles of the firm-effect distribution to lower-quartiles of the firm-effect distribution are the same size (but opposite direction)
as wage changes for workers making the opposite transitions.
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3.2 Production function

In the baseline, I model firm value added (revenue minus the cost of intermediate inputs) as a translog

function of labor and capital:

log(Yjt −Mjt) = ajt + θi

+
∑
i∈I

1{j ∈ i} ·
(
α1,i log(Ljt) + α2,i log(Kjt) + α3,i log(Ljt)

2 + α4,i log(Ljt) log(Kjt) + α5,i log(Kjt)
2
) (4)

where Ljt is a measure of the firm’s labor force which is the sum of male and female efficiency units as

described above, Kjt is firm j’s value of capital stock, and ajt is the log of revenue TFP, excluding industry

fixed effects. I allow α1, ..., α5 to vary by industry and include industry fixed effects (θi) at the NACE 2-digit

level.

Profit maximizing firms which take wages as given will set the ratio of the price of labor equal to the

ratio of marginal revenue product. In this case, a marginal unit of male or female labor has the same effect

on revenue, up to a constant β, so that
wf

jt

wm
jt

= β

where wf
jt is the average cost to firm j of hiring an additional unit of female labor at time t and wm

jt is the

cost of hiring an additional unit of male labor, controlling for observable differences in the quality of labor

which enter the efficiency units calculation (1).

One assumption in the estimation of the relative productivity of female labor, β, is that male and female

labor are perfect substitutes. For legal or social reasons, firms may prefer to hire women (or men) in particular

when they are scarce. I relax the assumption of perfect substitutes and estimate a CES aggregation of male

and female labor. In particular I estimate (4) but using

L = (β(LF )
ρ−1
ρ + (LM )

ρ−1
ρ )

ρ
ρ−1

where ρ is the elasticity of substitution for labor by gender and LF , LM are estimated both in efficiency units

and using the wage bill. As ρ −→∞, men and women become perfect substitutes.

3.3 Interpretation of β

Fundamentally, β is the ratio of labor a firm can employ in production when replacing a male employee

with a similar female employee. While it is an important and understudied metric, the gender productivity

gap does not capture many dimensions of gender discrimination. A useful analogy might be to consider
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gender disparities in grading. While women are unlikely to take engineering courses, and very likely to

take psychology courses in college (Bertrand, 2020), we may still ask, "conditional on the courses they take,

are female students awarded different letter grades despite receiving the same scores on tests?" It may be

that the female students in engineering courses look quite different from female students overall, and that

measuring gender differences only in the form of whether grades differ from test scores is missing important

aspects of the gender differences in the college experience. In this paper, I do not attempt to quantify all of

the aspects of gender differences in labor market performance. I ask more specific questions: conditional on

the jobs workers choose, do we see a gender productivity gap? How does it relate to the gender pay gap?

A difference in the productivity of observably similar male and female labor units can arise for a number

of reasons, including unmeasured differences in skills, unmeasured differences in hours worked, unmeasured

discrimination by the employer. It is possible that with better measures of hours worked, skills, etc., β would

move toward one. Regardless of the level of the productivity gap, differences between productivity and pay

shed light on the sources of the gender pay gap. As an example, if workers are compensated for the hours

they work and women work fewer hours than men, then we would expect a productivity gap but no difference

between pay and productivity. A difference between pay and productivity may arise due to discrimination

by employers, or female employees less willing or able to successfully negotiate raises than male employees,

as found in Biasi and Sarsons (2021), Babcock and Laschever (2003), Exley et al. (2020), among others.

When thinking about either the pay gap or the productivity gap, it is important to note that no experi-

menter has randomized the gender of individuals in the labor market. The fact that gender is not randomly

assigned also means that the gender productivity gap and the gender pay gap are fundamentally descriptive

statistics. The thought experiment cannot be randomly changing a worker’s gender, because this would

also potentially mean changing all of their life experiences, interactions, constraints, and choices. It may

well be that what drives the gender pay gap is something correlated with gender, but not equivalent to it.

Including controls in a wage regression, as I do here, similarly does not isolate the causal impact of gender,

and may understate or overstate market level differences in outcomes by gender. Given known differences in

experience, occupation choice, and hours worked by gender, the question of how remaining differences affect

pay and productivity is the focus of this paper.

How does segregation in the labor market affect the interpretation of the gender productivity gap? The

modal man works in manufacturing, but a small percentage of women work in manufacturing. One concern

with this pattern is that gender differences in occupation and industry choice may imply differences in how

representative a female worker at a particular firm is of female workers overall. This paper gives average

differences in productivity and wages for various groups of workers. There is a parallel treatment of wages and

productivity measures, so that the residual gender pay gap among manufacturing workers can be compared
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to the residual gender productivity gap among manufacturing workers without requiring male and female

manufacturing workers to lie on the same underling ability distribution or be to be identical except in their

gender. The latter exercise is potentially interesting but it is beyond the scope of this paper.

A second concern with segregation by gender in the workplace is that if there is a large gap between pay

and productivity in manufacturing overall (for example), segregation by gender across occupation may drive

my results. I return to this concern in the next section, using heterogeneity analysis to mitigate the concern

that sorting patterns are driving the results. Overall, this paper provides measures of average differences

between groups, and the results should be interpreted in light of substantial differences in the employment

patterns of men and women on a variety of dimensions.

3.4 Sorting

What are the primary threats to identification? The estimate of the productivity gap comes from a com-

parison of the relative value added of firms with different proportions of female employees, conditional on

observable differences between the workers in skill, experience, and hours worked, and conditional on the

detailed industry of the firm. Differences in the value added of firms with different gender compositions in

workers may arise because female workers are less productive, but may also arise because female workers

work in firms with unobservably worse total factor productivity. I discuss this concern in the remainder of

this subsection.

Descriptive evidence on firm-level sorting in the data

Do men and women select into firms with different productivities? If this is the case, then female wages

would be lower than male wages and female efficiency units would be less productive on average because

women work at firms with inferior technologies, however if women moved to better firms we would expect

the pay and productivity gap to be eliminated. First, I check for selection using the method outlined in

Card et al. (2016). I estimate the average firm effects for men and women in the sample of firms which are

connected by workers moving across them in the data used in the production function estimation (private

sector firms). In particular, separately for the male and female sample, I regress

ln eit = αi + φ
G(i)
j(i,t) +X ′itβ

G(i) + rit (5)

where ln eit are the log earnings of worker i at date t, j(i, t) is the firm employing worker i at date t,

G(i) indicates gender, and Xit is a vector of controls which includes year dummies interacted with education

dummies and quadratic and cubic terms in age interacted with education dummies. The estimated firm effects
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can be interpreted as average difference in log earnings a worker would receive if he moved to particular firm

J . I find no average difference between the firm fixed effects of women compared to men. To the extent that

firm effects capture the relative productivity of firms, these results suggest that sorting is unlikely to bias

estimates of the relative productivity of men compared to women.

Control function approach

One worry with using firm effects as a measure of firm productivity is that differences in the pay of workers

across firms can be generated by factors other than TFP, for example, by compensating differentials. In this

section, I describe a methodology for accounting for sorting in the production function estimation directly

by using a control function approach developed in Olley and Pakes (1996).

This method for controlling for unobserved productivity differences between firms was developed because,

as noted by Marschak and Andrews (1944), labor and capital choices are not exogenously assigned, but may

be chosen by firms based on productivity. Any unobserved component of TFP which is known to the firm

(such as a firm fixed effect) will affect the optimal choice of labor and capital. This biases estimates of the

coefficients on labor and capital α1, ..., α5 in equation (4). The purpose of this paper is not to estimate labor

and capital shares in Denmark, but rather to estimate the relative marginal product of men compared with

women. For this purpose, endogeneity of input choice is not necessarily a problem. If firms hire a man or

woman randomly, then β will not be correlated with productivity (or firm size). In some industries, this

may be a reasonable approximation of hiring practices. Overall, however, it will be important to deal with

the endogeneity of hiring choices.

If some portion of Ajt is known to firms at the time they make their labor decisions, the labor share

coefficients will be biased. If TFP is also correlated with the decision to hire a man relative to a women,

this will bias estimates of β. This would be the case, for example, if a firm which anticipated a change

in technology which made it more productive preferred to hire men, perhaps because it believed men were

better able to work with new technology or because men were more interested in working with the new

technology and only men applied for the new jobs. In both cases, if we can can control for the unobservable

known to the firm at the time they make hiring decisions, then we can control for the role of sorting by

gender in the estimation of β.

Following Olley and Pakes (1996), hereafter, OP, I use investment to control for unobservables known to

the firm at the time they choose L. The intuition for this control is straightforward: assuming investment

has a monotonic relationship with the unobservable component of TFP known to the firm at the time they

make their decisions (conditional on capital), then it will be possible to invert the optimal investment rule

and use this inverted rule as a control for the unobserved TFP. I describe the assumptions in more detail in
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Appendix 2.

In this model, ajt has a component which is a shock to the firm after they make labor and investment

decisions, and also a known component (ωt) which is unobservable to the econometrician directly. In other

words, we can write ajt = ωjt + εjt where ωjt is known by the firm and affects their optimal labor and

investment decision. OP assumes that ωjt is a scalar which follows an exogenous first order Markov process—

that the distribution p(ωt+1) depends only on the observed ωjt. This assumption allows for simple firm fixed

effects p(ωjt+1|ωjt) = p(ωjt+1|ω̄j), but is more general (Ackerberg et al., 2007). Conditional on capital,

investment is then increasing in the unobservable ωjt so that we can invert the optimal investment rule and

write ωjt = φ(ijt, kjt). I use a 5th-degree polynomial in investment and capital to represent the inverted

investment rule. In Appendix 2 I discuss the assumption necessary for the validity of a polynomial in

investment and capital as a control function in more detail. Key, of course, to this exercise is the monotonicity

of the investment in unobservable productivity. When I estimate an OP version of my main specification, I

do so by 2-digit industry since the monotonicity assumption is not plausible when comparing across broad

industries.

Characteristics of occupations preferred by women

In a final exercise, I investigate how the productivity gap varies with characteristics of occupations. Women

and men are not equally represented across occupations in Denmark, and if women tend to work in occupa-

tions where the productivity gap is particularly large, then sorting at the occupation level is likely to be drive

the results and we may worry that the estimates reflect the composition of particular occupations rather

than gender differences per se. To shed some light on the relative role of occupational sorting in driving my

estimates, I extend the model to allow measurement of gender gaps at the three digit ISCO level. For each

occupation o, I estimate a model of the form

log(Yjt −Mjt) = aojt + θoi

+
∑
i∈I

1{j ∈ i} ·
(
αo
1,i log(Lo

jt) + αo
2,i log(Kjt) + αo

3,i log(Lo
jt)

2 + αo
4,i log(Lo

jt) log(Kjt) + αo
5,i log(Kjt)

2
) (6)

where Lo
jt = ((βoLF,o + LM,o)

ρ−1
ρ + γ(βO\oLF,O\o + LM,O\o)

ρ−1
ρ )

ρ
ρ−1 . Efficiency units L are estimated

excluding occupation, and the model has labor as a CES combination of the occupation of interest and all

other occupations, denoted O\o. I drop from the data any subindustry which does not use any labor from

occupation o. I also restrict to occupations which are over 100 workers, and am unable to disclose estimates

of β for some occupations which employ few women.

I then gather data on several occupation attributes. First, I estimate the fraction of an occupation which is
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female. Next, I borrow the methodology outlined in Goldin (2014) and updated to a larger set of occupations

by Bang (2021) to measure how flexible an occupation is in terms of five primary job characteristics measured

in O*Net: time pressure, interpersonal relationships, contact with others, structured vs. unstructured work,

and freedom to make decisions. The standardized flexibility index gives lawyers who have client-facing

relationships, face time pressure, and have to work odd hours a value of 1.1 and in general high numbers

indicate an occupation which is inflexible. I also take a measure from Erosa et al. (2022) of which occupations

have the longest hours worked (by men), and I construct a measure of the average tenure of workers at a

given firm by occupation. I will use these measures to shed light which types of occupations have the largest

gaps and how this may affect interpretation of the gender productivity gap.

4 Results

4.1 Estimates of the productivity gap

Table 4 presents my baseline estimates of the relative productivity of women compared to men via the

translog production function in (4). I find that one unit of female labor is equal to about 0.92 units of male

labor. Column 3 gives changes the efficiency units calculation to include an interaction of occupation with

hours, to capture the potentially different impact of long hours on wages across occupations. This does not

affect estimates, however. The relative productivity of female labor is closer to 0.94 when using the 2008+

eIncome sample for estimation (columns 4-6). This is driven by the better hours measures available in that

data, rather than a broader definition of earnings (comparing column 2 to column 4 relative to column 4

and column 5). Column 4 includes non-wage benefits which use the full definition of income available in

eIncome, including payments to retirement accounts and the value of other non-monetary benefits, such as

a computer, home, etc. Detailed efficiency in column 6 include the interaction of occupation with industry

and year in the calculation of efficiency units and use the finest level of education major choice. Using a

more detailed definition of efficiency units, the productivity gap falls to just four percent, indicating very

little difference between a unit of male labor and a unit of female labor. Note, however, when making

efficiency units categories too fine, the interpretation of the productivity gap becomes more confounded with

differences in returns to (for example) majors between men and women.

While the efficiency units method summarized in (1) is my preferred specification, I also report alternative

specifications of efficiency units of labor. In Table 5, column 1, β̃ is the coefficient on the female wage bill,

where total labor is measured as the sum of the male wage bill and β̃ times the female wage bill in the firm.

The interpretation of β̃, then, is the productivity of a dollar spent on female labor relative to a dollar spent
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Table 4: Estimates of β (relative female productivity)

(1) (2) (3) (4) (5) (6)

β 0.919 0.928 0.928 0.941 0.940 0.960
(0.008) (0.007) (0.005) (0.009) (0.010) (0.009)

wf/wm [0.861] [0.861] [0.901] [0.900] [0.920]

Industry-specific shares N Y Y Y Y Y
Occupation interacted with hours N N Y N N N
Better hours (2008+) N N N Y Y Y
Including non-wage benefits N N N Y N Y
Detailed efficiency units N N N N N Y

R2 0.8489 0.851 0.851 0.853 0.8523 0.853
N 852,729 852,729 852,729 258,978 258,978 258,978

This table gives estimates of β, the coefficient on female efficiency units in the translog production
function regression (4) using (1) to form efficiency units. β can be interpreted as the relative
productivity of female labor, controlling for differences in the quality of that labor captured by
age, experience, education, and occupation. All regressions include 2-digit industry fixed effects and
columns 2-5 allow the coefficients on labor and capital to vary at the 1-digit industry level. Standard
errors are bootstrapped (50 samples) at the person level to account for estimation error in forming
predicted efficiency units and then, for each estimate of efficiency units, cluster bootstrapped at
the firm-level in the production function estimation step. The last row of the table, wf/wm is
relative female wages, residual of quadratics in age and experience, education level fixed effects,
and occupation fixed effects. Columns (3)-(5) use a subset of the data (2008 onward) in estimation
because more detailed measures of hours worked are available in that time-period. This does reduce
the productivity gap by about two percentage points. Columns (3) and (5) also include non-wage
benefits in the estimation of efficiency units. Column (5) estimates efficiency units allowing for the
interaction of occupation with industry and year the finest level of education major choice.

on male labor. I find that female labor is more productive per dollar, consistent with the evidence in Table

4 which shows a smaller productivity gap than pay gap. The estimates are three percentage points smaller

when using the eIncome dataset (columns 2 and 3) and do not depend on whether non-wage benefits are

included in the definition of the wage bill.

Column 4 of Table 5 is the measure of relative productivity using predicted individual fixed-effects from

an AKM decomposition of wages as effective labor. Similar to the wage bill measure, the AKM measure

of β̃ can be interpreted as the relative productivity of a female unit of labor measured in average lifetime

wages (rather than current period wages) compared to a male unit of labor. Discrimination in the sense

of uncompensated productivity is largest using the AKM method. The benefit of the AKM method is

that if men and women have different preferences for backloading pay over the lifecycle, then the efficiency

wage regressions in (1) may be biased. Since the predicted individual fixed effects in this estimate of the

production function do not vary with TFP, it does not have the same mechanical bias that is induced when
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Table 5: Alternative measures of β

(1) (2) (3) (4) (5)
Wage bill Wage bill (2008 +) Wage bill (2008+ AKM Griliches

including non-wage benefits) (β = φF )

β̃ 1.0624 1.0332 1.0350 1.0961
(0.0035) (0.0055) (0.0055) (0.0101)

β 0.9519
(0.0060)

R2 0.8654 0.8724 0.8725 0.8184 0.6412
N 714,254 258,978 258,978 641,916 852,729

This table gives estimates of β, the coefficient on female efficiency units in the translog pro-
duction function regression (4) using the wage bill (columns 1-3), person fixed effects from an
AKM decomposition (column 4), and equation (2) (column 5) to measure effective labor. A
coefficient larger than one on wage bill and AKM estimates is consistent with a productivity
gap which is smaller than the wage gap, as in Table 4 above. The interpretation of these
coefficients is that one dollar paid to female labor is more productive than one dollar paid
to male labor. In contrast, column (5), though less than 1 is also consistent with Table 4.
This is a measure of the relative productivity of a unit of female labor (not a dollar spent on
female labor). All regressions use specification (4) to estimate the production function and
include 2-digit industry fixed effects and allow the coefficients on labor and capital to vary at
the 1-digit industry level. Standard errors are clustered at the firm-level.

using the wage bill.12 Column 5 of Table 5 gives the Griliches estimate of the relative productivity of women

as estimated in Hellerstein et al. (1999). The gap is quite small (five percent), given the coarse categories

used in estimation: 3 age bins, 4 occupation bins, married vs. single, and male vs. female. All regressions

use a translog production function with 2-digit industry fixed effects and industry-specific coefficients on

labor and capital.

To deal with the possibility of selection of women into less (or more) productive firms, I take two ap-

proaches. First, I decompose log worker earnings into individual and firm fixed effects, controlling for

education, age, and year fixed effects. I use the method outlined in Card et al. (2016) to do this, but focus

on the connected subset of my sample of private-sector firms, as outlined in equation (5). The difference

between firm effects E(φFj(i,t)|m) and E(φFj(i,t)|f) summarizes the degree to which men and women work in

firms with different average pay. I find only a 0.005 log point difference between these expressions, suggesting

the sorting by gender across private sector firms is not a large factor in the gender pay gap.13

I can also use the Olley-Pakes control function approach described in Section 4.3 to account for TFP-

based sorting by gender. Including a 5th-order polynomial in investment and capital in equation (4) does
12However, as noted before, Fox and Smeets (2011) argue that the wage bill measure works well for practical purposes, despite

this bias.
13This contrasts with the role of firm-level sorting in the overall Danish economy. Focusing on an establishment level definition

of the firm and including both the private and public sector, Gallen et al. (2017) find that 2.7 percentage points of the log pay
gap can be explained by sorting in Denmark in the 2000s. I further discuss the sorting of women into the public sector below.
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not change my estimates, but this may be because the assumptions underlying the OP method are not valid

when looking across wide industries. Turning to a by-2-digit industry application of Olley-Pakes does result

in a slightly larger role for selection in some sub-industries. Figure 1 gives a histogram of the difference

between the productivity gap estimated using a translog production function at the 2-digit industry level,

and a specification which adds to this production function the OP "control" for unobserved productivity

which the firm uses when optimizing its factor choices.14 The vast majority of my productivity gap estimates

do not change when adding the OP control. Interestingly, those that do change move both in the positive

and negative direction, suggesting there is some positive sorting of women into more productive firms (this

is especially true in manufacturing sub-industries).

Figure 1: Effect of OP on estimates

This figure shows the difference between estimates of the productivity gap (by 2-digit NACE industry)
with and without the OP control function. Estimates without an OP control function are the coefficients
on female labor efficiency units in a translog (in capital and the sum of male and female labor) production
function which include detailed industry fixed effects. Estimates with an OP control add a fifth-order
polynomial in investment and capital to this production function in order to approximate unobserved
productivity known to the firm at the time it makes its labor and investment choices. The difference
between the coefficients on female labor in these two production functions captures the role of selection of
women into lower TFP-firms in explaining the gap between male and female productivity. I find that in
most industries, there in no meaningful selection (captured by a large mass at 0). If there is selection, it is
not always negative (though it is more often negative). There are 54 unique sub-industries with at least
100 observations in the data.

Implicit in the production function estimated thus far is an assumption that male and female labor are

perfect substitutes. This need not be the case. If firms prefer more equal shares of employees by gender, then
14I also require that the sub-industry have at least 100 observations in the data.
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we can model total labor as the CES aggregation of male and female labor in the firm, with a non-infinite

elasticity of substitution. Table 6 gives the coefficient on female labor under a CES specification for total

labor. There is a decline in the estimated productivity of women relative to men. Intuitively, the first

order condition (which is not used in the estimation) would imply that β should fall when the fraction of

female labor matters to firms: women are more scarce than men in the labor force, yet they are paid less.15

The wage bill estimate of discrimination also falls. The elasticity of substitution between male and female

labor is between 5 and 10, depending on the specification. These fairly large estimates suggest that perfect

substitutes is not an unreasonable assumption. Column 3 or Table 6 imposes the elasticity of substitution

between college educated and non-college educated workers found in Autor et al. (2020) but treats male

and female workers as perfect substitutes. This reduces relative productivity of women compared to men to

0.907, suggesting that assuming perfect substitutes across skill-types gives somewhat conservative estimates

of the productivity gap.

Table 6: Imperfect substitutes: relative productivity of female labor (β) and the
elasticity of substitution (ρ)

(1) (2) (3)
β 0.868 0.872 0.907

(0.008) (0.008) (0.015)
β̃ 1.029

(0.004)
ρ 5.425 5.496 1.62 9.327

(0.089) (0.092) (-) (0.264)

N 852,729 852,729 852,729 714,254
Industry specific shares N Y Y Y
Wage bill N N N Y

This table gives estimates of β, the coefficient on female efficiency units in the
translog production function regression (4) allowing total labor to be a CES combi-
nation of male and female efficiency units, where ρ is the elasticity of substitution
between male and female labor. Column 3, in contrast to 1 and 2, estimates labor
as a CES combination of college and less-than-college educated labor, where the
elasticity of substitution is 1.62 as in Autor et al. (2020), while maintaining the
assumption of perfect substitutes between male and female labor. All regressions
include 2-digit industry fixed effects and columns 2 and 3 allow the coefficients on
labor and capital to vary at the 1-digit industry level. Standard errors are boot-
strapped (50 samples) at the person level to account for estimation error in forming
predicted efficiency units and then, for each estimate of efficiency units cluster boot-
strapped at the firm-level in the production function estimation step.

Next, I explore the source of the gap in productivity between men and women. The literature finds that

15The FOC is β

(
L
f
jt

Lmjt

)− 1
ρ

=
w
f
t

wmt
.
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the wage gap increases over a woman’s life-cycle, markedly rising when she has children, and falling again

only after mid-life (Kleven et al. (2019), Goldin (2014)). If mothers take more time off work to care for

children (even in ways not measured by register data on hours worked) then we would expect this group to

be driving up the productivity gap. If the productivity gap is instead driven by innate differences between

men and women, some other factors correlated with gender, or mis-measurement, it would show up both for

mothers and for non-mothers. I find that the productivity gap is driven only by mothers. Women without

children are as productive as their male counterparts. I expand on this result in the next section.

4.2 Motherhood

Bertrand et al. (2010) find that in a sample of recent US MBA recipients, the gender gap in career disruptions

and female preference for shorter work hours was driven largely by mothers. In Denmark, recent work by

Kleven et al. (2019) has argued that much of the Danish wage gap occurs with motherhood. Relative to other

potential determinants of the gender wage gap, such as educational attainment, motherhood has explained

a larger and larger share of the gender wage gap over time. While the presence of children could explain

40 percent of the gender earnings gap in 1980, children could explain 80 percent of the gap in 2011. The

"child-penalty" comes in the form of (roughly equally) lower labor force participation of mothers, fewer

hours of work for mothers, and lower wage rates for mothers. In my sample, I consider only mothers who

have selected into work and those who are working in industries with good output data, notably excluding

the public sector. In these data, motherhood explains less of the earnings gap—women with children are

paid 85 cents on the dollar and women without children are paid 90 cents on the dollar compared to men

without children. Nonetheless, mothers face the largest earnings gap. This paper is the first to study whether

motherhood also affects the difference between earnings and productivity.

Register data makes it possible to incorporate whether or not a worker has a child into the estimates of

relative productivity. In Figure 2 I plot the wage gap, measured using a wage regression of log earnings on

a quadratic in experience, education dummies, industry, occupation, and hours fixed effects, as well as the

interaction of parenthood, gender, and age categories in three year intervals. For each age category, I plot

the pay of mothers, and women without children relative to men. As expected, the wage gap is largest for

mothers. Figure 3 plots the productivity gap for mothers and women without children relative to men (the

productivity analogue of Figure 2). As women move past childbearing age, both the residual productivity

and pay of mothers and non-mothers converge.16 However, when women are in their prime childbearing

years, mothers are substantially less productive than non-mothers, while non-mothers and men have similar
16Note that there are cohort effects which I do not control for in wage regressions. Older mothers and non-mothers in the

sample are from a different cohort than younger mothers and non-mothers. This is not a lifecycle analysis because the level of
observation for productivity calculations is the firm, not an individual worker. I discuss composition extensively below.
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productivity, and if anything women without children are more productive than men.17 This is not true of

wages: in all age brackets women’s wages are lower than men’s wages. This exercise raises two important

questions: why are mothers less productive? Why are women without children underpaid?

Figure 2: Wage gap by motherhood and age

This figure shows the relative wages of women without children compared to men without children of the
same age, as well as mothers and fathers compared to men without children of the same age. Relative
wages are measured using a wage regression with 2 digit industry fixed effects, 3 education fixed effects, a
quadratic in experience, and year fixed effects. For each age category, I normalize the wages relative to
those of men without children of the same age.

In the section below, I discuss the potential sources of and interpretation of the motherhood productivity

gap. Before doing this, it is important to note the fact that mothers’ pay is aligned with their relative

productivity does not imply that there is no discrimination. Suppose, for example, that an accounting firm

never promotes a woman with children from a junior role in which she examines accounts to a more senior

role where she also recruits new clients. In this case we may see that pay and productivity are aligned but

there is discrimination in the form of the glass ceiling. This paper focuses on estimating whether women are

underpaid for the work that they are doing, however, discrimination may exist in many other forms in the

labor market, including the segregation that we see in the glass ceiling example. After discussing the lower
17I can also separate men by whether they have children. If I do this, I find that non-mothers are approximately as productive

as fathers, and somewhat more productive than men without children (see Appendix Figure C1). This may reflect selection of
men into fatherhood and subsequent household specialization.
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Figure 3: Productivity gap by motherhood and age

This figure shows the relative productivity of women without children compared to men without children of
the same age, as well as mothers and fathers compared to men without children of the same age. Relative
productivity is measured using the baseline translog production function with industry specific shares and
fixed effects, and the baseline specification for efficiency units but omitting age from the efficiency units. I
model efficiency units of the interaction of 12 age bins and 4 gender/parenthood categories as perfect
substitutes.

productivity of mothers compared to non-mothers, I turn to the question of why women without children

are underpaid. I document sorting around motherhood, but develop a procedure to test the robustness of

my estimates to a reasonable (empirically motivated) degree of selection of mothers into lower productivity

firms.

Sorting and selection into work after motherhood

One straightforward check of whether mothers sort into different firms than non-mothers is to check whether

mothers work in firms with lower average pay premiums, or firm fixed effects from an AKM decomposition

(5). I obtain a firm pay premium associated with each firm. When I regress the firm pay premium on an

indicator for whether the worker is a mother, within the sample of female employees. I find that on average

the firm pay premium difference for mothers vs. non-mothers is 0.021, meaning that the average mother is

working in a firm with a higher pay premium (by two percent) than the average non-mother. One worry
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with this is that it reflects the fact that the typical woman is a mother longer than she is a non-mother in

the data and that the average pay premium tends to rise with age. I next study differences in the firm pay

premiums around motherhood by estimating event studies around motherhood, controlling for the worker’s

age and the year.

To do this, I begin with an event study as in Kleven et al. (2019) who examine the evolution of wages,

employment, and earnings around motherhood for Danish women. This methodology compares women who

gave birth at different times in their life, but who are the same age in the same year to identify the impact

of motherhood:

yit =

10∑
s=−5

δs1{s = t−Mit}+
∑
a

αa1{Ait = a}+ γt + εit (7)

where Ait is the age of individual i in year t so that αa are age fixed effects, γt are year fixed effects, and δs

are event time fixed effects, where the event of interest is the birth of a woman’s first child. Mit is the year

of birth of the first child. The coefficients of interest δs measure the difference in the outcome y for women

who had children s years ago, relative to a counterfactual of not having children constructed from women

of the same age who have not yet had children. The coefficients are interpreted relative to the level of this

difference in an omitted year (here, event year t− 1).

To study the types of firms women work at around motherhood, I use equation (7) where the outcome

variable is firm fixed effects from an AKM decomposition (5). Figure 4 plots the coefficients δs (the triangles).

One worry with the basic event study which regresses firm pay premia on event dummies (years since first

birth fixed effects), as well as age fixed effects and year fixed effects, is that a causal interpretation requires

that we assume women have children arrive exogenously, conditional on age and year. One might argue that

this is implausible, and in fact the pre-trends in the figure above are evidence against such an assumption.

To deal with this concern, we might include individual fixed effects. In this case, a causal interpretation

requires only that we assume that children arrive randomly within women of a certain type summarized by

individual fixed effects, conditional on age and year. However, adding individual fixed effects means that

we cannot separately identify age and year trends from event-time trends without additionally assuming

something about the event-time trends (Borusyak et al., 2021). In this case, we must impose flat pre-trends

(or something equally restrictive). When we do this, we obtain the circle event-study shown in Figure

4. Again, to the extent that pre-trends are not flat and in fact look like the diamond line in the more

parsimonious specification, by imposing flat pre-trends we effectively rotate down the post-event estimates.

When we do this we see that women do seem to be sorting into lower pay firms after becoming mothers,

and increasingly so as their children age. The average implied difference using these estimates is about five

percent lower pay for mothers relative to others.
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Figure 4: Firm premiums around childbirth

This figure displays the fixed effects δs from regression (7) in diamonds, and adding individual fixed effects
and additionally constraining the pre-period not to have trends in diamonds.

Another important question arises when thinking about sorting around motherhood: do women move

out of the data after becoming mothers? I next change the outcome variable to be an indicator of working

in the private sector and in particular, working in the industries used in the production function estimation.

The event-time coefficients are plotted in Figure 5. We see that relative to the year before giving birth,

women are about two percentage points less likely to be working in the private sector after they become

mothers, and are moving into the public sector at a fairly constant rate in the years before giving birth.

However, those who shifted from private to public sector within 2 years of child’s birth had about one-tenth

a standard deviation less education and made about ten thousand dollars less in earnings than those who

stayed in the private sector, controlling for age and year, so this selection out of the data is likely negative.

Why do the cross-sectional estimates differ from the event-study estimates with individual fixed effects,

and which are most relevant for interpreting the productivity gap estimates? The effect of individual fixed

effects on estimates combined with the result that mothers move into the public sector imply that women who

stay in the private sector after motherhood are working in relatively higher pay firms, but that motherhood
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Figure 5: Probability of working in the private sector around childbirth

This figure displays the fixed effects δs from regression (7) where the outcome is an indicator of working in
the private sector.

does lead this positively selected group of women into lower-pay firms. These results suggest that had all

women who work in the private sector before becoming mothers stayed in the private sector after becoming

mothers, we would expect the relative productivity of mothers to be even lower than the estimates in Figure

3.

Unfortunately, understanding the role of sorting around motherhood is challenging because firm produc-

tivity is difficult to measure. Firm fixed effects in an AKM decomposition may reflect more than productivity

differences and need not be correlated with productivity, due to differences in compensating differentials and

amenities across firms, for example. The OP control function approach controls more directly for TFP,

without relying on wages. Adding this control function does not change estimates of the productivity gap for

mothers compared to non-mothers, but this approach relies on a long series of assumptions which I catalogue

in Appendix A. Doubts about the degree of sorting among mothers to lower-productivity firms may remain.

To address these doubts, I conduct an exercise to provide reasonable bounds the effect of such sorting on

my estimates of the productivity gap.

If mothers sort into less productive firms, how much of the estimated productivity gap reflects this sorting

and how much is explained by differences in the effect of mothers on production at a given firm? To answer
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this question, we must know how much sorting there is—what is the average difference in TFP in firms where

mothers work compared to others? Without directly accounting for sorting, the error term in the production

function estimation is correlated with fracF,c, the fraction of employees who are mothers at the firm. If we

are willing to put some structure on this error term and assume that it includes a term γfracF,c, then we can

re-estimate the production function to include this term γfracF,c. We can calibrate the coefficient γ until the

residual from the production function (log TFP) differs on average between mothers and other employees by

the amount of known sorting. In many situations where unobservables bias estimated coefficients, a similar

adjustment is not possible because we also do not have any way of bounding the role of unobservables. In

this situation, the AKM decomposition above does suggest a bound. If we attribute all of the difference

in the firm fixed effects from estimation of AKM equation (5) to differences in log TFP and assumed that

there were no compensating differentials generating firm level wage premiums, and additionally assume that

these differences are identified using the event-study approach described above, then the estimates from the

event-study exercise with firm fixed effects as outcome variables imply that mothers work in firms which are

five percent less productive than women without children.18

I calibrate γ such that when I assign each individual the log TFP of the firm where they work, the

average difference in this variable between mothers and the rest of the population is equal to the five percent

difference in firm pay premiums after women become mothers. The results of this exercise are in Table 7.

The first column give the baseline estimate of the relative productivity of women without children βF,nc

and mothers βF,c relative to men. The second column gives the estimate controlling for selection using

the OP control function approach. The final column gives the estimates using my approach of calibrating

unobserved selection to the AKM estimation of firm effects in an event study around motherhood. The OP

and baseline results are similar. In contrast, controlling for γ̂fracF,c in the production function estimation

increases the estimate of the relative productivity of mothers to 0.9, up about nine percentage points from

the main estimates. Note that the increase is mechanical—I’m imposing a negative relationship between the

unboserved productivity and the fraction of mothers in the firm. What is notable about the results of this

exercise is that the productivity gap does not go away, even assuming substantial sorting of mothers into

less productive firms. And, with the assumption that mothers sort into less productive firms, the estimates

of the productivity gap for non-mothers only slightly changed (even though there is some correlation in
18For a number of reasons, this is likely an upper bound on the degree of sorting. First, compensating differentials in amenities

like schedule flexibility, parental leave, and commute time may attract mothers to firms which pay lower wages, but are attractive
for other reasons (see Sorkin (2017) for some evidence of this). In addition, the assumption of flat pre-trends likely generates
a downward rotation of the event study estimates in the post-period because in the estimation without individual fixed-effects,
the slope in the pre-period is positive. A positive slope is consistent both with having children in response to positive career
shocks, and with a model in which individuals dynamically work harder and save in the years before having children (which acts
as a tax on work). Finally, this is an upper bound to the extent that I do not see any evidence of sorting in the cross-section
using the AKM decomposition, only within-person over time. However, the cross-sectional correlations are what create bias in
the production function estimation.
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the types of firms where they work). These results suggest that when a reasonable degree of sorting by

mothers into less productive firms is incorporated into estimation, the remaining gap between mothers and

men in productivity is ten percent, still a sizable difference in the output generated by one efficiency unit

of mother’s labor relative to men’s labor, or the labor of women without children. Overall, these estimates

suggest that an empirically-motivated sorting by mothers into less productive firms does not completely

explain the motherhood productivity gap.

Table 7: Effect of sorting of mothers into lower productivity
firms on estimates

Baseline OP Simulation with negative
sorting of mothers

βF,nc 1.228 1.239 1.218
(0.014) (0.015) (0.014)

βF,c 0.811 0.802 0.900
(0.008) (0.009) (0.008)

Model target: TFP
F,c

i − TFPM ;F,nc

i = −0.05

This table gives the results of a simulation of the bias that sorting
would induce in the estimates of the motherhood productivity
gap, were such sorting summarized by a linear relationship with
coefficient γ between the fraction of employees at a firm who are
mothers, fracF,c, and the error term in the production function
estimation of (4). γ̂ = −0.075.

Motherhood and amenities

If mothers have strong preferences for the location of their job (near home) or the hours that they work, we

would expect that their wages alone do not reflect their value in production. Instead, their total compensation

would include, for example, the ability to set their own schedule or to walk to work. In general, the results

in this paper are likely an underestimate of the difference between pay and productivity for mothers. If we

are not including some valuable amenities in the calculation of compensation, then mothers may actually be

overpaid relative to their productivity. And in some of these amenities are costly for the firm to provide,

in terms of productivity, then this may in part explain the motherhood productivity gap. The true gap

depends on how much wage women give up in equilibrium in order to access valuable amenities. This is an

open question, though some studies have documented that women with children are willing to accept wage

cuts in order to access amenities (Wiswall and Zafar, 2017; Mas and Pallais, 2017).

One channel through which motherhood may affect productivity is a flexibility penalty described in

Goldin (2014). Adams-Prassl (2023) studies Amazon Mechanical Turk workers and finds that the gender
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earnings gap of 20 percent is not explained by task selection or worker experience, but rather by work

interruptions which are most common among women with young children. Mas and Pallais (2017) find that

women working in call centers are willing to receive lower wages in order to obtain schedules which are

not set on short notice by employers. Goldin (2014) argues that mothers would like to avoid jobs in which

they must be available on short notice to deal with client needs, or jobs with tight deadlines, as these are

incompatible with the demands of childrearing for most families. When I estimate equation (6) to obtain

occupation-level estimates of the gender productivity gap, point estimates suggest a larger productivity gap

in those occupations more attractive to mothers (comparing "Flexible" to "Inflexible" occupation groups

in Table 8), though the differences are not significant from one another. This difference is likely driven by

sorting of mothers into more flexible occupations: Appendix Table D6 studies the motherhood productivity

gap and finds no relationship with flexibility, though again the estimates are noisy. Table 8 also suggest that

the productivity gap is larger in those jobs where men typically work more than fulltime hours, while the

productivity gap is similar for mostly male and mostly female occupations.19

19Unfortunately, when zooming in on the three-digit level, estimates of the motherhood productivity gap in some occupations
become very noisy. Appendix Table D6 documents the relationship between the motherhood productivity gap and occupation
characteristics, as well as the productivity gap for women without children. The latter is not sensitive to outliers, but the
motherhood gap is sensitive to outliers. Results should be interpreted very cautiously.
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Aggregating up to larger industry/occupation groupings and assuming perfect substitutes as in the main

specification (4) increases precision. Table 9 reports the results of estimating the productivity gap for mothers

by two digit industry. The relationship between the wage gap and the productivity gap for mothers is very

strong in all industries other than construction: in real estate and renting, other services, wholesale and

retail trade, and manufacturing, the wage gap (generally close to 20 percent) is within two percentage points

of the productivity gap.20 These industries differ substantially in the fraction female, and in the type of

work performed by women relative to men. Despite this, the motherhood productivity gap is large, while

women without children are everywhere more productive than men. In addition, the difference between pay

and productivity of non-mothers is around ten times higher than that for non-mothers.

Table 9: Gender productivity gap by industry and parenthood

Accom./food Constr. Manuf. W/R trade Other serv. Real est.

Female, no children 1.231 1.127 1.043 1.135 1.160 1.075
(0.015) (0.042) (0.038) (0.031) (0.074) (0.082)
[0.926] [0.794] [0.839] [0.886] [0.906] [0.879]

Female, children 0.852 0.881 0.846 0.813 0.829 0.834
(0.009) (0.021) (0.020) (0.017) (0.047) (0.045)
[0.828] [0.815] [0.831] [0.811] [0.848] [0.830]

N 298,370 135,808 72,000 69,215 11,799 18,920
R2 0.770 0.819 0.848 0.704 0.600 0.7470

This table gives estimates of β, the coefficient on the category of efficiency units listed in the first
column in a translog production function where the labor of men, women with children, and women
without children are treated as perfect substitutes. Standard errors are in parentheses. Relative
wages, residual of the same factors which enter efficiency units estimation, are in brackets. Both
relative wages and relative productivity are compared to an omitted category of all men. Across
industries, relative wages and relative productivity line up nearly perfectly for mothers, but are
unrelated for non-mothers.

It is also possible to disaggregate β by occupation at a more broad level: Table 10 reports the results of

production function estimation in (4) when labor is given by

Ljt =
∑
o∈O

βo
F,cÊ

o
j(t),F,c + βo

F,ncÊ
o
j(t),F,nc + βo

M Ê
o
j(t),M

where Êj(t),· are the sum of efficiency units in firm j estimated excluding occupation fixed effects in category

20Gender preferences can translate to differences in wages directly via compensating differentials: when risk-taking, physical
and otherwise is rewarded and women shy away from risky jobs, they will on average by paid less than men.

33



·, where these categories are female with children, female without children, and male, respectively.21 The

set of occupations O is management; jobs requires knowledge at the highest level (from school teachers to

researchers); jobs requires knowledge at the medium level, such as information technology workers; office

jobs; sales, service, and care jobs; craftsman jobs; blue collar jobs; military jobs; and agriculture, forestry,

fishing requiring basic level knowledge; large heterogenous categories unknown; and other.22

21The role of discrimination and performance for high-level workers has been studied recently using a Norwegian policy change
that forced firms to increase the number of women on their boards to 40 percent. Matsa and Miller (2013) find that firms that
increased the number of women on their board in response to this policy change had fewer layoffs than comparison firms in
Sweden. This increased their labor costs and reduced short-term profits. This suggests that women at high levels in a company
(or the boards that picked them) do have different preferences and management styles than men, on average. It’s difficult to
generalize the results of this policy change since the women who were newly put on boards differed significantly on observables
from women already on boards, as did their companies. It’s also not clear that the policy had any long-run effect on the gender
wage gap. In recent work, Bertrand et al. (2018) find that this reform did not affect the probability that women enrolled in
business programs, changed relative female wages, or affected women’s fertility and marital decisions, even though the policy
change was tangible and women knew that they would be more likely to be put on a company board in the future.

22In estimation, βM for the category "unknown" is restricted to be one (so all estimates are productivity relative to men in
occupations unknown).
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Table 10: Gender productivity gap by occupation and parenthood

M HS MS WC S C LS

βo
F,nc/β

o
M 1.045 1.154 1.240 0.992 1.073 1.129 0.744

(0.111) (0.036) (0.030) (0.019) (0.022) (0.036) (0.067)
[0.803] [0.888] [0.834] [0.909] [0.935] [0.884] [0.877]

βo
F,c/β

o
M 0.940 0.816 0.867 0.753 0.552 0.907 0.570

(0.048) (0.020) (0.014) (0.010) (0.013) (0.022) (0.025)
[0.752] [0.858] [0.791] [0.865] [0.827] [0.874] [0.870]

N individuals 509,790 1,138,811 2,007,428 1,560,069 1,581,954 2,433,454 1,520,541

This table gives the ratio of relative productivity coefficients by occupation. The first row of
coefficients is the relative productivity of women without children relative to men and the second
row of coefficients is the relative productivity of women with children compared to men in the same
occupation (o). o is one of the 11 occupations described below modeled as perfect substitutes in
a translog production function. Bootstrapped standard errors are in parentheses. Relative wages,
residual of the same factors which enter efficiency units estimation, are in brackets.
Occupation codes: M = Management at the highest level, HS = Job req. knowledge at the highest
level (from school teachers to researchers), MS = Job req. knowledge at the medium level (e.g.
information technology workers), WC = Office jobs, S = Sales/Service/Care, C = Craftsman jobs,
LS = Blue collar jobs. Occupation data is only available for a person’s main job. About 30 thousand
person-year observations list the primary job as military and another 30 thousand in the category
agriculture, forestry, fishing requiring basic level knowledge, the estimates for these productivity
gaps are in Appendix Table D3, along with large heterogenous categories unknown and other.

The relative productivity of women without children is everywhere higher than that of women with

children, and generally higher than the productivity of men in the same occupation. However, women seem

to be substantially less productive than men in low skilled jobs, without commensurately lower pay. These

are jobs in which union contracts have the largest influence on wages and retention, which may explain why

women appear to be so dramatically over-compensated. Women without children are in every occupation

paid less than their relative productivity, while women with children are generally (but not everywhere) over

paid.

Why are women without children underpaid?

Why are women without children underpaid? One possibility is that women without children work in different

types of jobs or firms than mothers, and this sorting, rather than motherhood itself, drives the relationships

we observe. The age-decomposition by parenthood in Figure 3 suggests that women’s productivity declines

substantially when they have children. Selection is part of this story, as discussed above. Many women

leave the private sector when they have children in Denmark (see Figure 5 and Pertold-Gebicka et al.
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(2016)). Those who shifted from private to public sector within two years of child’s birth had about one-

tenth a standard deviation less education and made about ten thousand dollars less in earnings than those

who stayed in the private sector, controlling for age and year. Even controlling for a potential preference

among mothers for lower-productivity firms, this suggests that the gap in Table 7 is a lower bound of the

true productivity gap between mothers and non-mothers, since mothers remaining in the private sector are

positively selected.

Another possibility is that when hiring women without children, employers expect these women to become

mothers soon.23 The employer then smooths the worker’s wage contract in anticipation of motherhood. This

may also arise as a preference of workers: for example, those who anticipate reducing their hours substantially

after having children may prefer contracts which smooth wages to contracts reflecting child-related reductions

in hours. Or, more simply, they may avoid asking an employer for a raise right before having children. A

final possibility which I consider empirically is a type of reverse causality, in which women who are underpaid

avoid having children.

I find evidence consistent with the smoothing of contracts around motherhood: women without children

who look most like mothers and who will soon become mothers, as well as women working in occupations

with longer average within-firm tenure, experience the largest gaps between pay and productivity. I find

no evidence for reverse causality by examining the pay and productivity gaps for women who never have

children. For these women, pay is aligned with productivity.

Is this type of statistical discrimination a reasonable explanation of the gap between wages and produc-

tivity? The probability of having a child at age 30 is 13.8 percent in Denmark. Fertility rates are similarly

high for all the prime child-bearing years. Suppose, for the purpose of this example, that the length of a

wage contract is 4 years. Then employers would want to pay a 28 year old woman 7 percent less than a

man because of risk of childbirth. In other words, taking into account childbearing probabilities, the ex-

pected productivity of a 28 year old non-mother over the next four years is seven percent less than her male

counterpart’s.

I present three indirect tests of this hypothesis. First, I test whether the difference between the wage and

productivity gap (underpayment) is larger for women who are on the verge of having children. If employers

are able to somehow predict future childbearing and use this prediction to inform wages even for women

without children, then we would expect to see a larger gap between pay and productivity for women who
23The employer may also anticipate that some women are likely to go on parental leave and parental leave is costly for the firm.

Even though in Denmark, the direct costs of leave are paid by the government, not firms, firms may still face re-optimization
frictions when a worker takes leave. For some evidence of this see Gallen (2018) in Denmark and Ginja et al. (2023) in Sweden.
Mothers, however, are also quite likely to take parental leave (due to having a second or higher parity child) so this is unlikely
to be the driver of the underpayment of women without children, since I don’t find evidence that mothers in this age range are
underpaid.
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are going to have children in the near future relative to women who are not going to have children in the

near future. Of course, some part of this is endogenous: women who are underpaid or don’t feel appreciated

by their employer may decide to have children. I next test whether purely based on observables, women

who look most like mothers (who employers also might guess are the most likely to soon become mothers)

are underpaid. If characteristics of mothers generated differences between pay and productivity, then we’d

expect this group of women to have compensation fairly in line with their productivity, as mothers do.

However, if these characteristics allow employers to predict their future propensity to have children, and

employers use these characteristics to smooth wages, then we would expect large differences between pay

and productivity for these women. Finally, this explanation only makes sense if women stay with the same

employer for a long period of time. I test whether the gap between pay and productivity for women without

children is largest in occupations with typically long same-firm tenure among men.

All of these tests point in the same direction, that the largest gaps between pay and productivity come

in prime childbearing years for women who are most likely to have children. Figure 6 plots the difference

between the pay gap (relative to same-age men) and the productivity gap (relative to same-age men) for

five groups of women: mothers, estimates combining Figures 3 and 2; women without children who will

not have children soon ("No Children") and women without children who will have children in the next

three years ("Children Soon"), estimated from a production function which takes these women as perfect

substitutes with men and mothers and estimates gaps separately for each group; women who are the top

25 percent most likely to have children among childless women based on observables (see figure notes for

details), estimated from a production function which takes these women as perfect substitutes with men,

women who are not predicted to have children soon, and mothers estimating gaps separately for all of these

groups by age; and a final group of women, labeled "Never," who do not have children at any point in the

administrative data. The estimates for this last group women who will not go on to have children later come

from a production function estimation using only the first year of data, since for this group I have the most

information about subsequent fertility. In this data, women who are 24 will be known not to have children

by the time they are 35 and women who are 35 will be known not to have children by the time they are

46. This means the younger women in the sample have not quite reached the end of their fertility window

and some women in this group may be mis-labeled as never having children. The only group of women for

whom zero—indicating no underpayment—is included in the 95 percent confidence interval are mothers and

women who will not go on to have children in the future. Women who will have children soon have larger

gaps between pay and productivity compared to women who will not have children soon. Finally, women

who look most like future mothers based on observables have the gaps between pay and productivity which

are similar to other non-mothers, especially those who will have children soon, and dissimilar from mothers.
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The fact that women who look like future mothers have pay-productivity gaps as large as actual future

mothers seems most consistent with a model in which employers statistically discriminate in wage offers, and

not that women who are about to have children avoid asking for pay commensurate with productivity, but

standard errors are wide enough that I can’t rule out the latter possibility.

Figure 6: Pay relative to productivity gaps across groups

This figure shows the pay gap minus the productivity gap for various groups of women in four age bins
(covering the twelve years during which women in the data are most likely to have first children within
three years conditional on not having children yet). The first group is mothers, estimated as described in
Figures 2 and 3. Estimates for the second and third group, labeled "No Children" and "Children Soon"
come from a model similar to what is in Figures 3 but with women without children split further into those
who will have children within three years ("Children Soon") and those who will not ("No Children"). The
fourth group, labeled "Predicted," are estimates from a model where women without children are split into
those who are in the top quartile of those predicted to have children soon based on observables. This
prediction is from a probit for the probability of having children within three years on income, age fixed
effects, a quadratic in experience, industry fixed effects, marital/cohabitation status, education, and
occupation fixed effects. Finally, the last group gives estimates from a model of firm output in 2000 only
(the earliest year) in which women without children are split into those who will not have children by the
last year in the data and those who will. The 24-26 bin should be interpreted cautiously for this group as
fertility is only observed for 11 years, so some women who have children after 35 in this group are
mislabeled (and this may explain part of the reason that this observation is an outlier). In all cases, I
model efficiency units of the interaction of 12 age bins and 4 gender/parenthood categories as perfect
substitutes with one another and with men.

Table 11 next turns to variation in average tenure at the firm across occupations to test whether women
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who work in jobs which typically involve longer relationships with a single employer experience lower wages

before they have children, conditional on productivity. I find that this is indeed the case, women without

children who have the same relative productivity have a 2.5 percentage point lower wage when they work at

a firm which has one year longer average tenure.24 This remains true when controlling for other potentially

important characteristics of the occupation, such as the fraction male, the average hours worked by men,

and the flexibility of the occupation. Interestingly, none of these other characteristics are associated with

any additional wage penalty for women without children.

Table 11: Wage gap for women with no children by occupation
characteristics

(1) (2) (3) (4) (5)

βF,nc 0.014 -0.023 0.044 0.021 -0.015
(0.040) (0.044) (0.052) (0.050) (0.060)

Fraction male 0.000 0.049
(0.062) (0.097)

Average tenure -0.025 -0.027
(0.010) (0.014)

Log average hours -0.104 0.083
(0.134) (0.173)

Flexibility index -0.033 -0.018
(0.025) (0.030)

Number of occupations 120 115 98 96 93

Note: This table displays the results of a regression of occupation-specific
measures of (1) the fraction of the occupation which is male in the Danish
administrative data used in this paper, (2) the average tenure at a given firm
of men in the occupation in the Danish administrative data used in this paper
(3) the log of average hours worked in the occupation in the ACS, replicated
from Erosa et al. (2022) and matched to Danish occupation codes following
Humlum & Meyer (2020), (4) the flexibility index based on Goldin (2014) and
extended in Bang (2021) and applied to Danish occupation codes/population
distributions. Column (5) includes all occupation characteristics simultane-
ously. Regressions are weighted according to the precision (inverse of the stan-
dard error squared) of the estimate of the productivity gap, βF,nc, which is
also included in all regressions.

24As in Table 8, lower tunover/high average tenure is associated with larger productivity gaps. Tenure is measured using the
sample of male employees. I take average years of employment by men at a given firm, by 3 digit ISCO. The data restrictions
imply I can only observe a top-coded measure of tenure for workers who stay at the same firm for the entire observation window,
but only 4.7 percent of observations are affected by this restriction. There are meaningful differences in average tenure of men
even within broader occupation groups. For example, in low-skilled work and restricting to men, ISCO code 932—manufacturing
laborers—have 4.72 years of tenure while 913—domestic and related helpers, cleaners, and launderers—have 2.7 years of average
tenure at a given firm.
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5 Conclusion

This paper presented estimates of the relative productivity of men and women, accounting for age, education,

experience, occupation, and hours worked. Overall, I find that the productivity of women is about 8 percent

lower than men, controlling for age, education, experience, and hours worked. This implies that productivity

differences explains just under two-thirds of the residual gender pay gap. This productivity difference may

arise from differences in the effort, extra (undocumented) hours worked, or effectiveness of men relative to

women.

While on average, the pay gap is quite close to the productivity gap, this is not true over all of the lifecycle.

In particular, women without children are estimated to be as productive if not more productive than men

without children, but they are paid less than these men. Mothers, on the other hand, are substantially less

productive than fathers and are paid commensurate with this productivity gap. The data are consistent with

a statistical discrimination mechanism: the gap between productivity and pay for women who are going to

have children soon relative to women who are not going to have children soon is significantly larger than the

same difference for men, and larger in those occupations with longer average tenure of workers.

The results reported above are generally robust to various different specifications of a firms quan-

tity/quality of labor. The baseline estimate uses an efficiency units approach which predicts returns to

various observables (potentially correlated with gender) using the relationship between men’s wages and the

observables. Another method is to use the wage bill to represent labor quality, assuming that higher wages

correspond to higher labor quality. To deal with the concern that wages respond to productivity shocks, the

AKM-efficiency units method uses person fixed effects from a wage decomposition to represent labor quality.

Finally, the Hellerstein et al. (1999) approach estimates the relative productivity of various observables di-

rectly as inputs in the production function. All of these methods give similar results, despite making different

assumptions about the transformation of observables differences in productive characteristics to wages. The

results are also robust to using more detailed wage and hours measures (which exist only from 2008 onward

and are robust to controlling for the potential role of sorting by women into less productive firms. Finally,

the general pattern that women without children are as productive as men, while mothers are substantially

less productive holds across industries and occupations.

Like the wage approach, the productivity approach in this paper implies that motherhood is central to

the discussion of the gender pay gap. However, while differences in pay between men and women are largest

for mothers, I find that differences in pay which cannot be explained by productivity are largest for women

without children. The factors driving the gap between the pay and productivity of women without children

(preferences, discrimination, occupation sorting) is an interesting avenue for future research.
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A Model appendix

Assumptions underlying the Olley-Pakes control function approach to the selection problem:

Assumption 1 : Factor prices are constant across firms

The assumption that factor prices are constant across firms allows us to infer that firms which choose

different levels of investment do so because they predict that their TFP will differ in the next period. If

firms face different labor prices, particularly by gender, then β may still biased due to unobservables (factor

prices). In Denmark this assumption is not particularly offensive, since wages are set in no small part by

collective bargaining and generally are compressed relative to the US.

Assumption 2 : Labor is a non-dynamic input

This assumption would be unreasonable in countries where it was difficult to re-adjust the labor force

every year. Denmark, however, prides itself on a "Flexicurity" system. This is the combination of a very

flexible labor market—it’s very easy to fire and hire workers in Denmark—combined with a secure safety

net in the case of unemployment. In Denmark and the US, just over 25% of employees are new hires in each

year, and about 25% separated from their employer in the same period. In Norway, these rates are closer

to 17%. In Italy, they are about 15% (OECD, 2010). See Appendix Figure A1 for a graph of cross-country

separation and hiring data.

48



Figure A1: Separation rates and hiring rates across countries

This figure is directly replicated from OECD data on relative workforce flexibility, OECD (2010) Figure
2.1, see Annex 3.A1. Country averages of reallocation rates expressed in percentage of total dependent

employment and adjusted for industry composition. Austria: 2002-07; Belgium: 2000-07; Canada: 2000-06;
the Czech Republic: 2001-07; Denmark: 2000-06; Finland: 2000-07; France: 2000-06; Germany: 2000-06;
Greece: 2000-05; Hungary: 2000-05; Iceland: 2002-07; Ireland: 2000-05; Italy: 2000-06; the Netherlands:
2000-07; Norway: 2000-04; Poland: 2004-05; Portugal: 2000-06; the Slovak Republic: 2002-06; Slovenia:
2002-07; Spain: 2000-05; Sweden: 2000-06; Switzerland: 2000-07; Turkey: 2007; the United Kingdom:

2000-07; and the United States: 2000-06.

Assumption 3 : Conditional on capital, investment is monotonically increasing in the unobservable ωjt

These assumptions rule out, for example, adjustment costs which differ across firms within an industry.

Scalar investment is given by ijt = it(ωjt, kjt). Pakes (1994, Theorem 27) shows that when i > 0, it(ωt, kt)

is increasing in ω for every k, so that we can invert the investment rule and write ωjt = φ(ijt, kjt).2526

Approximating this investment rule with a flexible, higher-order polynomial in k and I yields the equation

log(Y )jt = at + ψ1 log(L)jt + ψ2kjt + φ(ijt, kjt) + εjt (8)
25Ericson and Pakes (1995) discuss the conditions for this invertibility in equilibrium in more detail.
26The general formation also includes firm age as a state variable, but omitting age does not affect the invertibility in

equilibrium and simplifies the problem, since the relationship between firm age and productivity is not of interest in this paper.
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where φ(ijt, kjt) is a flexible 3rd degree polynomial in i and k. Since labor does not enter the φ polynomial,

the labor share and β are identified simply by running this regression.

Ackerberg et al. (2004) (ACF) note that there is a simultaneity problem if investment and labor are truly

chosen simultaneously—in this case labor demand can be written L(ω, k), problematically. Indeed, if labor

can be written as a flexible polynomial in i and k, then there is perfect collinearity between φ and inputs in

L, making estimated labor coefficients meaningless. ACF suggest a 2-step solution to this problem, as well

as a timing assumption which corrects the problem. In the Danish context and with yearly data, this

timing is not particularly offensive. More formally:

Assumption 4 : Labor is chosen first, then investment is chosen based on an information set correlated

but not collinear with the information used to choose labor.

As suggested by Ackerberg et al. (2004) to eliminate the problem posed if i and labor are chosen based on

exactly the same information set and factor prices do not vary across firms.27 In general, all that is needed

for identification is different adjustment speeds of various factors (see, Bond and Soderbom (2005)).

To estimate capital share, ψ2, we can use the knowledge of ψ1 and β obtained in the first stage to write

log(Y )jt − ψ1 log(L)jt = ajt + ωjt + εjt

Since ω is a first order Markov process, we can decompose it into its expectation given information at time

t− 1, g(ωj,t−1) and a residual, ξjt. In addition, we estimate the combination of capital effects in the first

stage. Let the first stage coefficient on capital be κjt. We now have

log(Y )jt − ψ1 log(L)jt = at + ψ1kjt + g(κj,t−1 − at−1 − ψ2kj,t−1) + ξjt + εjt

This paper is focused on the estimation of β, which is identified in the first stage in the case of firm entry

and exit, measurement error in investment, and lumpy levels of investment (Ackerberg et al., 2007).
27See Ackerberg et al. (2007) for an extensive discussion of OP and alternatives.
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B Data appendix

B.1 Measuring value added

Value added is revenue minus the cost of intermediate inputs. There are changes in the definitions of

variables and the introduction of new variables which make the calculation year-specific. Following

Mortensen et al. (2010):

• From 2000-2001, Y = (OMS +AUER+ADR+DLG+ 0.0079× TGT )− (KRH +KENE +

KLOE + UDHL+ UASI + UDV B + ULOL+ANEU + SEUD)

• From 2002-2003: Y = (OMS +AUER+ADR+DLG)− (KRH +KENE +KLOE + UDHL+

UASI + UDV B + ULOL+ANEU + SEUD)

• From 2004 on: Y = (OMS +AUER+ADR+DLG)− (KV V +KRHE +KENE +KLOE +

UDHL+ UASI + UDV B + ULOL+ANEU + SEUD)

Where
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OMS = Revenue

AUER = Work conducted at own expense and recorded under assets

ADR = Other operating revenue

DLG = Final inventory minus initial inventory

KRH = Cost of intermediates

KENE = Cost of energy

KLOE = Cost of subcontractors

UDHL = Housing rents

UASI = Purchases of minor equipment

OEEU = Other external costs

SEUD = Secondary costs

TGT = Total credits

UDV B = Purchases of temp. agency services

ULOL = Costs of long-term leasing

ANEU = Other external costs, net of secondary costs

KV V = Purchases of good for resale

KRHE = Cost of intermediates

The capital stock is measured as K = AADI +GRBY +ATAM + FMAA where

AADI = Operating equipment and other equipment and facilities

GRBY = Buildings and sites

ATAM = Technical equipment and machinery

FMAA = Pre-paid material fixed assets and material fixed assets under construction
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Table B1: Hours and jobs per person-firm-year-month in eIncome

Entries per Percent of p-f-y-m 25th pctile 50th pctile 75th pctile
p-f-y-m observations hours/month hours/month hours/month

1 98.88% 91 157.61 160.33
2 0.98% 6 22 62
3 0.025% 5 17 51
4+ 0.0015% 3 8 31

This table describes the distribution of number of separate entries an individual
(p) in a given firm (f) in a given year (y) and month (m) has in the eIncome
data. The eIncome register is formed from taking monthly payroll statements which
include occupation, hours worked, and various compensation breakdowns (take-
home pay, adding fringe benefits, adding retirement contributions, etc). Multiple
worker observations within a firm in a month (p-f-y-m) may arise because a worker
changes occupations/job types in a month or has multiple occupations in a given
month in a given firm, or they may arise due to a break in the employment spell
in a month (resumed in the same month). There are a total of 135430660 person-
firm-year-month observations. 98.88% of these have only one record and virtually
all the rest have only two records. These data are used to construct efficiency units
when estimates use the 2008+ sample of firms.

C Appendix figures

53



Figure C1: Productivity gap by parenthood and age

This figure shows the relative productivity of women without children compared to men without children of
the same age, as well as mothers and fathers compared to men without children of the same age. Relative
productivity is measured using the baseline translog production function with industry specific shares and
fixed effects, and the baseline specification for efficiency units but omitting age from the efficiency units. I
model efficiency units of the interaction of 12 age bins and 4 gender/parenthood categories as perfect
substitutes.
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D Appendix tables

Table D1: Efficiency units
estimation

More than high school 0.145

(0.0003)

College 0.434

(0.0004)

Age 0.061

(0.0001)

Age2 -0.001

(0.0000)

Experience 0.021

(0.0001)

Experience2 -0.000

(0.0000)

This table gives the estimated coef-

ficients on education (omitted cate-

gory is high school diploma or less),

a quadratic in age, and a quadratic

in experience. Regressions also in-

clude hours bins interacted with the

fraction of the year worked, occupa-

tion fixed effects at the 3-digit ISCO

level, and year fixed effects. Stan-

dard errors are in parenthesis.
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Table D2: Griliches detail

φF − 1 (female) -0.0482
(0.006)

φR − 1 (married) 0.298
(0.007)

φP − 1 (35-54 year old) 1.038
(0.015)

φO − 1 (55 and older) 0.709
(0.016)

φN − 1 (unskilled laborers) 0.135
(0.013)

φS − 1 (white collar, technical, and sales workers) 0.497
(0.009)

φC − 1 (high skilled workers) 0.565
(0.016)

α1 1.192
(0.011)

α2 0.421
(0.006)

α3 -0.007
(0.000)

α4 -0.089
(0.001)

α5 0.054
(0.002)

This table provides details of estimates using specification (2)
for constructing L in the production function (4).
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Table D3: Gender productivity gap by occupation and parenthood

Agriculture Other Military Unknown occupation

βo
F,nc/β

o
M 0.756 1.008 0.535 1.180

(0.174) (0.036) (0.300) (0.012)
βo
F,c/β

o
M 0.519 0.561 -0.130 0.854

(0.110) (0.019) (0.007) (0.006)

N 37,326 1,720,432 30,207 4,194,407

This table gives the ratio of relative productivity coefficients by occupation for the three omitted
occupation categories in Table 10. These are omitted because the sample size is small and/or the
categories are not informative. The first row of coefficients is the relative productivity of women
without children relative to men and the second row of coefficients is the relative productivity of
women with children compared to men in the same occupation (o). o is the occupation listed in the
column heading and modeled as perfect substitutes in a translog production function with the
occupations in 10. Bootstrapped standard errors are in parentheses.
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Table D4: Means of occupation characteristics

Fraction male Average tenure Log average hours Flexibility index

Mean 0.652 4.832 7.584 -0.010
Standard Deviation 0.236 1.471 0.117 0.711
N occupations 141 134 105 103

This tables summarizes the means and standard deviations of occupation characteristics. In-
cluded are occupation-specific measures of (1) the fraction of the occupation which is male in
the Danish administrative data used in this paper, (2) the average tenure at a given firm of men
in the occupation in the Danish administrative data used in this paper (3) the log of average
hours worked in the occupation in the ACS, replicated from Erosa et al. (2022) and matched to
Danish occupation codes following Humlum & Meyer (2020), (4) the flexibility index based on
Goldin (2014) and extended in Bang (2022) and applied to Danish occupation codes/population
distributions. Observation counts differ when some characteristics cannot be disclosed (cell sizes
are too small, as is the case with average tenure among men), or when there is imperfect linking
across datasets (the second two categories use ACS data translated to Danish ISCO categories).
Regressions using these estimates are weighted by the size of the occupation, as some occupations
are extremely small.
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Table D5: Productivity gap by occupation characteristics

(1) (2) (3) (4) (5)

Fraction male -0.225 -0.251
(0.182) (0.285)

Average tenure -0.039 -0.022
(0.038) (0.061)

Log average hours 0.281 0.479
(0.575) (0.833)

Flexibility index 0.107 0.053
(0.091) (0.122)

Number of occupations 141 134 105 103 100

Note: This table displays the results of a regression of relative productiv-
ity of women (compared to men) within an occupation on occupation-specific
measures of (1) the fraction of the occupation which is male in the Danish
administrative data used in this paper, (2) the average tenure at a given firm
of men in the occupation in the Danish administrative data used in this paper
(3) the log of average hours worked in the occupation in the ACS, replicated
from Erosa et al. (2022) and matched to Danish occupation codes following
Humlum & Meyer (2020), (4) the flexibility index based on Goldin (2014) and
extended in Bang (2022) and applied to Danish occupation codes/population
distributions. Column (5) includes all occupation characteristics simultane-
ously. Regressions are weighted according to the size of the occupation.
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Table D6: Productivity gap for mothers and women without
children, by occupation characteristics

All occupations Excluding outliers
βF,c βF,nc βF,c βF,nc

Fraction male -0.233 -0.298 0.001 -0.265
(0.175) (0.196) (0.135) (0.177)

Average tenure 0.013 -0.078 -0.003 -0.047
(0.038) (0.042) (0.028) (0.039)

Log average hours 0.156 0.712 0.311 0.538
(0.514) (0.576) (0.391) (0.520)

Flexibility index 0.059 0.007 0.048 -0.021
(0.075) (0.084) (0.056) (0.076)

Number of occupations 94 93 78 76

Note: This table displays the results of a regression of the estimated
productivity gap within occupations on occupation-specific measures.
The second row of the table specifies the outcome variable in a given
regression, where βF,c is the productivity gap for women with children
estimated at the occupation level and βF,nc is the productivity gap for
women without children estimated at the occupation level. The first
two rows include all observations, while the second two rows drop out-
liers with extremely high or extremely low estimates of the productivity
gap. The results for mothers are more sensitive to the sample. The
covariates include the fraction of the occupation which is male in the
Danish administrative data used in this paper, the average tenure at a
given firm of men in the occupation in the Danish administrative data
used in this paper, the log of average hours worked in the occupation
in the ACS, replicated from Erosa et al. (2022) and matched to Danish
occupation codes following Humlum & Meyer (2020), and the flexibility
index based on Goldin (2014) and extended in Bang (2022) and applied
to Danish occupation codes/population distributions. Regressions are
weighted according to the size of the occupation.
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