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Abstract
Prior studies show that women are more willing to accept lower wages for shorter commutes than men. We show that gender differences in commuting preferences lead to a gender
wage gap only if there is a wage penalty for shortening commutes, determined by the geography of jobs. We demonstrate this by showing that the commuting and wage gaps are
considerably smaller among workers living near city centers, especially for occupations with a
high geographic concentration of high-wage jobs. We highlight the geography of jobs as a key
force that amplifies the impact of commuting preferences on the gender wage gap.
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Introduction

The U.S. has seen a significant convergence of the gender wage gap since the 1960s. Despite the
immense progress, a sizable gender wage gap remains today. Moreover, conventional factors such
as disparity in human capital can explain little of the remaining wage gap by the 2010s (Blau and
Kahn, 2017). Recent studies examine the role of non-wage amenities, such as temporal flexibility,
in explaining the remaining gender wage gap (Bertrand et al., 2010; Goldin and Katz, 2011; Mas
and Pallais, 2017; Wiswall and Zafar, 2017; Wasserman, 2019). The literature shows that female
workers tend to give up higher wages in exchange for jobs that offer more non-wage amenities,
such as flexible and predictable hours, compared with male workers. Because these amenities often
come with wage penalties, the gender difference in preferences for non-wage amenities could lead
to a gender wage gap (Goldin, 2014).
This paper studies how commute time, as another source of non-wage amenities, contributes
to the gender wage gap. Le Barbanchon et al. (2020) show that women are more likely to give up
higher wages in exchange for a shorter commute than men. This finding highlights commuting as a
potential contributing factor to the gender wage gap. However, we argue that the gender difference
in commuting preferences alone is insufficient in creating a gender wage gap.1 If the wage penalty
for choosing a shorter commute is negligible, no gender wage gap would arise even if commuting
preferences are different by gender. In contrast, if reducing commute time comes with a sizable
wage penalty, while male workers may choose to bear a long commute to avoid the wage penalty,
female workers may choose to give up high-wage jobs for jobs with shorter commute time. We
show that the size of the wage penalty for reducing commute time is a key determinant of the
gender wage gap.
We show that the wage penalty for reducing commute time is determined by the geography
1

The term “preferences” does not imply that the gender difference in commuting preferences is caused by innate

differences in the taste for commuting. The gender difference could be driven by factors such as social norms in the
division of labor within households or the availability of childcare services. This paper does not attempt to dissect the
reasons behind the preferences.
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of jobs and the residential locations of workers. If workers live close to high-wage jobs, they are
unlikely to face a large wage penalty for choosing a nearby job. Thus, differential commuting
preferences by gender may not lead to a gender wage gap. In contrast, if workers live far from
high-wage jobs, they are likely to face a large wage penalty for choosing a shorter commute. Since
women tend to give up far-away high-wage jobs for shorter commutes, the gender difference in
commuting preferences could lead to a gender wage gap.
To illustrate how commuting preferences and the geography of jobs jointly affect the gender
wage gap, we present a job choice model in which workers trade off between wages and commute
time. We assume that workers in different occupations and residential locations face different job
choice sets, defined with a wage-commute space. The wage return to commuting (equivalent to
the wage penalty for reducing commute time) is higher for workers living farther from high-wage
jobs. The wage return to commuting measures how much the highest wage faced by a worker
can increase if the worker chooses to commute longer. The model predicts that given the gender
difference in commuting preferences, higher wage returns to commuting lead to a greater gender
wage gap.
Consistent with the model’s prediction, we document that the gender commute and wage gaps
tend to be smaller for workers living in central cities, where high-wage jobs tend to be concentrated and thus the wage return to commuting is low. In contrast, the gaps tend to be greater for
workers living in the suburbs, where high-wage jobs tend to be farther away and thus the wage
return to commuting is higher. However, an alternative explanation for the spatial difference in
the gender gaps could be spatial sorting—households could sort spatially based on their residential
location preferences, which may be correlated with households’ preferences for commuting and
labor supply. As a result, the observed spatial differences in the gender commute and wage gaps
may stem from the differential location choices of households with different commuting and labor
supply preferences, not from the geography of jobs.
To test the model apart from the sorting explanation, we dig into differences in job locations
across occupations. We show that for workers in occupations with a strong geographic concentra-
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tion of high-wage jobs in central cities (e.g., financial workers), the gender commute gap increases
substantially with the distance of workers’ residences to the central city. In contrast, for workers
in occupations in which high-wage jobs are more evenly distributed across neighborhoods (e.g.,
doctors), such a relationship is weaker or negligible.
To analyze heterogeneity across occupations more generally, we directly measure the wage
return to commuting faced by workers by occupation and residential location, using data on the
spatial distributions of jobs and wages in four selected MSAs. Then for each occupation in each
metropolitan statistical area (MSA), we estimate the linear slope coefficient of how the wage return
to commuting faced by workers varies with the distance of their residences to the central city—a
larger slope implies that high-wage jobs are more concentrated in the central city. With a regression model, we show that for occupations in which the wage return to commuting increases more
sharply with distance to downtown (i.e., the slope coefficient is larger), the gender commute and
wage gaps also increase more substantially with distance to downtown. Because the size of the
slope coefficients is determined by the geography of jobs across occupations, the finding strongly
suggests that the geography of jobs is a determinant of the gender wage gap.
After presenting empirical evidence, we use the job choice model to quantify how much the
residual gender wage gap over time can be attributed to commuting choices. We estimate workers’
disutility of commuting by matching both the elasticities externally drawn from Le Barbanchon
et al. (2020) and the observed moments in the gender commute gap, by marital status, whether
having a child, MSA, and year, taking the estimated wage returns to commuting as given.
The quantified model suggests that differential commuting choices contribute to 29.2% of the
remaining gender wage gap in 2017, increased from 17.4% in 1990, because the gender wage
gap declined more rapidly due to other factors than due to the narrowing gender difference in
commuting choices. Finally, we show that the impact of the differential commuting preferences on
commuting choices and gender wage gap is amplified by the spatial difference in the wage return
to commuting due to the geography of jobs.
We build upon the growing literature that investigates gender differences in the willingness to
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trade off wages for non-wage job attributes and how the differential preferences affect equilibrium
labor market outcomes by gender (Becker, 1985; Cha and Weeden, 2014; Goldin, 2014; Mas and
Pallais, 2017; Wiswall and Zafar, 2017; Cubas et al., 2019). On commuting, Gutierrez (2018)
documents gender differences in commuting patterns in the U.S. and relates such differences to
intra-household earning disparities. Le Barbanchon et al. (2020) use French data on job search
criteria for unemployed workers to show that female workers are more likely to trade off wages for
shorter commutes.
We contribute to the literature by showing that gender differences in commuting preferences do
not necessarily create a gender wage gap if the wage return to commuting faced by workers is low.
We highlight that the wage return to commuting, determined by the geography of jobs and workers,
is another important factor, whereas previous studies—including Le Barbanchon et al. (2020)—do
not feature a spatial analysis. This paper also relates to Bütikofer et al. (2019), who exploit the
opening of a bridge between Malmo, Sweden and Copenhagen, Denmark as an exogenous shock
to the job opportunities of Swedes. They find a significant increase in commuting and wages
of Swedes living close to the bridge, in particular for more-educated men. We generalize their
findings in U.S. cities and explore heterogeneity across occupations. Appendix A1 presents an
extended literature review.
The rest of the paper is organized as follows. Section 2 presents the model. Section 3 describes
the data. Section 4 presents empirical facts that support the model’s predictions. Section 5 analyzes
the role of commuting choices in the gender wage gap using the estimated model. Section 6
concludes.

2

Model

We use a static job choice model to illustrate how commuting preferences and the geography of
jobs can jointly affect the gender wage gap.
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2.1

Job Choice Set

Each worker faces an exogenous job choice set, given the residential location. An available job
consists of two components: commute time and wage (τ, w), where τ is determined by the relative
locations of the worker’s residence and the job.
To highlight the trade-off between wages and commute time, we assume that each worker i
faces a log-linear relationship between wages and commute time of jobs on the job choice set
frontier:

ln(w) = ξi + βi ln(τ − τmin ), τ > τmin ,

(1)

where τmin > 0 is the minimum commute time;2 ξi captures individual productivity and the best
wage offer close to i’s residential location. This specification allows us to summarize the marginal
wage return to commuting with a single parameter βi . We assume βi > 0, which means that a
larger commuting radius increases the maximum attainable wage. Different workers face different
wage returns to commuting, depending on the geography of jobs and their residential locations.
Specifically, suppose high-wage jobs in i’s occupation are concentrated in the central city. Then βi
is likely to be large if i lives in the suburbs and small if i lives close to the central city.

2.2

Worker

Each worker i has an additive utility function:

U (τ, w) = ln(w) − λi τ, λi ≥ 0,

where λi measures the degree to which worker i dislikes commuting relative to lower wages. We
allow λi to differ by gender, λi ∈ {λm , λf }.
2

τmin captures the fixed time cost of commuting faced by each commuter (e.g., going to the garage).
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2.3

Equilibrium Job Choice

Each worker i chooses a job to maximize utility subject to the constraint of job availability:

max U (τ, w)
τ,w

s.t. ln(w) = ξi + βi ln(τ − τmin ).

The first-order condition yields
βi
+ τmin
λi
 
βi
∗
ln(wi ) = ξi + βi ln
.
λi
τi∗ =

To understand how gender differences in λ contribute to the gender commute and wage gaps,
we first consider what happens to the optimal commute time when a worker’s disutility of commuting increases:
βi
∂ ln (τi∗ )
=−
< 0.
∂λi
λi (βi + λi τmin )
If women have higher disutility of commuting than men, the optimal commute time for women is
shorter than that of men. Similarly, the effect of λ on the equilibrium wage is
βi
∂ ln (wi∗ )
= − < 0.
∂λi
λi
However, the magnitude of the effects depends on the wage return to commuting (βi )—if women
have higher λi , the commute and wage gaps will be amplified by the size of βi .
The gender gaps in commute time and wages due to differential preferences can also be ex-
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pressed with a first-order approximation:
βi (λf − λm )
;
λm (βi + λm τmin )
βi (λf − λm )
∗
ln(wm
) − ln(wf∗ ) =
.
λm
∗
) − ln(τf∗ ) =
ln(τm

(2)

Crucially, a higher βi increases both the gender commute and wage gaps.

2.4

Graphical Analysis

We also use graphs to illustrate the intuition of the model. In Figure 1a the upward-sloping curves
represent indifference curves for a representative male and female worker. The indifference curves
are upward sloping because workers prefer higher wages and shorter commutes. Assume λf > λm ,
so the female worker’s indifference curve is steeper than that of the male worker. Suppose they
face the same job choice set. The points below the choice set frontier represent jobs available to
the workers. The slope of the frontier captures the wage return to commuting. The optimal job
choice of a worker is given by the tangent point between the indifference curve and the frontier.
Different slopes of the indifference curves lead to different optimal job choices, and thus a gender
commute and wage gap.
Figure 1b illustrates how the steepness of the job choice set frontier (i.e., the wage return to
commuting) affects the gender commute and wage gaps, holding preferences fixed. Figure 1b
presents a job choice set with a lower wage return to commuting compared with Figure 1a. The
lower wage return to commuting leads to smaller gender commute and wage gaps.

2.5

Empirically Testable Model Implications

The model suggests that the gender commute and wage gaps are determined by gender-specific
preferences for commuting (λm and λf ) and the wage return to commuting faced by workers (βi ).
The magnitude of βi depends on both the residential location of workers and the spatial distribution
of jobs. There are two simple testable predictions of the model:
7

1. The gender wage gap should be spatially correlated with the gender commute gap;
2. The gender gaps should be larger if workers face higher wage returns to commuting.
Prediction 1 can be easily tested with geocoded data on commute time and wages. To test
Prediction 2, we examine the spatial variation in the gender commute and wage gaps, exploiting
the fact that the wage returns to commuting differ for workers living in different locations. Since
high-wage jobs tend to be disproportionately located near city centers, Prediction 2 implies that the
gender gaps should be smaller for workers living near city centers compared with workers living
in the suburbs.
However, testing Prediction 2 based on the gender commute and wage gaps by distance to the
city center alone may cause concern due to potential spatial sorting. Specifically, women’s labor
supply and commuting preferences relative to men’s can be correlated with the households’ residential location preferences. Such correlation could lead to spatial sorting of households between
city centers and the suburbs, and thus spatial differences in the gender commute or wage gaps. If
so, spatial differences in the gender gaps can be driven by women’s unobserved commuting and
labor supply preferences by location, not the geography of jobs.
To test Prediction 2 apart from the sorting explanation, we exploit variation in the location
of jobs across occupations and examine whether differences in the spatial patterns of the gender
commute and wage gaps across occupations are consistent with the geography of high-wage jobs
across occupations.
Because the locations of high-wage jobs are different across occupations, the wage returns
to commuting are likely to differ across workers who hold different occupations. For example,
since high-wage jobs in financial sectors tend to concentrate in the central business districts near
city centers, the wage return to commuting is likely small for financial workers living near city
centers but large for those living in the suburbs. Thus, Prediction 2 suggests that difference in
the gender gaps between city centers and the suburbs should be sizable for financial workers. In
contrast, medical facilities are typically scattered to serve local needs. Hence, the wage return to
commuting for physicians living near city centers is likely similar to those living in the suburbs.
8

Thus, for physicians, the gender gaps should not vary considerably by distance to downtown.
Under the assumption that the degree of spatial sorting by unobserved preferences does not align
with the geography of jobs across occupations, we can test Prediction 2 by examining whether the
spatial patterns of gender gaps across occupations line up with the spatial patterns of the geography
of jobs.
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Data

We use data from two sources. First, we use U.S. Census 5% samples for 1990 and 2000, and
the American Community Survey (ACS) 2005–2009 and 2013–2017 5-year samples, which we
use to study the years around 2010 and 2017, respectively, from the Integrated Public Use Microdata Series (IPUMS) (Ruggles et al., 2019). The data provide individual-level information on
various demographic, socioeconomic, and work characteristics, including self-reported commute
time. The data also provide residential locations at the level of Public Use Microdata Area (PUMA)
and working locations at the level of Place-of-Work PUMA (PWPUMA). We use data on wage and
PWPUMA to measure the spatial wage distribution by working location.
Second, we use the ZIP Codes Business Patterns (ZCBP) for 1994, 2000, 2010, and 2016 from
the U.S. Census Bureau. ZCBP provides the count of business establishments and employment
sizes for each NAICS industry code at the ZIP-Code level. We create a crosswalk between industry
and occupation using ACS, and impute the count of jobs by occupation and ZIP Code.3
We restrict the sample to full-time workers aged from 25–69. Table A1 provides summary
statistics.4
3

Appendix A5 details the construction of the crosswalk and the imputation.

4

A potential concern of using self-reported commute time is that women may be more likely to chain other trips

such as grocery runs with commuting. In Appendix A2, we use the 2017 National Household Travel Survey to show
that including such chained trips does not affect the estimated gender commute gap.
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4

Empirical Evidence for the Model Predictions

4.1

Spatial Patterns of the Gender Commute and Wage Gaps

In this section, we test the model predictions laid out in Section 2.5. We find substantial spatial
variation in the gender gaps within MSAs.5 Figure 2a presents a binned scatter plot of the residual
gender gap in log hourly wage against the residual gender gap in log commute time by residential
PUMA in all MSAs over time, controlling for workers’ observable characteristics and MSA fixed
effects. The result shows that the gender wage gap tends to be larger in locations where the gender
commute gap is larger. Although the overall wage gap saw a dramatic decrease everywhere over
time, its spatial relationship with the commute gap persists throughout the decades, validating
Prediction 1.
We test Prediction 2 by examining whether the gender commute and wage gaps are smaller near
city centers. Figures 2b (2c) presents the binned scatter plot of the residual gender commute (wage)
gap by residential PUMA across all MSAs over time. Consistent with Prediction 2, the results show
that in all years, the commute and wage gaps are smaller for workers living near city centers, who
tend to face smaller wage returns to commuting.6 Appendix A3.1 provides another measure of job
concentration, in addition to distance to downtown. Appendix A3.2 presents regression analysis
corresponding to the binned scatter plots.
As mentioned earlier, the spatial pattern of the gender commute and wage gaps presented in
Figure 2 could alternatively be driven by spatial sorting based on workers’ unobserved commuting
and labor supply preferences. Therefore, to test Prediction 2 apart from the sorting explanation, we
directly measure the wage return to commuting β in equation 1 empirically for each worker based
on the spatial distribution of jobs and test whether the spatial variation in the gender gaps across
5

Figures A1 and A2 plot the residual gender commute and wage gaps by PUMA for 4 major MSAs on maps.

6

Table A2 presents the corresponding regression results. Figures A3 and A4 present similar spatial patterns across

workers by marital status and whether having children. Figures A5 and A6 present the residual gender commute and
wage gaps by distance to downtown in 10 selected MSAs.
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occupations line up with the wage returns to commuting in different occupations.

4.2

Heterogeneity across Occupations: Wage Return to Commuting

4.2.1

Measurement of Wage Return to Commuting

We construct a measure of the wage return to commuting for workers by occupation o and residential PUMA j in a given MSA and year t, denoted by βojt . It is estimated based on the upper frontier
of a simulated job choice set.7 Intuitively, βojt represents the marginal log wage that a worker can
gain by increasing the commute time.

Simulated Job Choice Sets We construct a simulated job choice set for workers of each occupation and residential PUMA. To do so, we combine wage data from the 5% censuses and ACS
and job count from ZCBP separately for each year:
1. We use the wage data to estimate the mean and standard deviation of log wage residuals for
each occupation and job location (PWPUMA).8
2. We combine the empirical distribution of log wages for each occupation and PWPUMA with
the number of jobs by occupation and ZIP Code from ZCBP. For each ZIP Code and occupation, we calculate a job share—i.e., the number of jobs in the ZIP Code and occupation
divided by the total number of jobs of the occupation in the MSA.
3. We use Google API to compute the average commute time between every residential PUMA
and every job location at the ZIP-Code level within the same MSA, assuming that workers
7

Our assumption of taking the spatial distribution of jobs as exogenous is likely benign because the spatial distri-

bution of jobs is largely driven by agglomeration and evolves slowly over time (Ellison and Glaeser, 1997; Rosenthal
and Strange, 2004; Ellison et al., 2010).
8

Log wage residuals within an occupation and PWPUMA are obtained by controlling for dummies for age, marital

status, whether having a child younger than 18, race, Hispanic origin, education, and residential PUMA. We assume
that residual wage is multiplicative (separable) to workers’ ability. Thus, we can estimate the slope of a job choice set
frontier holding workers’ ability constant.
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only consider jobs within the same MSA.
For workers in each occupation o and residential PUMA j, we construct a job choice set—i.e.,
commute-wage bundles {(ln(τojk − τmin ), ln(wok ))}, where τojk is the average commute time from
PUMA j to job k estimated in Step 3, and wok is the wage of job k drawn from the distribution
estimated in Step 1.9 The simulated job choice set consists of noz randomly drawn jobs for each
occupation o in ZIP Code z, where noz is equal to 10,000 multiplied by the job share described in
Step 2.

Frontier Estimator

After constructing a job choice set, we measure the wage return to commut-

ing βojt by estimating the slope of the simulated job choice set frontier.
To estimate the frontier of a simulated job choice set, we use a nonparametric frontier estimator
proposed by Cazals et al. (2002), which is robust to extreme values or outliers. Appendix A6
presents more details on the estimator. In short, the estimator gives us the expected highest log
wage for m potential jobs in which a worker’s log commute time is at least ln(τ̃ − τmin ), where
τ̃ is a given commute time and m is a finite number chosen by researchers. After obtaining the
estimated job choice set frontier, we use linear regression to estimate the slope of the frontier—the
estimated slope measures the wage return to commuting.
We simulate the job choice set 20 times for each occupation and residential PUMA, and obtain
the estimated wage return to commuting β̂ojt by averaging over the estimate of βojt in each simulation. We repeat the procedures using wage and job location data from different years to estimate
the wage return to commuting for different years.
βojt is used as a single parameter to capture the wage return to commuting faced by workers.
The approach is likely a simplification because wage frontiers may vary with commuting time in
a nonlinear way. However, the linear specification can conveniently lead to analytical solutions,
which vastly reduce the computational burden. Estimating the single parameter βojt is already
9

For estimation, we set τmin to be 5 minutes. To avoid taking log over zero, we set the lower bound of τojk to be

6 minutes.
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computationally intensive because we perform repeated simulations and estimations for each occupation, residential PUMA, and year. Adding more flexibility (e.g., a nonparametric approach) may
provide additional precision, but the marginal computational cost can become daunting. Therefore, we use the linear specification and leave future research to develop more flexible approaches
of capturing the shape of job choice frontiers.

4.2.2

Estimates for Wage Return to Commuting

We estimate βojt for the Boston, New York, Philadelphia, and Washington MSAs only.10 This
is because estimating βojt requires wage data based on job locations; the 5% censuses and ACS
provide information on job locations at the PWPUMA level. We focus on the above 4 MSAs
because PWPUMAs in these MSAs are small relative to the size of the MSAs. Other MSAs—e.g.,
Chicago—consist of very large PWPUMAs, which prohibit us from detecting accurate variation
in spatial wage distributions.

4.3

Spatial Patterns Across Occupations

To explore heterogeneity in the spatial patterns of the gender gaps across occupations, we take a
first look at a few cases. For financial workers, their estimated βojt increases substantially with
the distance between their residences and the central city (Figure A9a). Consistently, the residual
gender commute gap for these workers also increases considerably with their distance to the central
city (Figure A9b). In contrast, for doctors and retail salespersons, their estimated βojt varies much
less with their distance to the central city. Again, consistently, the residual gender commute gap for
these workers increases much less with the distance to the central city than for financial workers.
To generalize these cases, for each occupation o, we estimate the slope coefficient of the estimated βojt faced by workers with respect to the distance to the central city, in a given MSA and
year. Let bomt denote the slope for occupation o in MSA m for year t. A greater bomt means that
10

Figure A8a shows the distribution of the estimated βojt for 1990 and 2017 separately. Figure A8b shows that

workers living farther from central cities indeed tend to face higher wage returns to commuting.
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βojt increases more as distance to the city center increases—i.e., high-wage jobs in occupation o
tend to be more concentrated in city centers.
Figure 3 shows that for workers holding occupations where bomt is very high—above the 90th
percentile within their MSAs—the residual gender commute gap varies strongly with distance to
the city center. In contrast, for occupations where bomt is below the 10th percentile, the commute
gap varies considerably less with distance to the city center.
To further generalize the result, we use a regression model to test whether the spatial patterns
in the gender commute and wage gaps are generally consistent with how the wage return to commuting βojt varies spatially across occupations. The analysis is based on full-time workers aged
from 25–69 in the 4 MSAs for which we can measure βojt . We estimate the following regression:

yiojmt = α0 + α1 f emiojmt × djm × bomt + Xiojmt Γ + εiojmt ,

(3)

where yiojmt is the log commute time or log hourly wage of worker i in occupation o living in
PUMA j of MSA m in year t; f emiojmt is an indicator that worker i is female; djm is the distance of
PUMA j to the city center; as mentioned earlier, bomt represents the slope of βojt with respect to the
distance to the central city; Xiojmt is vector of worker i’s observable characteristics, an interaction
between f emiojmt and bomt , an interaction between djm and bomt , gender-year indicators, genderMSA indicators, and gender-MSA indicators times distance to the city center.
The goal of the regression is to test whether the relationship between the residual gender gaps
and the distance to the central city djm is stronger among workers holding occupations in which
bomt is larger (i.e., α1 < 0).11
Table 1 Columns 1 and 3 show that of α1 is indeed negative for both commute time and wages.
The result suggests that for occupations in which the wage return of commuting increases more
with the distance to the central city (i.e., with a higher concentration of high-wage jobs in cen11

To reduce the possible attenuation bias due to measurement error in β estimated with small samples, for Figure 3

and Table 1, we drop workers whose occupations have fewer than 100 people (sum of population weights) in the MSA
and year to which they belong. α1 estimates remain negative and statistically significant even without the drop.
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tral cities), the gender commute and wage gaps in these occupations also increase more with the
distance to the city center.
Lastly, we estimate how much the gender commute and wage gaps actually vary as βojt increases. Table 1 Column 2 and 4 show that both the gender commute and wage gaps are larger
among workers facing higher βojt .

5

Decomposition of the Gender Wage Gap

In this section, we use the model to analyze how much the observed wage gap can be explained by
the differential commuting choices induced by the geography of jobs.

5.1

Model Parameters

d
We first quantify the model parameters. For β, we use β
ojt estimated directly from the data (described in Section 4.2.1). Given the estimates of β, we use the method of moments to estimate
λ.
estimated by
To proceed, we take men’s wage elasticities with respect to commute time λelast
m
Le Barbanchon et al. (2020) as a starting point.12 Since λs in our utility specification are defined as
semi-elasticities—log wage with respect to the level of commute time, we can write the following
equation: λm = λelast
m /E(τm ). Since E(τm ) is observed, λm is identified.
Given λm and λf and the estimated βs, the model can predict the mean log commute time by
gender E(ln τm ) and E(ln τf ), and thereby the gender commute gap E(ln τf )−E(ln τm ). Since βs
and λm have been identified, λf can be exactly identified by matching the model-predicted moment
and the observed moment of E(ln τf ) − E(ln τm ).
12

We choose to calibrate the elasticities despite that Le Barbanchon et al. (2020) use data from France for the

following reasons: First, Le Barbanchon et al. (2020) provide credible causal estimates for preferences, which cannot
be replicated with our data. Second, their estimates come in the form of elasticities, which are unit-free and would not
be mechanically driven up or down by the different average commute time between France and the U.S.
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We separately estimate λm and λf for workers by marital status and whether having children,
in each of the 4 MSAs. Table 2 Panel A reports our 4-MSA aggregate estimates for λm and λf for
1990 and 2017, separately. Appendix A7 describe the estimation procedure in more details.

5.2

Decomposition

Model-Predicted Wage Gap vs. Observed Wage Gap For a given female worker, we calculate
the counterfactual change in log wage if her commuting preference λf were to be adjusted to a
comparable man’s λm , taking βojt facing the worker as given (Equation 2 in Section 2). The counterfactual change in log wage represents the gender wage gap attributable to differential commuting
preferences, holding the geography of jobs fixed.
Table 2 Panel B shows that in 1990, the average model-predicted wage gap is 0.0501 log points,
compared with the average observed gap of 0.2886 log points, which suggests that differential
commuting choices could explain 17.4% of the observed gender wage gap in 1990. In contrast,
in 2017 (2013–2017 ACS sample), the model-predicted wage gap decreased to 0.0415, mainly
due to the narrowing gap of the commuting preferences. However, since the observed wage gap
decreased more due to various other forces over this period, the importance of commuting choices
in explaining the remaining gender wage gap actually increased, to 29.2% in 2017. This highlights
that gender differences in the willingness to commute may have become one of the last remaining
obstacles toward a complete convergence of the wage gap.

Geographic Variation Table 2 Panel B also presents the geographic variation in the contribution
of commuting choices to the gender wage gap. For instance, for workers living more than 25 miles
from city centers, commuting choices lead to a very large gender wage gap, 0.073 log points in
2017, but the wage gap attributable to commuting choices decreases as distance to city centers
decreases. Moreover, the relative importance of commuting choices in explaining the observed
wage gap is considerably smaller for workers living closer to city centers, down to 13.5% of the
wage gap for workers less than 5 miles from city centers, compared with 34.1% for workers more
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than 25 miles from city centers, although the heterogeneity is mainly driven by the difference
between workers who live less than 5 miles and those who live more than 5 miles from city centers.

The Role of Wage Return to Commuting

To further highlight the role of the geography of

jobs, we remove the spatial variation in βojt . Columns 2–3 in Table 2 Panel C present the modelpredicted gender wage gaps if we set every worker’s β to the median and mean of estimated βojt
in 2017. The model-predicted wage gaps are reduced, which is mainly driven by the reduction of
β faced by workers in the suburbs. Since married workers tend to live in the suburbs and there is a
relatively large gender difference in commuting preferences for married workers, the reduction in β
among those workers leads to a large reduction in the wage gap. In contrast, the gender difference
in commuting preferences among singles, who tend to live in central cities, is very small. Raising
β for them does not change their gender wage gap by much. Column 4 shows that the modelpredicted wage gap is reduced proportionally with the reduction of β. These exercises show that
the wage return to commuting (due to the geography of jobs) amplifies the impact of commuting
preferences on the gender wage gap.

6

Conclusion

This paper studies how gender differences in commuting choices contribute to the gender wage
gap in the U.S. We highlight the role of the wage return to commuting (i.e., the wage penalty for
reducing commute time), stemming from the geography of jobs. We echo the literature that gender
differences in the disutility of commuting could lead to a gender wage gap. However, we present a
job choice model to demonstrate that such differential preferences could only cause a gender wage
gap when workers face a nonnegligible wage penalty for reducing commutes.
We present empirical evidence that supports the model’s predictions. We show that the residual
gender commute and wage gaps are smaller for workers living closer to city centers, where highwage jobs tend to concentrate. Moreover, the relationship is considerably stronger for occupations
in which high-wage jobs are more concentrated near city centers.
17

Furthermore, we quantify the job choice model and show that differential commuting choices
due to differential commuting preferences and the geography of jobs could account for about 29%
of the observed gender wage gap in 2017. We highlight that variation in the wage return to commuting stemming from the geography of jobs plays a key role in driving up the gender wage gap.
As the overall gender wage gap narrowed rapidly over time, commuting choices account for an
increasing share of the remaining gender wage gap.
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Figure 1: Indifference Curves and Job Choice Set Frontier
w
Female
Male
wm

wf
Job Choice Set

τf

τm

τ

(a) Higher Wage Return to Commuting

w

Female
Male

wm
wf
Job Choice Set

τf

τ

τm
(b) Lower Wage Return to Commuting

Note: The solid and dashed convex curves represent the indifference curves for a representative female and
male worker, respectively. They face the same job choice set, and the concave curve represents the job
choice set frontier. Tangent points (τf , wf ) and (τm , wm ) represent the optimal job choice for the female
and male worker, respectively.
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Figure 2: The Geography of Gender Commute and Wage Gaps

(a) Gender Commute and Wage Gaps

(b) Gender Commute Gap by Distance to
Downtown

(c) Gender Wage Gap by Distance to
Downtown

Note: The figures present binned scatter plots of residual gender gaps in log commute time and log hourly wage
by residential PUMA for different years separately. The sample comprises full-time workers aged between 25 and
69 in all MSAs from the 5% Censuses for 1990 and 2000 and the ACS 2005–2009 and 2013–2017 5-year samples.
The residual gender gaps are obtained by controlling for dummies of age, marital status, whether having a child
younger than 18, race, Hispanic origin, education level, and occupation, and gender-specific MSA fixed effects. In
Panels (b) and (c), we bin residential PUMAs into 20 equal groups based on the distance to the city center of the
corresponding MSA. The x-variable is residualized by controlling for MSA fixed effects, with the sample mean
added back to the residuals.
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Figure 3: Gender Commute Gap Across Occupations

Note: The figure presents binned scatter plots of residual gender gap in log commute time by residential PUMA. We bin residential PUMAs into 20 equal groups based on the distance to the city
center of the corresponding MSA. For each occupation o in each MSA m and year t, we regress the
estimated βojt on the distance to downtown, and save the coefficient bomt . We them assign bomt to
each worker based on occupation, MSA, and year. The square plot is based on workers who face
bomt above the 90th percentile. The triangle plot is based on workers who face bomt below the 10th
percentile. The circle plot is based on workers within 0.5 standard deviation around the mean bomt .
The sample comprises full-time workers aged between 25 and 69 in New York, Philadelphia, Washington, and Boston MSAs from the 5% Censuses for 1990 and 2000 and the ACS 2005–2009 and
2013–2017 5-year samples. We drop workers whose occupations have fewer than 100 people (sum
of population weights) in their occupation-MSA-year cell. The residual gender gaps are obtained
by controlling for dummies of age, marital status, whether having a child younger than 18, race,
Hispanic origin, education level, gender-specific MSA fixed effects, and gender-specific time fixed
effects.
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Table 1: The Geography of Jobs and the Gender Gaps in Commute Time and Wages
Log Commute Time
(1)
(2)

Log Hourly Wage
(3)
(4)

Female × Distance to
Downtown × b

-0.2184***
(0.0267)

-0.0746***
(0.0245)

Distance to Downtown × b

0.1274***
(0.0280)

-0.1080***
(0.0261)

Female × b

1.313***
(0.3867)

-1.8443***
(0.4294)

b

-1.837***
(0.376)

1.246***
(0.464)

Female × β

-0.136***
(0.00890)

-0.0957***
(0.00692)

β

0.137***
(0.0158)

-0.0344***
(0.00836)

Female × MSA FE

Yes

Yes

Yes

Yes

Female × Time FE

Yes

Yes

Yes

Yes

Female × MSA FE ×
Distance to Downtown

Yes

No

Yes

No

1,911,780

1,768,089

2,162,251

1,999,951

Observation

Note: The sample comprises full-time workers (i.e., usually worked at least 35 hours per week) aged
between 25 and 69 from the U.S. Census 5% samples for 1990 and 2000, and the ACS 2005–2009
and 2013–2017 5-year samples. The analysis is restricted to workers living in Boston, New York,
Washington, and Philadelphia MSAs. We drop workers whose occupations have fewer than 100
people (sum of population weights) in their occupation-MSA-year cell. All regressions control for
dummy variables for age, marital status, whether having a child younger than 18, race, Hispanic origin, education, gender-specific MSA fixed effects, and gender-specific time fixed effects. Columns
1 and 3 further control for gender-specific MSA fixed effects × workers’ distance to the city center.
Column 2 and 4 controls for occupation and PUMA fixed effects. Standard errors are clustered at
the PUMA level. *** p <0.01, ** p <0.05, *p <0.1.
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Table 2: Model Parameters and Decomposition
Panel A: Estimates of Disutility of Commuting
Single
No Children

Married
No Children

Single
with Children

Married
with Children

1990 λm

0.223***
(0.000629)

0.233***
(0.000723)

0.227***
(0.00177)

0.257***
(0.000487)

λf

0.225***
(0.00121)

0.267***
(0.00167)

0.235***
(0.00246)

0.334***
(0.00172)

λf − λm

0.00219
(0.00143)

0.0349***
(0.00190)

0.00767**
(0.00313)

0.0766***
(0.00180)

2017 λm

0.190***
(0.000506)

0.201***
(0.000680)

0.189***
(0.00131)

0.219***
(0.000488)

λf

0.196***
(0.00129)

0.227***
(0.00211)

0.212***
(0.00317)

0.275***
(0.00187)

0.00550***
(0.00143)

0.0261***
(0.00223)

0.0232***
(0.00356)

0.0563***
(0.00196)

λf − λm

Panel B: Contribution of Commuting Choices to the Gender Wage Gap
Distance to Downtown (Miles)
1990

2017

Overall

(0,5]

(5,10]

(10,25]

25+

Observed Wage Gap

0.2886

0.1605

0.216

0.345

0.43

Model-Predicted Gap

0.0501

0.0196

0.0413

0.0609

0.0782

Fraction Explained

17.4%

12.2%

19.1%

17.7%

18.2%

Observed Wage Gap

0.1419

0.114

0.0866

0.160

0.214

Model-Predicted Gap

0.0415

0.0154

0.0295

0.0485

0.0730

Fraction Explained

29.2%

13.5%

34.1%

30.3%

34.1%

Panel C: Effects of Wage Return to Commuting on the Gender Wage Gap
Wage Return to Commuting (β)
2017

Data

Median

Mean

Cut by 50%

Observed Wage Gap

0.1419

0.1419

0.1419

0.1419

Model-Predicted Gap

0.0415

0.0360

0.0391

0.0208

Fraction Explained

29.2%

25.4%

27.6%

14.7%

Note: The sample comprises full-time workers (i.e., usually worked at least 35 hours per week) aged between 25 and
69 from the U.S. Census 5% sample for 1990 and ACS 2013–2017 5-year sample. The sample is restricted to workers
living in Boston, New York, Washington, and Philadelphia MSAs. Panel A presents the estimates of the disutility
of commuting. Panel B presents the decomposition results—the observed residual gender gap in log hourly wage by
workers’ distance to the city center, the gap predicted by the model, and the fraction of the observed gap that can be
26 results by assigning workers different levels of wage
explained by the model. Panel C presents the decomposition
returns to commuting.

Online Appendix
The Geography of Jobs and the Gender Wage Gap
by Sitian Liu and Yichen Su
A1

Extended Literature Review

This paper contributes to the literature on the contributing factors behind the gender wage gap. Blau and
Kahn (2017) provides a complete review of the literature. In particular, many studies assess the impact of
marriage and childbearing on women’s labor market outcomes (Daniel et al., 2013; Angelov et al., 2016;
Adda et al., 2017; Lundborg et al., 2017; Kleven et al., 2019). We build upon the studies that investigate
the role of gender differences in the willingness to trade off wages for non-wage job attributes (Becker,
1985; Cha and Weeden, 2014; Goldin, 2014; Mas and Pallais, 2017; Wiswall and Zafar, 2017; Cubas et al.,
2019). In particular, recent studies investigate the effects of commuting on gender disparities in labor market
outcomes (Black et al., 2014; Gutierrez, 2018; Le Barbanchon et al., 2020).
In addition, we contribute to the literature that investigates how the geography of job locations affects
wages through differential commuting preferences. Some studies document the geographic variation in wage
levels by demographic group (including gender) in both the U.S. and cities around the world (Carlson and
Persky, 1999; Kawabata and Abe, 2018; Osland, 2010; Hu, 2021). Caldwell and Danieli (2021) explore job
availability to workers in terms of commuting distance and occupational similarity. They show that female
workers’ relatively higher cost of commuting and moving reduces their outside options and the quality of
potential job matches. They explore the implications of reducing the outside options with which female
workers can bargain for wages with employers and its effect on female wages. This paper is closely related
to the study by Bütikofer et al. (2019), who exploit the opening of a bridge between a city of Sweden and the
capital of Denmark as an exogenous shock to the supply of jobs for Swedes. They find a significant increase
in commuting for Swedes living close to the bridge, which translates into higher wages. However, the effect
is mainly for more-educated men.
Lastly, we contribute to the understanding of the linkages between spatial activities, transportation, and
labor market outcomes (Becker, 1965; Small et al., 2005; Small and Verhoef, 2007; Ahlfeldt et al., 2015;
Monte et al., 2018; Tsivanidis, 2019; Santamaria, 2020; Kreindler, 2020; Heblich et al., 2020; Severen,
2021; Zarate, 2021). The literature examines the spatial distance between jobs and workers as a form of
trade cost or spatial friction, and its impact on aggregate economic welfare. We show that the spatial friction
between jobs and residences also matters for gender equity.
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A2

Trip Chaining

We use the 2017 National Household Travel Survey (NHTS) to study whether gender difference in trip
chaining behavior affects the estimate of the gender commute gap. The NHTS Person File collects information on each interviewed household member, such as age, race, Hispanic origin, education, employment
status, trip time (in minutes) to work without traffic, and state and metropolitan statistical area (MSA) of
residence.1 The NHTS Travel Day Trip File collects information on each trip made by each household member during the household’s travel day, such as the purpose of the trip, trip origin purpose, trip destination
purpose, and trip duration.
To study whether women are more likely to have chained trips for personal or family-related business
on their way to/from work, we focus on trips with the purpose of “to/from work.” For example, suppose a
person’s trips are as follows:
Trip 1

Trip 2

Trip 3

Trip 4

Home −−−→ Dry Cleaner −−−→ Work −−−→ Movie Theater −−−→ Home.
The purposes of Trip 2 and Trip 3 are “to/from work.” Although the data provide self-reported trip time to
work, we also estimate the average time of trips to/from work. This is the average duration of Trip 2 and Trip
3 in the example. In addition, we say that a person has a chained trip for personal or family-related business
on the way to/from work if the trip origin purpose or the trip destination purpose of the to/from work trip is
personal or family-related business, including (i) drop off/pick up someone, (ii) attend child or adult care,
(iii) buy goods (e.g., groceries), services (e.g., dry cleaners), or meals, and (iii) other general errands (e.g.,
post office). Then we estimate the total trip time to and from work with other chained trips. This is equal to
the total duration of Trip 1, Trip 2, and Trip 3 in the previous example. We exclude the duration of Trip 4 in
the calculation because the destination purpose of Trip 3 is recreation, not family-related business.
Table A3 provides summary statistics for full-time workers aged between 25 and 64 whose travel day is
a weekday from the 2017 NHTS. These workers are slightly younger than those from the 2013-2017 ACS,
but more educated. For example, more than 50% of the workers in the NHTS sample have college degrees
or higher, compared with 35% of men and 41% of women in the ACS sample. However, the average gender
difference in one-way commute time is comparable between two datasets. The gender commute gap is 2.68
minutes from the ACS; it is 2.9 minutes in terms of trip time to work without traffic, and 3.59 minutes in
terms of estimated trip time to/from work from the NHTS. Lastly, the gender difference in the trip time to
and from work with other chained trips is 4.12 minutes, which is around 57–73% of the gender difference
in two-way commute time. This suggests that including chained trips might slightly lower—but is not likely
to close—the gender commute gap.
Table A4 provides OLS regression results of the gender difference in (i) the likelihood of having a trip
for personal or family-related business, (ii) the likelihood of linking such trips to trips to/from work, (iii) the
1

The NHTS does not provide information on marital status, so we cannot study trip-chaining behaviors by gender

and marital status.

2

log trip time to work without traffic, (iv) the log trip time to/from work, and (v) the log trip time to and from
work with other chained trips for personal or family-related business. In particular, we control for dummy
variables for age, race, Hispanic origin, education, and MSA of residence. The results suggest that women
are 6.6% more likely to have a trip for personal or family-related business and 11% more likely to link such
trips to their trips to/from work. However, adding the amount of time spent on such chained trips to time to
work does not affect the gender commute gap. The gender gaps in time to work without traffic, time to/from
work, and time to and from work with chained trips are all around 0.13 log points.

A3

Additional Analysis on the Spatial Patterns of the Gender
Gaps

A3.1

Alternative Measure in Addition to Distance to the City Center

In Section 4 of the paper, we examine how the gender gaps in commute time and wages vary by distance
to the central city, because high-wage jobs tend to be disproportionately located near city centers. Thus,
workers living near city centers should face smaller wage returns to commuting. The model, therefore,
predicts that the gender gaps should increase in distance to the city center.
In addition to distance to the city center, we use the average commute time to all jobs within the MSA
as another proxy for the wage return to commuting. Specifically, if most jobs are located farther from a
residential PUMA, workers living in the PUMA are more likely to get a better paid job if they commute
longer. To estimate the average commute time to all jobs, we first use the Google API to compute the
average commute time between every residual PUMA and average job location at the ZIP-Code level within
the same MSA, assuming workers only consider jobs within the same MSA (Appendix A4). Then for each
residential PUMA, we compute the mean of the estimated commute time to all job locations, weighted by
the proportion of jobs in each ZIP-Code job location within the MSA. Figure A7 presents binned scatter
plots of residual gender gaps by residential PUMA for different years separately. We bin PUMAs into 20
equal groups based on the average commute time from a PUMA to all jobs within the MSA. The results in
Figure A7 show that in all years, the residual gender commute and wage gaps are greater for workers living
in neighborhoods where jobs are located farther from the neighborhoods.

A3.2

Spatial Patterns of the Gender Gaps: Regression Analysis

We use regression analysis corresponding to the binned scatter plots in Figure 2 and Figure A7 to show
spatial patterns in the gender commute and wage gaps. We estimate the following equation:
yijmt = α0 + α1 rjt + α2 f emijmt × rjt + f emijmt × ηmt + Xijmt Γ + εijmt ,

3

where yijmt is the log commute time or log hourly wage of individual i living in PUMA j of MSA m in year
t; rjt is a variable that approximates the wage return to commuting for workers living in PUMA j, such as
the distance to downtown or the average commute time to all jobs; f emijmt is an indicator of being female;
Xijmt is vector of worker i’s observable characteristics, including dummy variables for age, marital status,
whether having a child younger than 18, race, Hispanic origin, education, and occupation; f emijmt × ηmt is
gender-specific year-MSA fixed effects. We estimate the equation using full-time workers aged from 25–69
from the 5% censuses and the ACS data.
The results are presented in Table A2. Controlling for workers’ observable characteristics does not
affect the estimates significantly. The estimates in Columns (2) and (4) suggest that in neighborhoods
that are 10 miles farther from the city center, the gender commute and wage gaps increase by 3.56% and
3.82%, respectively. The estimates in Columns (6) and (8) suggest that in neighborhoods where the average
commute time to all jobs within the MSA is 10 minutes longer, the gender commute and wage gaps increase
by 1.71% and 2.19%, respectively. In Columns (9) to (12), rjt is measured using the average commute time
to all jobs of each residential PUMA by occupation, because the spatial distribution of jobs can be different
across occupations.2 The results are comparable to those in Columns (5) to (8).

A4

Commute Time Imputation

We use the travel time matrix between neighborhoods based on work by Su (2021), who acquires the travel
time and travel distance from the Google Distance Matrix API (Application Programming Interface). He
augments the data using the National Household Travel Survey to impute travel time to reflect traffic conditions using a simple travel speed model. We take the travel time matrix parameterized with the 2009 National
Household Travel Survey. More details on the parameterization procedure can be found in Su (2021).

A5

Crosswalk between Industry and Occupation

Since we estimate βojt by occupation, but our job location data come by industry code (NAICS), we need
to construct a crosswalk between NAICS and occupation. We use the occupation code in 2010 (occ2010)
defined in IPUMS. There is no direct crosswalk between NAICS and occ2010. Thus, we construct the
crosswalk in two steps. In the first step, we construct the crosswalk between NAICS and ind1990 (Census
Industrial Classification in 1990). Once we have created the crosswalk, we use the Census microdata to
2

Precisely, in Columns (9) to (12), djt should be denoted as dojt since it also differ by occupation o. To estimate

dojt , we first commute the average commute time between every residual PUMA and average job location at the ZIPCode level within the same MSA using Google API. Then for each residential PUMA and occupation, we compute the
mean of the estimated commute time to all job locations, weighted by the proportion of jobs of the given occupation
in each ZIP Code job location within the MSA.

4

generate a relation file between occ2010 and ind1990. For each ind1990, we calculate the percentage of
that working population working in each occ2010 occupation. This enables us to generate a proportional
assignment between ind1990 and occ2010. Using the crosswalk between NAICS and ind1990, we are able
to compute the probability of workers working in each occ2010 for each NAICS.
Using the ZCBP business count, we construct a job location count by averaging over establishment size
(for example, establishments with 1 to 4 employees would be assumed to have 2.5 employees) by ZIP Code
and NAICS. We then apply the crosswalk between NAICS and occ2010 to compute the expected number of
jobs in each occupation and ZIP Code.

A6

Frontier Estimator

We measure βojt by estimating the slope of the simulated job choice set frontier. Intuitively, βojt represents
the marginal log wage that a worker can gain by increasing the commute time. We estimate the job choice set
frontier by residential location and occupation using a nonparametric frontier estimator proposed by Cazals
et al. (2002). The estimator is robust to extreme values or outliers. From each worker’s perspective, the set
of all available job bundles is Ψ = {(ln(τ − τmin ), ln(w))} ⊆ R2 . The upper boundary of the job choice
set is given by
ϕ (ln(τ − τmin )) = sup{ln(w)|(ln(τ − τmin ), ln(w)) ∈ Ψ}.
Let (ln(w1 ), ..., ln(wm )) be m independent identically distributed random variables generated by the wage
distribution given ln(τ − τmin ) ≤ ln(τ̃ − τmin ). Define the expected maximum wage function of order m
denoted by ϕm (ln(τ̃ − τmin )) as
ϕm (ln(τ̃ − τmin )) = E[max(ln(w1 ), ..., ln(wm ))| ln(τ − τmin ) ≤ ln(τ̃ − τmin )],
assuming the expectation exists. Intuitively, ϕm (ln(τ̃ − τmin )) gives the expected highest log wage for m
potential jobs in which the worker’s log commute time is at least ln(τ̃ −τmin ). Cazals et al. (2002) show that
for any fixed value τ̃ , limm→∞ ϕm (ln(τ̃ − τmin )) = ϕ (ln(τ̃ − τmin )). To estimate ϕm (ln(τ̃ − τmin )),
consider an i.i.d. sample (ln (τi − τmin ) , ln (wi )), i = 1, ..., n. The estimator of the expected minimum
wage function of order m is defined by
ϕ̂m,n (ln(τ̃ − τmin )) = Ê[max(ln(w1 ), ..., ln(wm ))| ln(τ − τmin ) ≤ ln(τ̃ − τmin )],
which can be easily computed in practice. More specifically, let n(τ̃ ) bethe number
of observations of

τ̃
ln(τi − τmin ) less than or equal to ln(τ̃ − τmin ). For j = 1, ..., n(τ̃ ), let ln w(j) be the jth-order statistic
of the observations ln (wi ) such that ln (τi − τmin ) ≤ ln (τ̃ − τmin ) :
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τ̃
τ̃
τ̃
ln w(1)
> ln w(2)
> ... > ln wn(τ̃
) . Then,

)−1 




 n(τ̃
X
n(τ̃ ) − j m   τ̃
τ̃
τ̃
.
ln w(j+1) − ln w(j)
ϕ̂m,n (ln(τ̃ − τmin )) = ln w(1)
+
n(τ̃ )
j=1

Cazals et al. (2002) establish the asymptotic properties of the estimator. In particular, they show that
as m and n grow larger, ϕ̂m,n (ln(τ̃ − τmin )) approaches ϕ(ln(τ̃ − τmin )). Choosing a finite m makes the
estimator more robust to outliers and measurement error. Therefore, ϕ̂m,n (ln(τ̃ −τmin )) is a robust and consistent estimator of the maximum log wage available to workers within the log commute time ln(τ̃ − τmin ).
We set m = 10, 000.3 Once we obtain the upper boundary of the job choice set using ϕ̂m,n (ln(τ̃ − τmin )),
we use a linear regression to estimate the average slope of the estimated frontier. We measure the wage
return to commuting βd
ojt using the estimated slope. As a validation test, Figure A10 presents the modelpredicted gender gaps in log commute residuals and log hourly wage residuals versus the corresponding
observed gaps across residential PUMAs in 2017.

A7

Estimation of Disutility of Commuting: Moment Matching

In this section, we describe how we estimate the disutility of commuting (λs) in detail. We use both the
values estimated by Le Barbanchon et al. (2020) and the observed moments in the Census/ACS data to pin
down λ for men and women separately.
Le Barbanchon et al. (2020) (Table 5 in their paper) estimate the preference elasticities for commute
time (distance) for men and women who are single without children, single with children, married without
children, and married with children, separately. While they use preference elasticities, our model employs
semi-elasticity for the commuting preference. Therefore, we can write out our semi-elasticity for men:
elast is the elasticity and E(τ ) is the mean commute time of men. Based on
λm = λelast
m
m /E(τm ), where λm

provided by
the equation, the semi-elasticity for men λm can be identified by an externally estimated λelast
m
Le Barbanchon et al. (2020) and the observed mean commute time observed in the 5% Censuses and ACS.
With λm identified, we can estimate λf by matching the observed moments of the gender commute gap.
Since we estimate βs directly from the data and λm is already identified, only λf is left to be determined.
Equation (1) of the model shows that given βs and λm , λf fully determines the model’s prediction of the
gender gap in log commute time. Thus, we can pick λf such that the model-predicted gender commute gap
matches with the gap observed in the data.
Using this procedure, we are able to identify both λm and λf , by drawing estimates of elasticity from
Le Barbanchon et al. (2020), the observed moment of mean commute time of men, and the observed moment
of the gender commute gap. To allow λm and λf to potentially differ by marital status and the status of
3

We set m = 10, 000 because the estimate of ϕ̂m,n (ln(τ̃ − τmin )) does not change significantly if we further

increase m.

6

having children or not, we match moments to each sub-sample to obtain the parameters for each subgroup.
We also allow λs to be different in 1990 and 2017 by matching moments observed in 1990 and 2017,
separately.
To obtain the standard errors of the estimates, we bootstrap the sample by re-sampling the original
sample 500 times. Each time, we draw the same number of observations with replacement as the original
sample size. In addition to Table 2 Panel A, where we show the aggregate estimates for the 4 MSAs, Table
A5 and A6 present the estimates of λ separately for the 4 MSAs.
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(a) Boston

(b) New York

(c) Washington

(d) Philadelphia

Figure A1: Residual Gender Gaps in Log Commute Time in Four MSAs
Note: The maps present residual gender gaps in log commute time by PUMA in 4 MSAs. The sample comprises
full-time workers aged between 25 and 69 in the ACS 2013–2017 5-year sample. Commute residuals are obtained
by controlling for dummies of age, marital status, whether having a child younger than 18, race, Hispanic origin,
education level, year, and occupation.
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(a) Boston

(b) New York

(c) Washington

(d) Philadelphia

Figure A2: Residual Gender Gaps in Log Hourly Wage in Four MSAs
Note: The maps present residual gender gaps in log hourly wage by PUMA in 4 MSAs. The sample comprises
full-time workers aged between 25 and 69 in the ACS 2013–2017 5-year sample. Commute residuals are obtained
by controlling for dummies of age, marital status, whether having a child younger than 18, race, Hispanic origin,
education level, year, and occupation.
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(a) Single, No Children

(b) Single, with Children

(c) Married, No Children

(d) Married, with Children

Figure A3: Residual Gender Commute Gap vs. Distance to Downtown: By Family Status
Note: The figures present binned scatter plots of residual gender gaps in log commute time by residential PUMA for
workers who are (a) not married with spouse present and without children, (b) not married with spouse present but
with child(ren), (c) married with spouse present but without children, and (d) married with spouse present and with
children. The sample comprises full-time workers aged between 25 and 69 from the ACS 2013–2017 5-year sample.
The residual gender commute gap is obtained by controlling for dummies of age, marital status, whether having a
child younger than 18, race, Hispanic origin, education level, and occupation, and gender-specific MSA fixed effects.
We bin residential PUMAs into 20 equal groups based on the distance to the city center of the MSA. All plots control
for MSA fixed effects.
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(a) Single, No Children

(b) Single, with Children

(c) Married, No Children

(d) Married, with Children

Figure A4: Residual Gender Wage Gap vs. Distance to Downtown: By Family Status
Note: The figures present binned scatter plots of residual gender gaps in log hourly wage by residential PUMA for
workers who are (a) not married with spouse present and without children, (b) not married with spouse present but
with child(ren), (c) married with spouse present but without children, and (d) married with spouse present and with
children. The sample comprises full-time workers aged between 25 and 69 from the ACS 2013–2017 5-year sample.
The residual gender commute gap is obtained by controlling for dummies of age, marital status, whether having a
child younger than 18, race, Hispanic origin, education level, and occupation, and gender-specific MSA fixed effects.
We bin residential PUMAs into 20 equal groups based on the distance to the city center of the MSA. All plots control
for MSA fixed effects.
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(a) New York

(b) Los Angeles

(c) Chicago

(d) Dallas Fort Worth

(e) Washington

(f) Houston

(g) Philadelphia

(h) Miami

(i) Atlanta

(j) Boston

Figure A5: Residual Gender Commute Gap vs. Distance to Downtown in Ten Largest MSAs
Note: The figures present binned scatter plots of residual gender gaps in log commute time by residential PUMA for
different years in ten largest MSAs. The sample comprises full-time workers aged between 25 and 69 from the 5%
Censuses for 1990 and 2000 and the ACS 2005–2009 and 2013–2017 5-year samples. The residual gender commute
gap is obtained by controlling for dummies of age, marital status, whether having a child younger than 18, race,
Hispanic origin, education level, and occupation, and gender-specific MSA fixed effects. We bin residential PUMAs
into 20 equal groups based on the distance to the city center of the MSA. The composition of the MSAs (variable
metarea) in 1990 can be different from the composition of the MSAs (variable met2013) in the later years.
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(a) New York

(b) Los Angeles

(c) Chicago

(d) Dallas Fort Worth

(e) Washington

(f) Houston

(g) Philadelphia

(h) Miami

(i) Atlanta

(j) Boston

Figure A6: Residual Gender Wage Gap vs. Distance to Downtown in Ten Largest MSAs
Note: The figures present binned scatter plots of residual gender gaps in log hourly wage by residential PUMA for
different years in ten largest MSAs. The sample comprises full-time workers aged between 25 and 69 from the 5%
Censuses for 1990 and 2000 and the ACS 2005–2009 and 2013–2017 5-year samples. The residual gender commute
gap is obtained by controlling for dummies of age, marital status, whether having a child younger than 18, race,
Hispanic origin, education level, and occupation, and gender-specific MSA fixed effects. We bin residential PUMAs
into 20 equal groups based on the distance to the city center of the MSA. The composition of the MSAs (variable
metarea) in 1990 can be different from the composition of the MSAs (variable met2013) in the later years.
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(a) Gender Commute Gap by the Average
Commute

(b) Gender Wage Gap by the Average
Commute

Figure A7: Location of Jobs and the Gender Commute and Wage Gaps
Note: The figures present binned scatter plots of residual gender gaps in log commute time and log hourly wage by
residential PUMA for different years separately. The sample comprises full-time workers aged between 25 and 69
from the 5% Censuses for 1990 and 2000 and the ACS 2005–2009 and 2013–2017 5-year samples. The residual
gender gaps are obtained by controlling for dummies of age, marital status, whether having a child younger than 18,
race, Hispanic origin, education level, and occupation, and gender-specific MSA fixed effects. We bin residential
PUMAs into 20 equal groups based on the average commute time to all jobs within the corresponding MSA. We
estimate the average commute time to all jobs using Google API and job location data from the ZCBP. The x-variable
is residualized by controlling for MSA fixed effects, with the sample mean added back to the residuals.

(a) Distribution of β in 1990 and 2017

(b) Against Distance to the City Center

Figure A8: Distribution of the Estimated β
Note: Panel (a) presents the distribution of estimated βd
ojt for 1990 and 2017. Each observation is a worker observed
in the 1990 5% census or 2013–2017 ACS. For each worker, we assign the estimated βd
ojt based on his/her occupation
and PUMA location of residence. Each observation is weighted by the personal sampling weight (perwt). Panel (b)
presents the relationship between the estimated wage return to commuting and distance to the city center for 1990 and
2017, separately.
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(a) Wage Return to Commuting

(b) Gender Commute Gap

Figure A9: Wage Return to Commuting and Gender Commute Gaps: By Occupation Group
Note: Panel (a) presents the fitted lines of the estimated wage return to commuting faced by workers against the
distance of the workers’ residence to the city center for workers in 4 occupation groups separately. Panel (b) presents
the fitted lines of the residual gender commute gap against the distance to the city center. “Financial Workers” refers
to occupations with codes between 120, 800, and 4820 in ACS 2010 occupation classification. “Doctors” refers to
occupations with codes 3010, 3040, and 3060. “Median/Advertising/Public Relation” refers to occupations with codes
30, 2810, 2825, 2840, 2850, and 2860. “Retail Salespersons” refers to occupations with codes 4760.

(a) Gender Commute Gap

(b) Gender Wage Gap

Figure A10: Model-predicted Gender Gaps vs. Observed Gender Gaps (2017)
Note: The figures present the model-predicted gaps in log commute residuals or log hourly wage residuals (x-axis) vs.
the corresponding gaps observed in the data (y-axis). The model-predicted gaps are computed using Equation 2. We
compute the model-predicted gaps for each worker: Each worker is assigned with a λ based on gender, marital status,
whether having a child, MSA, and a β based on occupation, residential PUMA. Then we collapse the model-predicted
gap for each work by residential PUMA in 2017. Each point in the figures represents a residential PUMA cell.
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Table A1: Summary Statistics
Variables

Men

Women

Mean

SD

Obs.

Mean

SD

Obs.

40.53
0.728
0.478
0.285
24.19
15.30

10.60
0.445
0.499
0.451
18.68
12.53

2,372,420
2,372,420
2,372,420
2,372,420
2,372,420
2,372,420

40.18
0.589
0.428
0.258
21.67
10.14

10.42
0.492
0.495
0.437
16.70
6.89

1,569,101
1,569,101
1,569,101
1,569,101
1,569,101
1,569,101

41.94
0.688
0.461
0.315
27.50
21.92

10.25
0.463
0.499
0.465
26.32
21.93

2,597,008
2,597,008
2,597,008
2,597,008
2,597,008
2,597,008

41.97
0.579
0.431
0.317
24.26
15.46

10.17
0.494
0.495
0.465
22.38
13.04

1,877,686
1,877,686
1,877,686
1,877,686
1,877,686
1,877,686

43.04
0.652
0.428
0.331
27.00
27.05

10.83
0.476
0.495
0.471
24.17
26.92

2,789,560
2,789,560
2,789,560
2,789,560
2,789,560
2,789,560

43.34
0.544
0.402
0.355
24.08
20.28

10.84
0.498
0.490
0.478
20.69
16.88

2,102,714
2,102,714
2,102,714
2,102,714
2,102,714
2,102,714

43.93
0.620
0.400
0.356
27.73
31.11

11.48
0.485
0.490
0.479
24.10
31.62

2,830,761
2,830,761
2,830,761
2,830,761
2,830,761
2,830,761

44.05
0.526
0.383
0.417
25.05
24.17

11.52
0.499
0.486
0.493
21.11
21.27

2,195,322
2,195,322
2,195,322
2,195,322
2,195,322
2,195,322

1990 Census
Age
Married
Child (< 18)
College
Commute time (in minutes)
Hourly wage
2000 Census
Age
Married
Child (< 18)
College
Commute time (in minutes)
Hourly wage
2005–2009 ACS
Age
Married
Child (< 18)
College
Commute time (in minutes)
Hourly wage
2013–2017 ACS
Age
Married
Child (< 18)
College
Commute time (in minutes)
Hourly wage

Note: The sample comprises full-time workers (i.e., usually worked at least 35 hours per week) aged
between 25 and 69 from the U.S. Census 5% samples for 1990 and 2000, and the ACS 2005-2009 and
2013–2017 5-year samples. Married is an indicator of being married and spouse being present. Child
(<18) is an indicator for having a child younger than 18. College is an indicator for having at least 4-year
college education.. Commute time represents one-way commute time measured in minutes.
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Table A2: Spatial Patterns of the Gender Commute and Wage Gaps
Panel A

Log Commute Time

Log Hourly Wage

(1)

(2)

(3)

(4)

Female × Distance to Downtown

-0.00436***
(0.000150)

-0.00356***
(0.000137)

-0.00492***
(0.000159)

-0.00382***
(9.88e-05)

Observations
R-squared

12,539,944
0.055

12,539,944
0.083

12,969,656
0.062

12,969,656
0.371

Panel B

Log Commute Time

Log Hourly Wage

(5)

(6)

(7)

(8)

Female × Average Commute

-0.00218***
(0.000152)

-0.00171***
(0.000138)

-0.00249***
(0.000135)

-0.00219***
(9.92e-05)

Observations
R-squared

12,101,739
0.056

12,101,739
0.083

12,514,060
0.059

12,514,060
0.372

Panel C.

Log Commute Time

Log Hourly Wage

(9)

(10)

(11)

(12)

Female × Average Commute
by Occupation

-0.00237***
(0.000148)

-0.00203***
(0.000121)

-0.00190***
(0.000114)

-0.00208***
(9.01e-05)

Observations
R-squared

11,906,632
0.056

11,906,632
0.106

12,317,944
0.059

12,317,944
0.379

Yes
No

Yes
Yes

Yes
No

Yes
Yes

Gender-year-MSA FEs
Demographics and Occupation FEs

Note: The sample comprises full-time workers (i.e., usually worked at least 35 hours per week) aged between 25 and 69
from the U.S. Census 5% samples for 1990 and 2000, and the ACS 2005-2009 and 2013–2017 5-year samples. In Panel
A, the independent variables are the distance between a worker’s residential PUMA to the city center, and its interaction
with a female dummy; in Panel B, the independent variables are the average commute time from a workers’ residential
PUMA to all jobs within the MSA, and its interaction with a female dummy; in Panel C, the independent variables are the
average commute time from a worker’s residential PUMA to all jobs of the worker’s occupation within the MSA, and its
interaction with a female dummy. To estimate the average commute time to all jobs by PUMA, we first use the Google
API to compute the average commute time between every residual PUMA and average job location at the ZIP-Code level
within the same MSA. Then for each residential PUMA, we compute the mean of the estimated commute time to all job
locations, weighted by the proportion of jobs in each ZIP Code job location within the MSA. To estimate the average
commute time to all jobs by occupation and PUMA, we compute the mean of the estimated commute time to all job
locations for each PUMA, weighted by the proportion of jobs in each ZIP Code job location for a given occupation within
the MSA. All regressions control for gender-specific year-MSA fixed effects. Columns with even numbers further control
for workers’ characteristics, including dummy variables for age, marital status,whether having a child younger than 18,
race, Hispanic origin, education, and occupation. Standard errors are clustered at the residential PUMA-year level. Robust
standard errors in parentheses: ***p <0.01, **p <0.05, *p <0.1.
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Table A3: Summary Statistics: NHTS
Variables

Men
Mean

Age
College
Trip time to work w/o traffic
Trip time to/from work
Trip time to and from work
with other chained trips

SD

Women
Obs.

Mean

SD

Obs.

43.54
0.549
20.67
29.07

10.83 34,155
0.498 34,155
16.65 28,593
28.10 54,323

43.19
0.573
17.77
25.48

10.99 28,882
0.495 28,882
12.79 24,798
22.49 45,562

50.71

48.39

46.59

42.95

34,155

28,882

Note: The sample comprises full-time workers aged between 25 and 69 whose travel day is a
weekday from the 2017 NHTS. Travel times are measured in minutes.
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Table A4: Gender Differences in Trip-chaining Behaviors and Commute Time
Variables

Have a trip for
personal/family business
(1)
(2)

Link personal trips
to trips to/from work
(3)
(4)

Female

0.0717***
(0.00357)

0.0661***
(0.00362)

0.116***
(0.00398)

0.109***
(0.00401)

-0.134***
(0.00640)

-0.130***
(0.00635)

-0.124***
(0.00531)

-0.131***
(0.00518)

-0.122***
(0.00648)

-0.127***
(0.00634)

63,037
0.006
No

62,704
0.027
Yes

63,037
0.013
No

62,704
0.045
Yes

53,204
0.008
No

52,934
0.075
Yes

99,882
0.005
No

99,368
0.090
Yes

50,643
0.007
No

50,373
0.096
Yes

Observations
R-squared
Controls

Log time to work
without traffic
(5)
(6)

Log time to/from
work
(7)
(8)

Log time to and from
work with chained trips
(9)
(10)

Note: The sample comprises full-time workers aged between 25 and 64 whose travel day is a weekday from the 2017 NHTS. The control variable includes dummies
for age, race, Hispanic origin, education, and MSA of residence.
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Table A5: Estimates of Disutility of Commuting (New York and Washington MSAs)
Panel A: New York MSA
Single
No Children

Married
No Children

Single
with Children

Married
with Children

1990 λm

0.206***
(0.000721)

0.216***
(0.000894)

0.215***
(0.00217)

0.238***
(0.000639)

λf

0.209***
(0.00136)

0.249***
(0.00212)

0.222***
(0.00316)

0.314***
(0.00209)

λf − λm

0.00253*
(0.00152)

0.0336***
(0.00235)

0.00656*
(0.00396)

0.0766***
(0.00222)

2017 λm

0.180***
(0.000635)

0.190***
(0.000899)

0.180***
(0.00160)

0.207***
(0.000658)

λf

0.184***
(0.00167)

0.215***
(0.00315)

0.204***
(0.00375)

0.265***
(0.00250)

λf − λm

0.00397**
(0.00177)

0.0251***
(0.00331)

0.0237***
(0.00419)

0.0573***
(0.00263)

Panel B: Washington MSA
1990 λm

0.232***
(0.00140)

0.233***
(0.00147)

0.217***
(0.00353)

0.255***
(0.00112)

λf

0.224***
(0.00278)

0.261***
(0.00371)

0.215***
(0.00600)

0.309***
(0.00386)

-0.00756***
(0.00309)

0.0279***
(0.00405)

-0.00167
(0.00716)

0.0537***
(0.00416)

2017 λm

0.193***
(0.00116)

0.200***
(0.00138)

0.181***
(0.00265)

0.218***
(0.00105)

λf

0.191***
(0.00199)

0.220***
(0.00288)

0.195***
(0.00436)

0.269***
(0.00293)

λf − λm

-0.00202
(0.00228)

0.0198***
(0.00318)

0.0138***
(0.00525)

0.0512***
(0.00302)

λf − λm

Note: The sample comprises full-time workers (i.e., usually worked at least 35 hours per
week) aged between 25 and 69 from the U.S. Census 5% sample for 1990 and ACS 2013–
2017 5-year sample.

20

Table A6: Estimates of Disutility of Commuting (Philadelphia and Boston MSAs)
Panel A: Philadelphia MSA

1990

2017

Single
No Children

Married
No Children

Single
with Children

Married
with Children

λm

0.255***
(0.00188)

0.271***
(0.00203)

0.256***
(0.00512)

0.299***
(0.00137)

λf

0.266***
(0.00392)

0.313***
(0.00487)

0.271***
(0.00729)

0.390***
(0.00458)

λf − λm

0.0110**
(0.00454)

0.0422***
(0.00526)

0.0151*
(0.00884)

0.0913***
(0.00479)

λm

0.217***
(0.00188)

0.228***
(0.00203)

0.217***
(0.00394)

0.252***
(0.00151)

λf

0.228***
(0.00479)

0.260***
(0.00707)

0.216***
(0.00857)

0.301***
(0.00598)

λf − λm

0.0106**
(0.00527)

0.0320***
(0.00737)

-0.00132
(0.00967)

0.0492***
(0.00656)

Panel B: Boston MSA
1990

2017

λm

0.266***
(0.00199)

0.277***
(0.00221)

0.262***
(0.00576)

0.313***
(0.00161)

λf

0.272***
(0.00353)

0.322***
(0.00559)

0.303***
(0.0108)

0.412***
(0.00568)

λf − λm

0.00561
(0.00406)

0.0447***
(0.00595)

0.0407***
(0.0122)

0.0990***
(0.00599)

λm

0.208***
(0.00146)

0.219***
(0.00185)

0.205***
(0.00354)

0.239***
(0.00134)

λf

0.221***
(0.00430)

0.247***
(0.00726)

0.301***
(0.0155)

0.293***
(0.00608)

λf − λm

0.0131***
(0.00461)

0.0276***
(0.00759)

0.0953***
(0.0163)

0.0534***
(0.00631)

Note: The sample comprises full-time workers (i.e., usually worked at least 35 hours per
week) aged between 25 and 69 from the U.S. Census 5% sample for 1990 and ACS 2013–
2017 5-year sample.
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