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Unadjusted gender gap in average hourly wages, 6768
Gender wage gap, unadjusted for worker characteris6cs. Es6mates correspond to the difference between
average earnings of men and women, expressed as a percentage of average earnings of men.
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Note: The data corresponds to gross hourly earnings and includes both full-6me and part-6me workers.
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What Explains the Gender Wage Gap?

■ What is the role of firms in shaping the gender wage gap? 
• Do females sort into low-wage firms? 
• Do females receive lower wages than males within a firm? 

■ What drives these patterns? 
— compensating differential? discrimination? labor market friction? 

■ Three steps: 
1. Using Brazilian data, estimate AKM by gender 
2. Develop an equilibrium search model that exactly maps into AKM equations 
3. Estimate the model and conduct policy counterfactuals
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Role of Firms in Gender Wage Gap
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Data

■ Brazilian employer-employee data covering all tax-registered employers 
• 2007-2014 
• Focus on age 18-54 and employers with enough mobility flows 
• “firm” = establishment 
• “wage” = monthly earnings
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Summary Statistics
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unique employers. Around 38.2% of these observations are for women who are more likely to be

White, more educated, older, work at significantly larger employers, work shorter hours, and have

longer tenure. Importantly, the raw gender pay gap in our sample is 13.3 log points.

Table 1. Summary statistics, 2007–2014

Overall Men Women
Mean log real monthly earnings (std. dev.) 7.211 (0.693) 7.262 (0.697) 7.129 (0.679)
Mean years of education (std. dev.) 11.1 (3.3) 10.4 (3.3) 12.1 (2.9)
Mean years of age (std. dev.) 33.6 (9.4) 33.5 (9.4) 33.8 (9.4)
Mean employer size (std. dev.) 2,815 (16,418) 1,774 (11,509) 4,497 (22,059)
Mean contractual work hours (std. dev.) 41.7 (5.1) 42.6 (3.9) 40.3 (6.4)
Mean years of tenure (std. dev.) 3.9 (5.6) 3.6 (5.2) 4.5 (6.1)
Share Nonwhite 0.378 0.409 0.327
Share female 0.382
Mean log gender earnings gap 0.133
Number of worker-years 267,318,328 165,149,632 102,168,696
Number of unique workers 56,297,308 33,761,656 22,535,652
Number of unique employers 607,029 403,585 203,444

Note: This table reports summary statistics for workers in the final sample, separately for the overall population, for men
only, and for women only. Since information on race is missing for a significant number of observations, conditional means
are reported for the share of Nonwhite workers. Source: RAIS, 2007–2014.

3 Empirical Gender Pay Gaps and Employer Heterogeneity

The goal of this section is to highlight the roles of employer pay heterogeneity, worker sorting across

employers, and workplace amenities in relation to the gender pay gap.

3.1 Measuring Gender-Specific Employer Pay

We start by estimating a variant of Card et al.’s (2016) extension of the seminal two-way FEs frame-

work due to AKM, which allows for gender-specific employer pay components. Formally, we model

log earnings of individual i in year t working at employer j = J(i, t), denoted by ln wijt, as

ln wijt = ai + yG(i)j + XitbG(i) + # ijt, (1)

where ai is a person FE; yG(i)j is a gender-specific employer FE for workers of gender G(i) 2 {M, F};

Xit is a vector of time-varying worker characteristics including a set of restricted education-age dum-

mies as well as dummies for hours, occupation, tenure, actual experience, and education-year combi-
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AKM with Gender

■ Estimate AKM augmented with gender: (Card-Cardoso-Kline, 2016) 
 
 

• : gender of worker  

• : firm ’s wage effect of gender  

- Set  for  near the bottom of the job-ladder in restaurant & fast-food 

• : occupation, education-year, age, hours, tenure, experience, etc

G(i) i

ψG,j j G ∈ {M, F}

ψM,j = ψF,j j

Xit

8

ln wit = αi + ψG(i),j(i,t) + XitβG(i) + ϵit



Firm FE by Gender
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Figure 1. Predicted AKM employer FEs for women and men

A. Gender-specific employer FE distributions
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B. Distribution of within-employer FE differences
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Note: This figure shows kernel density plots of estimated gender-specific employer FEs based on estimating earnings equa-
tion (1). Panel A shows the distributions of gender-specific employer FEs ygj separately by gender. Panel B shows the
distribution of within-employer FE differences yMj � yFj weighted by total employment. Vertical patterned lines show the
means of the respective distributions. Source: RAIS, 2007–2014.

knife correction for limited-mobility bias.14 Men have a slightly higher raw (conditional) variance of

earnings, with 49.7 (25.8) log points, compared to 48.2 (25.0) log points for women. For both genders,

the largest plug-in (leave-out) variance component is due to estimated worker FEs, which account

for 23.3% (37.7%) for men and 24.3% (39.6%) for women. Importantly for us, the plug-in (leave-out)

estimates of employer FEs account for 13.0% (25.0%) of the variance of log earnings for men and

11.5% (22.2%) of that for women. The close similarity of the plug-in versus leave-out estimates of the

variance of employer FEs suggests that the latter are precisely estimated, alleviating concerns about

limited-mobility bias in our sample. Overall, these estimates suggest that employer heterogeneity

explains a substantial share of earnings dispersion for both genders. The plug-in (leave-out) esti-

mate of the correlation between person and employer FEs is around 21.2% (24.5%) for men and 25.5%

(29.7%) for women. Finally, the plug-in (leave-out) estimate of the coefficient of determination or R2

is upward of 92.1% (77.7%).

3.2 Gender Differences in Sorting Across Employer Pay and Amenities

Our starting point is a total gender gap in employer FEs of 11.3 log points—see the last row of Table 2.

It is worth noting that this constitutes 85.0% of the overall gender pay gap of 13.3 log points from Table

14Engbom and Moser (2022) show that the leave-out estimator by KSS delivers substantially similar results for a sample
of men across time periods from 1994–2018 in the same RAIS data from Brazil. For a discussion of limited-mobility bias and
alternative ways to address it, see Bonhomme et al. (2019), Borovičková and Shimer (2020), and Bonhomme et al. (2023).
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Men & Women Sort into Different Firms

■ Difference in firm FE ( ) accounts for 85% of gender wage gap! 

■ Decomposistion: 

≈ 0.11

10

Table 2. Variance decompositions based on plug-in and leave-out estimates

Men Women
Plug-in Leave-out Plug-in Leave-out

Variance of log earnings 0.497 0.258 0.482 0.250
Variance components:

Employer FEs (%) 0.065 (13.0%) 0.064 (25.0%) 0.056 (11.5%) 0.055 (22.2%)
Person FEs (%) 0.116 (23.3%) 0.097 (37.7%) 0.117 (24.3%) 0.099 (39.6%)

Correlation 0.212 0.245 0.255 0.297
R2 0.921 0.777 0.929 0.793
Mean employer FE 0.197 0.197 0.081 0.081

Note: This table shows the variance components of log earnings based on equation (1). The variance components correspond
to the variance decomposition Var(ln wijt) = Var(ai) + Var(yG(i)j) + Var(XitbG(i)) + 2 Â Cov(·) + Var(#ijt). The “plug-in”
columns refer to conventional plug-in estimates, while the “leave-out” columns refer to estimates that correct for limited-
mobility bias, following KSS. The variances shown in the “plug-in” columns are the variances of raw log earnings, while
those in the “leave-out” columns are the variances of residualized log earnings conditional on the same controls as those in
equation (1). Source: RAIS, 2007–2014.

1 above. Such an important role for firms in explaining the gender pay gap is striking in comparison

to previous work by Card et al. (2016, Table III) who report that around 21% of the gender wage gap in

Portugal is due to the contribution of firm components. That firms play a larger role in our context can

be rationalized by the baseline gender pay gap increasing significantly after the inclusion of Mincerian

controls for education as well as the overall importance of firms in explaining pay dispersion in Brazil

(Alvarez et al., 2018; Firpo and Portella, 2019; Engbom and Moser, 2022).

We closely follow Card et al. (2016) in dissecting the employer pay gap into parts between versus

within employers.A Kitagawa-Oaxaca-Blinder decomposition allows us to write the total gender gap

in employer FEs as

⇣
E
h

yMJ(i,t)

��� G(i) = M
i
� E

h
yMJ(i,t)

��� G(i) = F
i⌘

| {z }
between-employer gap

+E
h

yMJ(i,t) � yFJ(i,t)

��� G(i) = F
i

| {z }
within-employer gap

, (2)

where E[·] is the mean operator across individuals i and years t. Equation (2) decomposes the gender

gap in employer FEs into two terms. The between-employer pay gap is the gender-weighted difference in

mean male-employer FEs. It reflects differences in pay between men and women that are due to their

different allocations across employers. The within-employer pay gap is the mean difference in gender-

specific employer FEs weighted by the distribution of women. It reflects differences in pay between

women and men at the same employer.15

15To see that the between-employer gap is invariant to the normalization of gender-employer FEs, note that for any
k 2 R, E[ygJ(i,t) + k|G(i) = M]� E[ygJ(i,t) + k|G(i) = F] = E[ygJ(i,t)|G(i) = M]� E[ygJ(i,t)|G(i) = F] for g 2 {M, F}. The
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𝔼[ψMj |M] − 𝔼[ψFj |F] = 𝔼[ψMj |M] − 𝔼[ψMj |F]

between = 78.7% 

+ 𝔼[ψMj − ψFj |F]

within = 21.3% 



Equilibrium Model of  
Wage, Amenity, and Sizes
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Environment

An extension of Burdett-Mortensen model featuring 

■ Heterogeneous workers 

■ Heterogeneous firms 

■ Firms create jobs with endogenous wages and amenities 

■ Search friction dictates the matching of workers and jobs

12



Workers
■ Infinitely lived, risk-neutral, and discount rate  

■ Heterogeneous w.r.t. gender  and ability  with associated measure  

■ Job search 

• voluntary job offers at rate:  for unemployed &  for employed 

• involuntary job offers at rate  

• exogenous separation at rate  

■ Job at firm  offers flow utility (fixed over time) 

• : wage, : workplace amenity 

■ Non-employed receive flow utility 

ρ

g ∈ {M, F} z μgz

λU
gz λE

gz ≡ sE
g λU

gz

λG
gz ≡ sG

g λU
gz

δg

j

w a

x = bgz
13

x = w + a



Value Functions
■ Employed (imposing rank-preserving property): 

 
 
 

• : utility offer distribution (endogenous), : reservation utility offer 

■ Nonemployed: 
 

■ Nonemployed accepts the job offer with , where  solves

Fgz(x) xgz

x ≥ xgz xgz

14

ρSgz(x) = x + λE
gz ∫

∞

x
[Sgz(x′￼) − Sgz(x)]dFgz(x′￼) + λG

gz ∫
∞

xgz

[Sgz(x′￼) − Sgz(x)]dFgz(x′￼)

+δg[Wgz − Sgz(x)]

ρWgz = bgz + (λU
gz + λG

gz)∫
∞

xgz

[Sgz(x′￼) − Wgz]dFgz(x′￼)

xgz = bgz + (λU
gz − λE

gz) ∫ ∞
xgz

1 − Fgz(x′￼)

ρ + δg + λG
gz + λE

gz(1 − Fgz(x′￼))
dx′￼ (R-x)



Firms
■ Firms differ in three dimensions 

1. productivity  

2. gender wedge  with :  is an implicit tax on women relative to men 

3. amenity cost shifter  

■ Production technology: 
 

■ Endogenous amenity provision with cost per worker 

■ Endogenous vacancy creation with cost

p

τg τM ≡ 0 τF

ca,0
g

15

yj({lgz}gz) = p ∑
g∈{M,F}

∫ zlgzdz

ca
gzj(a) = ca,0

gj
(a/z)ηa

ηa z

cv
gz(v) = cv,0

g
(v/μgz)ηv

ηv zμgz



Firm Value Function

■ : fraction of employed workers with flow utility below  

■ From the stock-flow equation (see notes), 

Ggz(x) x

16

ρΠj({lgz}) = max
{wgz,agz,xgz,vgz} ∑

g
∫ {[(1 − τgj)pjz − wgz − ca

gzj(agz)]lgz − cv
gz(vgz) + ∂tlgz(xgz, vgz) ∂lgz

Πj({lgz})} dz

s.t. ∂tlgz(x, v) = − [δg + λG
gz + λE

gz(1 − Fgz(x))]lgz +
ugzλU

gz + (1 − ugz)λE
gzGgz(x) + λG

gz

ugzλU
gz + (1 − ugz)λE

gz + λG
gz

vqgz

xgz = wgz + agz

Ggz(x) =
Fgz(x)

1 +
λE

gz

δg + λG
gz

(1 − Fgz(x))



Matching
■ The matching is segmented across  but random within  

■ The number of matches in submarket  is given by 
 
 
where 
 

■ The meeting rates are given by 
 
 
where  denotes market tightness

(g, z) (g, z)

(g, z)

θgz ≡ Vgz/Ugz

17

ℳ(Ugz, Vgz) = Uα
gzV1−α

gz

Ugz = μgz[ugz + sE
g (1 − ugz) + sG

g ], Vgz = ∫ vgz( j)dj

λU
gz = θα

gz, λE
gz = sE

g λE
gz, λG

gz = sG
g λU

gz, qgz = θα−1
gz



Equilibrium Solution
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Rewriting Firm’s Problem
■ Guess and verify the firm’s value function takes the form: 

 

■ Rewrite the firm’s subproblem for  worker as 
 
 
where  is the composite productivity defined by 
 

(g, z)

p̃gzj

19

Πj({lgz}) = ∑g ∫ πgzj(lgz)dz

ρπgzj(lgz) = max
x,v

[p̃gzj − x]lgz − cv
gz(vgz) + ∂tlgz(x, v) π′￼j(lgz)

p̃gzj ≡ max
a

(1 − τgj)pjz + a − ca
gzj(a)

= {(1 − τgj)pj + (c0
gj)

1
1 − ηa[1 − 1/ηa]}

≡ ̂pgj

z (def-p)



Back to Burdett-Mortensen
■ We look for an eqm where labor market objects are homogenous in : 

• , ,   , ,  

■ In such an equilibrium, 
 
 
where  and  solves 
 
 
 
 
 
where , 

z

Fgz(x) = Fg(x/z) Ggz(x) = Gg(x/z) λx
gz = λx

g qgz = qg vgjz = ̂vgjμgz

lgz = ̂lgμgz πgj( ̂lg)

̂x ≡ x/z cv
g(v) = cv

0 ̂vηv/ηv

20

πgzj(lgz) = ̂πgj( ̂lg) z μgz

ρ ̂πgj( ̂lg) = max
̂x, ̂v

[ ̂pgj − ̂x] ̂lg − cv
g( ̂vg) + ∂t

̂lg( ̂x, ̂v) ̂π′￼gj( ̂lg)

with ∂t
̂lg( ̂x, ̂v) ≡ − [δg + λG

g + λE
g (1 − Fg( ̂x))] ̂lgz +

ugλU
g + (1 − ug)λE

g Gg( ̂x) + λG
g

ugλU
g + (1 − ug)λE

g + λG
g

̂vqg



Property of Firm Policies

■ For each submarket , 

1. Firms with higher composite productivity  offer higher flow utility  

2. Firms with higher composite productivity  post more vacancies  

■ Follows from Topkis’ monotonicity theorem 

■ Firm employment size for each gender is increasing in 

(g, z)

̂pgj xgjz

̂pgj vgzj

̂pgj

21



Firm’s Optimality
■ First-order optimality conditions with respect to : 

 
 
 
which confirms  does not depend on  

■ Envelope condition evaluated at the steady state (see notes): 
 
 

■ The steady state firm size (relative to ) is

( ̂x, ̂v)

̂vgj z

μgz

22

∂ ̂x[∂t
̂lg( ̂xgj, ̂vgj)] ̂π′￼gj( ̂lgj) = ̂lgj

∂ ̂v[∂t
̂lg( ̂xgj, ̂vgj)] ̂π′￼gj( ̂lgj) = cv′￼

g ( ̂vgj)

π′￼gj( ̂lgj) =
̂pgj − ̂xgj

ρ + δg + λG
g + λE

g (1 − Fg( ̂xgj))
.

̂lgj = 1

(δg + λG
g + λE

g (1 − Fg( ̂xgj)))
2

(ugλU
g + λG

g )
ugλU

g + (1 − ug)λE
g + λG

g (δg + λG
g + λE

g ) ̂vgjqg

(FOC-x)
(FOC-v)



Equilibrium Utility Offer
■ Combining the expressions, (FOC-x) can be rewritten as 

 
 
 

: normalized utility offer of a firm with normalized composite productivity  

■ By rank-preserving property,  
 
 

• : measure of firms with normalized productivity   

• the second equality uses  which follows from (R-x) with our presumption 

̂xg( ̂p) ̂p

γ( ̂p) ̂p

xgz = x̂gz

23

( ̂p − ̂xg( ̂p))
2λE

g F′￼g( ̂xg( ̂p))
ρ + δg + λG

g + λE
g (1 − Fg( ̂xg( ̂p)))

= 1,

Fg( ̂xg( ̂p)) = ∫
̂p

xgz/z

vg( ̂p)
Vg

γ( ̂p)d ̂p = ∫
̂p

x̂gz

vg( ̂p)
Vg

γ( ̂p)d ̂p ≡ Hg( ̂p)

(x-p)



Equilibrium Utility Offer
■ Differentiating both sides of , 

■ Plugging back to (x-p), we have a linear ODE in terms of : 
 
 

■ With a boundary condition, , the solution is 
 
 
  
just as in EC704!

Fg( ̂xg( ̂p)) = Hg( ̂p)

̂xg( ̂p)

̂xg( x̂g) = x̂g

24

F′￼g( ̂xg( ̂p)) ̂x′￼g( ̂p) = H′￼g( ̂p)

( ̂pg − ̂xg( ̂p))
2λE

g H′￼g( ̂p)
ρ + δg + λG

g + λE
g (1 − Hg( ̂p))

= ̂x′￼g( ̂p),

̂xg( ̂p) = ̂p − ∫
̂p

x̂g
[

ρ + δg + λG
g + λE

g (1 − Hg( ̂p))
ρ + δg + λG

g + λE
g (1 − Hg( ̂p′￼)) ]

2

d ̂p′￼ (ODE-x)



Endogenous Vacancy Distribution
■ Unlike EC704,  is endogenous due to endogenous vacancy postings 

■ Using (FOC-v), vacancy posting of firm  is given by 
 
 
 
 

■ By definition,  
 
 
 
with boundary conditions 

Hg( ̂p)

̂p

Hg( ̂xg) = 0, lim
̂p→∞

Hg( ̂p) = 1
25

̂vg( ̂p) = [ 1
cv

0

̂p − ̂xg( ̂p)

ρ + δg + λG
g + λE

g (1 − Hg( ̂p))

π′￼gj( ̂l)

ugλU
g + (1 − ug)λE

g
(δg + λGg )Hg( ̂p)

λEg (1 − Hg( ̂p)) + δg + λGg
+ λG

g

ugλU
g + (1 − ug)λE

g + λG
g

qg

∂ ̂v[∂t
̂l( ̂x, ̂v)]

]
1

ηv − 1

Hg( ̂p) = ∫ ̂p
̂xg

̂vg( ̂p′￼)

Vg
γ( ̂p′￼)d ̂p ⇒ H′￼g( ̂p) =

̂vg( ̂p)
Vg

γ( ̂p) (ODE-v)



Verifying Our Presumption

■ We have already shown that , ,  

■ Finally, 

• vacancies in the submarket , , scale with  

• employed/unemployed workers acceptance prob. do not on  
 nonemployment in submarket , , scale with  

Consequently, , so that    (for ) and  

vgjz = ̂vgjμgz Fgz(x) = Fg(x/z) Ggz(x) = Gg(x/z)

(g, z) Vgz μgz

z
⇒ (g, z) Ugz μgz

θgz = θg λx
gz = λx

g x ∈ {U, E, G} qgz = qg

26



Computational Algorithm

27

Guess  and compute  and θg (λU
g , λE

g , λG
g , qg) ug

Solve (ODE-x) and (ODE-v) to obtain 
{ ̂xg( ̂p), ̂vg( ̂p), ̂Vg}

yes
Done!

θnew
g > θg

Raise θgLower θg

yesno

no

Compute  and thereby Ug θnew
g = Vg/Ug

Given  and their distribution, 
construct  using (def-p)

(pj, τj, ca
gj)
( ̂p, γ( ̂p))

?θnew
g ≈ θg



Bringing the Model to the Data
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Equilibrium Properties
1. Pay differences do not necessarily reflect utility differences because of amenity 

2. The model generates job-to-job transitions with wage cuts through 

• compensating differential (  but ) 
• involuntary job offer 

3. Rich sources of the gender pay gap: 
• within- and between-firm gender pay gap through 

- differences in  and  
- gender-specific search frictions and vacancies  
- monopsony 

• even a non-discriminatory firm treats women differently through eqm forces!

x′￼ > x w′￼ < w

τFj agzj

(δg, λg)

29



Structurual AKM Equation

■ The model provides an exact map between AKM FEs and structural parameters!

30

There exits an equilibrium in which wage of a worker  employed at firm  takes 
the form of 
 
 
where , and 

(g, z) j

αz = ln z

ln wgzj = αz + ψgj

ψgj = ln ̂pgj − (c0
gj)

1
1 − ηa − ∫

̂pgj

x̂g
[

ρ + δg + λG
g + λE

g (1 − Hg( ̂pgj))
ρ + δg + λG

g + λE
g (1 − Hg( ̂p′￼)) ]

2

d ̂p′￼



Known Parameters

■ Throughout, we assume the following parameters are known 

• discount rate,  (standard, annual 5.2%) 

• matching elasticity,  (standard, 0.5) 

• vacancy cost shifter  (can be inferred from labor share) 

• vacancy cost elasticity  (can be inferred from the profit-vacancy relationship) 

• amenity cost elasticity  (can be inferred from cost share of amenities)

ρ

α

c0,v
g

ηv

ηa

31



Identification Step 1: Ranking Firms
Step 1: Ranking firms using revealed preferences 

■ For each , firm size is increasing in normalized composite productivity  

■ Ranking of firm size  ranking of productivity  

• : productivity of a firm with rank , ,  

■ Emp-weighted ranking   vacancy-weighted ranking  using 
 
 

■ Vacancy-weighted ranking   vacancy by ranking, 

g ∈ {M, F} ̂p

⇒ r ∈ [0,1]
̂pg(r) r Gr

g(r) ≡ Gg( ̂x( ̂p(r))) Hr
g(r) ≡ Hg( ̂p(r))

Gr
g(r) ⇒ Hr

g(r)

Hr
g(r) ⇒ ̂vg(r)/ ̂Vg

32

Gr
g(r) =

Hr
g(r)

1 +
λEg

δg + λGg
(1 − Hr

g(r))
...conditional on the knowledge of λE

g , δg, λG
g



Identification Step 2: Labor Market Flows

Step 2: Identifying labor market flow parameters  

■ EN rate   

■ EE rate that moves up and down the ranking   

■ NE rate     

■  &   

(δg, λU
g , λG

g , λE
g , ̂Vg)

⇒ δg

⇒ λE
g , λG

g

⇒ λU
g + λG

g ⇒ λU
g

λU
g [ugz + sE

g (1 − ugz) + sG
g ] ⇒ ̂Vg

33



Identification Step 3: Firm-Level Parameters
Step 3: Identifying firm-level parameters  

■ Use FOC w.r.t.  to recover profitability of firm , : 
 

■ Use FOC w.r.t.  to recover utility offer of firm , , up to a constant: 
 

■ An assumption about the scale of    and  

■  from AKM regression +     

( ̂xg(r), ̂pg(r), ag(r), c0,a
g (r))

̂v r ̂pg(r) − ̂xg(r)

̂x r ̂xg(r)

̂xg(r) ⇒ ̂xg(r) ̂pg(r)

ψg(r) ̂xg(r) ⇒ ag(r) = ̂xg(r) − ψg(r) ⇒ c0,a
g (r) = ag(r)1−ηa
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̂pg(r) − ̂xg(r)

ρ + δg + λG
g + λE

g (1 − Hg(r))

ug + (1 − ug)sE
g Gg(r) + sG

g

ug + (1 − ug)sE
g + sG

g
qg = cv′￼

g ( ̂vg(r))

( ̂pg(r) − ̂xg(r))
2λE

g H′￼g(r)

ρ + δg + λG
g + λE

g (1 − Hg(r))
= ̂x′￼g(r),



Identification Step 4: Discrimination
Step 4: Identifying discrimination and (non-composite) productivity   

■ Since , we have 
 
 

 can infer  

■ For women,  
 
 

 can infer firm-level gender discrimination !

(τg(r), p(r))

τM(r) = 0

⇒ p(r)

⇒ τF(r)

35

̂pM(r) = p(r)+(c0
M(r))

1
1 − ηa[1 − 1/ηa]

̂pF(r) = (1 − τF(r)) p(r) + (c0
F(r))

1
1 − ηa[1 − 1/ηa]
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job destruction rate (dU
F = 2.8% compared to dU

M = 3.6%). For both men and women, involuntary job

offers (lG
M = 1.1% and lG

F = 0.8%) are about as frequent as voluntary ones (lE
M = 0.9% and lE

F =

0.7%). Overall, men receive a greater total of job offers than women. The prevalence of involuntary job

offers indicates substantial undirectedness of job search across utility ranks, not just pay ranks (Jolivet

et al., 2006).41 The implied nonemployment rates (uM = 23.6% and uF = 21.9%) reflect the presence

of a large informal sector for both men and women in Brazil.42 The flow value of nonemployment for

men (bM = 2.281) is slightly higher than that for women (bF = 2.234), as is the implied reservation

utility (fM = 2.353 compared to fF = 2.274).43 It is important to keep in mind that these estimates

reflect widespread unregistered employment in Brazil (Meghir et al., 2015). Compared to a typical

high-income country’s labor market (Taber and Vejlin, 2020), these estimates suggest substantial labor

market imperfections in Brazil.

Table 4. Job offer arrival rates, job destruction rates, and flow values of nonemployment

Parameter Description Men Women
µg Population shares 0.599 0.401
lU

g Offer arrival rate from nonemployment 0.104 0.091
dg Job destruction rate 0.035 0.028
sE

g Relative arrival rate of voluntary on-the-job offers 0.090 0.075
sG

g Relative arrival rate of involuntary on-the-job offers 0.101 0.081
bg Flow value of nonemployment 2.282 2.223

Note: This table shows the estimated values of all labor market parameters—specifically, the offer arrival rate from nonem-
ployment lU

g , the job destruction rate dg, the relative arrival rate of voluntary on-the-job offers sE
g , the relative arrival rate

of involuntary job offers sG
g , and the flow value of nonemployment bg—separately by gender g 2 {M, F}. All rates are

monthly. Source: Model estimates based on RAIS, 2007–2014.

6.3 Estimates of Firm Types

Productivity. Our estimates of firm productivity p in Figure E.3 in Appendix E.6 display substantial

dispersion and a long right tail. The employment-weighted mean log productivity is 0.864 for men

and 0.781 for women, implying a gender productivity gap of 8.3 log points. The standard deviation

of log productivity is 0.573 for men and 0.601 for women, more than double that of firm pay. To

test whether our model estimates of firm productivity p captures real-world firm productivity, we

41Figure E.2 in Appendix E.5 shows large dispersion in estimated firm-level recruiting intensities, and more so for women.
42While women are more likely to be informally employed (Engbom et al., 2022) and out of the labor force (World Bank,

2021b), these estimates suggest that both sexes are similarly attached to Brazil’s formal sector conditional on participating.
For the U.S., Albanesi and Şahin (2018) also find that men’s unemployment rate has exceeded women’s in the recent past.

43Le Barbanchon et al. (2020) also find that unemployed men have a higher reservation wage than women in France.
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Table 6 shows that our estimated gender wedges significantly load onto factors related to the

female-friendliness of a workplace. For example, having a female manager is associated with lower

gender wedges. Employers with longer working hours, major financial stakeholders, and larger

workforces have higher gender wedges.45 Altogether, we explain 63.2% of the variation in estimated

gender wedges across firms. At the same time, it is worth noting that location- and industry-specific

characteristics explain a substantial share of our model estimates of gender wedges. This suggests

that gender wedges in our model capture important real-world employer differences.

Table 6. Regressing estimates of transformed gender wedges on employer characteristics

Coefficient (std. err.)
Female manager 0.006*** (0.002)
Nonroutine manual task intensity �0.001 (0.007)
Nonroutine interpersonal task intensity �0.002 (0.006)
Mean working hours �0.010*** (0.004)
No major financial stakeholders �0.010*** (0.002)
Log size �0.155*** (0.007)
R2 0.632
Within-R2 0.089

Note: This table reports estimated coefficients from regressing log transformed gender wedges, ln(1 � t), on observable
employer characteristics—see equation (25). Estimates are conditional on municipality and sector FEs. All covariates are
standardized and expressed in z-scores relative to the population of all firms for each gender. Details of all covariates are
presented in Appendix E.3. Standard errors are clustered at the employer level. ***, **, and * denote significance at the 1%,
5%, and 10% levels, respectively. Source: Model estimates based on RAIS, 2007–2014.

Amenity Cost Shifters. In Section 5.5, we discussed the identification of amenity cost shifters ca,0
g

separately from other (gender-specific) firm-level parameters. The firm-level estimates of ca,0
g are dis-

persed with long right tails, see Appendix Figure E.5. We relate the implied amenity values to real-

world amenity proxies as

logbagj = Zgjhg + igj, (26)

where bagj is the estimated amenity value for gender g at employer j, Zgj is a vector of gender-specific

employer covariates, and igj is an error. We include in Zgj eight variables based on the RAIS data.

Table 7 shows that, for both men and women, employers with more generous parental leave poli-

cies, more stable income and employment, and larger workforces are associated with higher amenity

values. For women, but not significantly for men, greater working hours flexibility is valued as a posi-

45We conservatively cluster standard errors at the employer level to address experimental design issues (Abadie et al., 2022).
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tive amenity.46 Altogether, we explain 70.4% of the variation in estimated amenities for men and 44.0%

of that for women. As before, it is worth noting that location- and industry-specific characteristics ex-

plain a substantial share of our model estimates of amenities. Again, this suggests that the model

amenities capture empirically relevant differences in employer characteristics. In order to reliably es-

timate the coefficients of specific employer characteristics, including location- and industry-specific

fixed effects is important. Otherwise, the estimated coefficients may be biased upwards (downwards)

if unobservable amenities are positively (negatively) correlated with our explanatory variables.

Table 7. Regressing estimates of amenity valuations on employer characteristics, by gender

Men Women
Coefficient (std. err.) Coefficient (std. err.)

Part-time work incidence �0.006 (0.012) 0.010 (0.007)
Working hours flexibility 0.008 (0.013) 0.020*** (0.006)
Parental leave generosity 0.093*** (0.024) 0.023*** (0.007)
Income fluctuations �0.034 (0.032) �0.002 (0.007)
Workplace hazards 0.016 (0.015) �0.002 (0.005)
Incidence of unjust firings �0.028** (0.014) �0.020** (0.009)
Incidence of workplace deaths �0.034*** (0.011) �0.047*** (0.010)
Log size 0.201*** (0.018) 0.139*** (0.021)
R2 0.704 0.440
Within-R2 0.238 0.090

Note: This table reports estimated coefficients from regressing log amenity valuations, ln(bgag), on observable gender-
specific employer characteristics—see equation (26). Estimates are conditional on municipality and sector FEs. All co-
variates are standardized and expressed in z-scores relative to the population of all firms for each gender. Details of all
covariates are presented in Appendix E.4. Standard errors are clustered at the employer level. ***, **, and * denote signifi-
cance at the 1%, 5%, and 10% levels, respectively. Source: Model estimates based on RAIS, 2007–2014.

Correlation Structure. Appendix Table E.1 correlates gender-specific pay wg, amenities ag, produc-

tivity net of gender wedges (1 � tg)p, employment lg, and employer ranks rg. At this stage, the most

interesting takeaway is that pay (0.909), ranks (0.576), and amenities (0.884) are positively but imper-

fectly correlated within employers across genders. For both genders, amenities are negatively related

to pay, which suggests the presence of compensating differentials.

6.4 Estimates of Economy-Wide Parameters

Table 8 shows our estimated elasticity of the vacancy cost function, hv = 2.062, which is in the range

of existing estimates for Brazil (Engbom and Moser, 2022). Our estimated elasticity of the amenity

46Again, we conservatively cluster standard errors at the employer level.
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Figure 3. Sectoral employer ranks against employer pay ranks, by gender
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Note: This figure shows ranks of employer utility (xg) against ranks of employer pay (wg) for men in Panel A and for
women in Panel B across 25 sectors. Marker sizes represent employment weights on which the linear fit lines are based.
Source: Model estimates based on RAIS, 2007–2014.

Figure 4. Sectoral employer ranks against employer amenity ranks, by gender
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Note: This figure shows ranks of employer utility (xg) against ranks of employer amenity valuations (bgag) for men in Panel
A and for women in Panel B across 25 sectors. Marker sizes represent employment weights on which the linear fit lines are
based. Source: Model estimates based on RAIS, 2007–2014.
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Figure 3. Sectoral employer ranks against employer pay ranks, by gender
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Note: This figure shows ranks of employer utility (xg) against ranks of employer pay (wg) for men in Panel A and for
women in Panel B across 25 sectors. Marker sizes represent employment weights on which the linear fit lines are based.
Source: Model estimates based on RAIS, 2007–2014.
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Note: This figure shows ranks of employer utility (xg) against ranks of employer amenity valuations (bgag) for men in Panel
A and for women in Panel B across 25 sectors. Marker sizes represent employment weights on which the linear fit lines are
based. Source: Model estimates based on RAIS, 2007–2014.

37



Pay & Amenity by Firm Rank

42

Figure 6. Pay, amenity valuations, and total compensation across employer ranks, by gender
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Note: This figure shows the relative values of log pay (ln wg), log amenity valuations (ln(bgag)), and log total compensation
(ln xg) across firm ranks (rg) separately for men in Panel A and for women in Panel B. All log values are normalized to zero
at the gender-specific group of bottom-ranked employers. Source: Model estimates based on RAIS, 2007–2014.

shows the density of amenity shares. For both men and women, amenity shares ranges from zero at

the low end all the way up to approximately three quarters at the high end. The mean amenity share

is 48.8% for men and 52.2% for women. Overall dispersion in amenity shares is lower for women

than for men. Panel B shows the estimated amenity shares across employer ranks rg. For men, the

amenity share is decreasing across most employer ranks. For women, the amenity share is mostly flat

and then spikes up in the top decile.

A potentially important consideration in interpreting these results is sectoral heterogeneity, in par-

ticular the role of the public sector. In Appendix F.3, we conduct a series of analyses to investigate the

sensitivity of our results to the in-sample presence of public-sector employers, which form an impor-

tant part of the Brazilian labor market in general, and more so for women than for men. However, we

estimate relatively stable magnitudes of pay gaps, amenity-valuation gaps, and total-compensation

gaps across genders in the private sector as well as in the public sector. In this sense, our main results

are not sensitive to the presence of the public sector.

7.3 Employer Pay Dispersion Reflecting Utility Dispersion

Our framework’s ability to account for differences in amenity valuations across employers allows us

to revisit hitherto documented facts about labor market inequality. As shown in Table 10, the variance

of log employer pay is 0.054 for men and 0.044 for women. Taken at face value, such dispersion in

pay for identical workers across employers suggests significant labor market imperfections for both
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Figure 7. Distribution of amenity shares in total compensation, by gender
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Note: Panel A of this figure shows the gender-specific employment-weighted distribution of amenity shares in total com-
pensation (ag/(wg + ag)). The grey patterned vertical lines show the population means for the corresponding gender
g 2 {M, F}. Panel B of this figure shows the amenity share in total compensation (ag/(wg + ag)) across employer ranks (rg)
separately by gender g 2 {M, F}. Source: Model estimates based on RAIS, 2007–2014.

genders. However, we find that the variance of log total compensation across employers is 0.002 (i.e.,

4.4% of pay dispersion) for men and 0.002 (i.e., 3.6% of pay dispersion) for women. Thus, the lion’s

share of firm pay differences are explained by compensating differentials due to firm amenities, with

only a small fraction reflecting utility differences. As a result, looking only at differences in pay across

employers vastly overstates labor market inequality for both men and women.50

Table 10. Decomposition of employer pay dispersion into utility and amenity terms

Men Women
Variances Level Share (%) Level Share (%)
Variance of log pay 0.054 0.044
Variance components of log pay:

Log utility 0.002 4.4 0.002 3.6
Log amenities 0.051 94.3 0.045 102.8
Covariance between log utility and log amenities 0.001 1.3 �0.003 �6.4

Covariance components of log pay:
Covariance between log utility and log pay 0.003 5.1 0.000 0.4
Covariance between log amenities and log pay 0.052 94.9 0.044 99.6

Note: This table shows the variance and covariance components of log pay (ln w). To this end, we define “amenities” as the
utility-to-wage ratio ã = x/w so that ln w+ ln ã = ln x. The variance components correspond to the variance decomposition
Var(ln w) = Var(ln x) + Var(ln ã)� 2Cov(ln x, ln ã). The covariance components correspond to the covariance decomposi-
tion Var(ln w) = Cov(ln w, ln x)� Cov(ln w, ln ã). Source: Model estimates based on RAIS, 2007–2014.

50This result mirrors a similar finding by Lamadon et al. (2022) who estimate a model without search frictions for the U.S.
labor market. What is striking is that we find a similarly small role for utility dispersion across firms using a model with
search frictions for a labor market characterized by significant imperfections in a developing-country context.
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7.4 Gender Gaps in Pay, Amenity Valuations, and Total Compensation

While there is a gender pay gap of 11.3 log points, we find a gender amenity-valuation gap of �6.7

log points in favor of women. As a result, the gender gap in total compensation is 4.6 log points

(i.e., 40.9% of the pay gap). That the total compensation gap is lower than the pay gap is a direct

consequence of the fact that women work at employers with higher amenity-valuation shares in total

compensation.

To shed light on the gender gaps in pay, amenity valuations, and total compensation, Table 11

shows Kitagawa-Oaxaca-Blinder decompositions into gaps between versus within employers.51 The

first row, repeated from the empirical analysis in Section 3, shows that the majority share of the gender

pay gap is between employers. The second row shows that the gender amenity-valuation gap of �6.7

log points is due to a larger between-employer component of �8.7 log points, reflecting the sorting of

women into high-amenity-valuation firms, and an offsetting within-employer component of 2.0 log

points, reflecting the amenity premium that men enjoy over women at the same firm. Altogether,

the gender gap in total compensation of 4.6 log points is almost entirely accounted for by the within-

employer gap. This suggests that in order to close the gender utility gap, we need to inspect factors

leading to unequal treatment of men and women within the same employer—such as the gender

wedges t in our model.52

Table 11. Kitagawa-Oaxaca-Blinder decompositions of gaps in pay, amenity valuations, and total
compensation

Between-employer gap Within-employer gap
Gender gap Level Share (%) Level Share (%)

Pay 0.113 0.089 78.7 0.024 21.3
Amenity-valuation �0.067 �0.087 130.0 0.020 �30.0
Total compensation 0.046 0.002 4.6 0.044 95.4

Note: This table shows results from the Kitagawa-Oaxaca-Blinder decomposition of the gender gaps in log pay (ln w), log
amenity valuations (ln ã = ln(x/w)), and log total compensation (ln x) into a between-employer and a within-employer
gap. To this end, we define “amenity valuations” as the utility-to-wage ratio ã = x/w so that ln w + ln ã = ln x. All decom-
positions are based on equation (2). Table B.1 in Appendix B.2 as well as Tables F.1–F.2 in Appendix F.1 show alternative
decompositions using men’s compensation for computing the between-employer component of pay, amenity valuations,
and total compensation, respectively. Source: Model estimates based on RAIS, 2007–2014.

At this point, it is worth taking a step back and highlighting the significance of the results in Table

51We obtain similar decomposition results for the whole economy (Table 11), the private sector only, or the public sector
only.

52Appendix E.10 compares the estimation results between our baseline model and the model extension where we allow
separation rates to be heterogeneous and nonincreasing in firm ranks. We demonstrate that our estimates are comparable
and that the decomposition results are largely similar to those presented here.
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Table 13. Effects of simulated equal-pay and equal-hiring policies

Baseline Equal-pay policy Equal-hiring policy
(0) (1) (2)

Gender log pay gap 0.109 0.028 0.034
between employers 0.082 0.028 0.006
within employers 0.027 0.000 0.028

Gender log amenities gap �0.066 0.003 0.011
between employers �0.075 �0.027 �0.006
within employers 0.009 0.030 0.017

Gender log utility gap 0.042 0.031 0.045
between employers 0.007 0.000 0.000
within employers 0.035 0.030 0.045

Output 1.000 0.986 0.997
Worker welfare 1.000 0.996 0.992

for men 1.000 0.996 0.991
for women 1.000 0.996 0.993

Total employment 0.771 0.763 0.764
for men 0.764 0.760 0.722
for women 0.781 0.767 0.825

Note: Table reports results from two counterfactual policy experiments. Log amenities are defined as the log amenity
valuations (ln ã = ln(x/w)). Baseline results (column 0) are compared against the economy with an equal-pay policy
(column 1) and the economy with an equal-hiring policy (column 2). Source: Model estimates based on RAIS, 2007–2014.

46



What’s Next?

47



Error Term in AKM?

■ Beautiful framework that bridges empirics and theory 
• should have many applications beyond the gender wage gap 

■ One of the first to give an exact meaning to AKM equation: 
 

■ At the same time, the model predicts there is no error term  

■ What is the error term  we always see in the data? — a question we tackle next

ϵgzj

ϵgzj
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