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Course Logistics

■ Lecture: 
• MonWed, 8:30-9:45am in SSW 315 

■ Instructor:  
• Masao Fukui (mfukui@bu.edu)  
• Office hours: MonTue 4:15-5:45pm in Room 400 (my office) 

■ Grades: 100% problem sets  
• The first problem is already posted, due Nov 14 

■ Optional: research proposal (I will read seriously and give feedback)
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Is Labor Market Competitive?

■ Competitive labor market  firms take wages as given 

■ This implies… 
1. Identical workers are paid the same wages 
2. Firms do not have wage-setting power  

■ The competitive labor market paradigm was dominant for many decades

⇒
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The Course Objective

■ In the data, (seemingly) identical workers paid differently depending on employers 
• static: different employers pay differently 
• dynamic: same employer pays differently over time 

■ Use theoretical models to understand the role of firms in wage determination 
• Why do different firms pay different wages? 
• Why does the same firm pay different wages to the worker? 
• Do firms have wage-setting power? 
• How does the firm distribution translate into wage distribution?
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Computation
■ Problem sets put emphasis on coding for two reasons: 

1. Coding skills are extremely important: 
Hard to write qualitative papers now, quantification is almost always necessary 

2. It forces you to understand the model: 
If you can’t write code to solve the model, you don’t understand the model 

■ Exploit new tools and technologies (it’s your comparative advantage!): 
1. Frontier computational methodogies (will cover them if time permits) 
2. AI tools (Codex CLI, Cursor, GitHub Copilot, etc) 
• But don’t confuse the goals with the means 
• Your goal is to learn, not to copy&paste AI outputs to get good grades
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AKM Model 

— Abowd Kramarz & Margolis (1999)

6



AKM Model
■ Consider the following statistical model by Abowd, Kramarz, and Margolis (1999): 

   
• : log wage of worker  at time  

• : firm employing worker  at time  

• : wage premium of firm  

■ Assume  for all . This embeds: 
1. Worker’s mobility decisions are not driven by time-varying wage fluctuations 
2. log wages are additively separable between worker- and firm-components 

■ Then, worker’s movements across firms identify  (up to a constant):

wit i t

j(i, t) i t

ψj j

𝔼[ϵit | j(i, s) = j] = 0 i, t, s, j

ψj
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wit = αi + ψj(i,t) + ϵit

𝔼[wit′￼
− wit | j(i, t′￼) = j, j(i, t) = k] = ψj − ψk



How Important is Firm FE?

■ Null hypothesis:  for all  under the competitive labor market 

■ This has been firmly rejected by many studies for various countries 

■ But how important is the firm FE in overall wage inequality?  

■ Variance decomposition: 
 

■ Song, Price, Guvenen, Bloom, and Wachter (2019) implementation: 
• Use tax data covering the universe of workers & firms in the US 1978-2013

ψj = ψ j
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Var(wit) = Var(αi) + Var(ψj) + Var(ϵit) + Cov(αi, ψj)



Firm Wage and Wage Inequality (US)

■ Firm FE accounts for 8-12% of wage inequality, stable over time 

■ Rising inequality due to 
1. A rise in the variance of worker FE 
2. A rise in the cavariance between worker FE and firm FE
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TABLE III
BASIC DECOMPOSITION OF THE RISE IN INEQUALITY OF ANNUAL EARNINGS

Interval 1 Interval 2 Interval 3 Interval 4 Interval 5 Change from
(1980–1986) (1987–1993) (1994–2000) (2001–2007) (2007–2013) 1 to 5

Comp. Share Comp. Share Comp. Share Comp. Share Comp. Share Comp. Share
(1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12)

Total Var(y) 0.708 — 0.776 — 0.828 — 0.884 — 0.924 — 0.216 —
variance

Components Var(WFE) 0.330 46.6 0.375 48.3 0.422 51.0 0.452 51.2 0.476 51.5 0.146 67.6
of variance Var(FFE) 0.084 11.9 0.075 9.7 0.067 8.1 0.075 8.5 0.081 8.7 −0.003 −1.6

Var(Xb) 0.055 7.8 0.065 8.4 0.079 9.5 0.061 6.9 0.059 6.4 0.004 1.8
Var(ϵ) 0.154 21.7 0.148 19.1 0.146 17.6 0.149 16.8 0.136 14.7 −0.018 −8.2
2*Cov(WFE, FFE) 0.033 4.7 0.057 7.3 0.076 9.2 0.094 10.6 0.108 11.7 0.075 34.8
2*Cov(WFE, Xb) 0.028 3.9 0.029 3.7 0.013 1.6 0.028 3.1 0.036 3.9 0.009 4.1
2*Cov(FFE, Xb) 0.022 3.1 0.025 3.3 0.023 2.7 0.024 2.7 0.027 2.9 0.005 2.2

Sum of Cov(y, FFE) 0.112 15.8 0.116 14.9 0.117 14.1 0.134 15.1 0.148 16.0 0.037 16.9
firm components

Counterfactuals 1. No rise in corr(WFE, FFE) 0.708 0.750 96.7 0.784 94.6 0.826 93.4 0.854 92.4 0.146 67.5
2. No fall in var(FFE) 0.708 0.788 101.4 0.854 103.1 0.898 101.6 0.929 100.6 0.221 102.4
3. Both 1 and 2 0.708 0.763 98.3 0.807 97.4 0.838 94.8 0.859 92.9 0.150 69.7

Notes. Var(y): variance of annual earnings, Var(WFE): variance of worker fixed effects, Var(FFE): variance of firm fixed effects, Var(Xb): variance of covariates, Var(ϵ): variance
of residual.

Sum of firm-related components is equal to var(FFE) + Cov(WFE, FFE) + Cov(FFE, Xb). Only men are included in these statistics. Only firms and individuals in firms with at
least 20 employees are included. Only employed individuals aged 20 to 60 are included in all statistics, where “employed” is defined as earning the equivalent of 2013 minimum
wage, adjusted for inflation with the PCE, for 40 hours per week in 13 weeks. Individuals and firms in public administration or educational services are not included.

Downloaded from https://academic.oup.com/qje/article/134/1/1/5144785 by guest on 28 November 2024

Source: Song, Price, Guvenen, Bloom, and Wachter (2019)

F
IR

M
IN

G
U

P
IN

E
Q

U
A

L
IT

Y
31

TABLE III
BASIC DECOMPOSITION OF THE RISE IN INEQUALITY OF ANNUAL EARNINGS

Interval 1 Interval 2 Interval 3 Interval 4 Interval 5 Change from
(1980–1986) (1987–1993) (1994–2000) (2001–2007) (2007–2013) 1 to 5

Comp. Share Comp. Share Comp. Share Comp. Share Comp. Share Comp. Share
(1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12)

Total Var(y) 0.708 — 0.776 — 0.828 — 0.884 — 0.924 — 0.216 —
variance

Components Var(WFE) 0.330 46.6 0.375 48.3 0.422 51.0 0.452 51.2 0.476 51.5 0.146 67.6
of variance Var(FFE) 0.084 11.9 0.075 9.7 0.067 8.1 0.075 8.5 0.081 8.7 −0.003 −1.6

Var(Xb) 0.055 7.8 0.065 8.4 0.079 9.5 0.061 6.9 0.059 6.4 0.004 1.8
Var(ϵ) 0.154 21.7 0.148 19.1 0.146 17.6 0.149 16.8 0.136 14.7 −0.018 −8.2
2*Cov(WFE, FFE) 0.033 4.7 0.057 7.3 0.076 9.2 0.094 10.6 0.108 11.7 0.075 34.8
2*Cov(WFE, Xb) 0.028 3.9 0.029 3.7 0.013 1.6 0.028 3.1 0.036 3.9 0.009 4.1
2*Cov(FFE, Xb) 0.022 3.1 0.025 3.3 0.023 2.7 0.024 2.7 0.027 2.9 0.005 2.2

Sum of Cov(y, FFE) 0.112 15.8 0.116 14.9 0.117 14.1 0.134 15.1 0.148 16.0 0.037 16.9
firm components

Counterfactuals 1. No rise in corr(WFE, FFE) 0.708 0.750 96.7 0.784 94.6 0.826 93.4 0.854 92.4 0.146 67.5
2. No fall in var(FFE) 0.708 0.788 101.4 0.854 103.1 0.898 101.6 0.929 100.6 0.221 102.4
3. Both 1 and 2 0.708 0.763 98.3 0.807 97.4 0.838 94.8 0.859 92.9 0.150 69.7

Notes. Var(y): variance of annual earnings, Var(WFE): variance of worker fixed effects, Var(FFE): variance of firm fixed effects, Var(Xb): variance of covariates, Var(ϵ): variance
of residual.

Sum of firm-related components is equal to var(FFE) + Cov(WFE, FFE) + Cov(FFE, Xb). Only men are included in these statistics. Only firms and individuals in firms with at
least 20 employees are included. Only employed individuals aged 20 to 60 are included in all statistics, where “employed” is defined as earning the equivalent of 2013 minimum
wage, adjusted for inflation with the PCE, for 40 hours per week in 13 weeks. Individuals and firms in public administration or educational services are not included.

Downloaded from https://academic.oup.com/qje/article/134/1/1/5144785 by guest on 28 November 2024



What Drives the Firm Wage Effect?

■ Why do some firms pay more than others to (seemingly) identical workers? 

■ Variation in  is often found to be systematic 

■ High-wage firms tend to  
• have higher value added (e.g., Card, Cardoso & Kline, 2016) 
• be larger (e.g., Bloom, Guvenen, Smith, Song & von Wachter, 2018) 
• be preferred by workers  (e.g., Sorkin, 2018) 

• provide better amenities  (e.g., Sockin, 2024) 

• outsource workers in food services, cleaning, security, and logistics occupations  
(Goldschmidt and Schmieder, 2017)

ψj
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Higher Firm Wage, Higher Value Added (Portugal)
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Figure IV: Firm Fixed Effects vs. Log Value Added/Worker
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Best‐fitting normalization:
Rent sharing starts at Log(VA/L) > 2.45

Note: points shown represent mean estimated firm‐specific wage premiums from AKM models for men and women, 
averaged across firms with value added data available in 100 percentile bins of mean log value added per worker.  See text 
for explanation of arbitrary normalization of the firm effects.

Source: Card, Cardoso, & Kline (2016).



Higher Firm Wage, Larger Firm Size? (US)
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We also plot the average values of worker 
and firm earnings components estimated using 
the AKM estimation equation (1)—in particular 
the firm fixed effect (triangles) and worker fixed 
effect (diamonds). Time-variant worker charac-
teristics and the residual component are omitted 
to highlight the key forces driving the changes 
over time.

In terms of AKM wage components, the figure 
shows two key results. First, the major driver of 
the LFWP in earlier time periods is the firm fixed 
effect, which accounted for around 70 percent of 
the LFWP from 1980 to 1986. That is, the same 
workers appear to get paid more to work in larger 
firms. Another 20 percent of the LFWP is driven 
by selection effects—workers in larger firms have 
superior worker fixed effects. The second main 
finding is that the reduction in the LFWP has 
almost entirely been driven by the drop in the firm 
fixed effect premium by firm size. In particular, 
average earnings have fallen notably for the larg-
est firm size group (15,000+ employees), driven 
almost entirely by the drop in the firm fixed effect. 
So, the fall in the LFWP appears to be driven by 
firms of 1,000 employees or more no longer pay-
ing above market salaries to their workers.

In Table 1 we formally decompose the change 
in the LFWP into its constituent AKM wage 

components. Given equation (1), log earnings is 
additively separable into the AKM components. 
Therefore, the coefficients in regressions of 
AKM components on log firm size mechanically 
add up to the total coefficient of log earnings on 
log firm size. The decomposition confirms the 
message of Figure 2. The decline in the rela-
tionship between firm fixed effects and firm size 
accounts for 87 percent of the total decline in 
the large firm premium. Another factor is a fall 
in the return to time-varying worker character-
istics at large firms—contributing 20 percent to 
the total decline in the LFWP. As these charac-
teristics include year and age effects, this result 
suggests that larger firms are becoming rela-
tively younger. In contrast, selection of worker 
types by firm size has remained relatively stable 
over the period. In fact, large firms are slightly 
more likely to hire high-wage workers in the 
most recent period. This modest compositional 
upgrading mitigates the decline of the LFWP—
accounting for an 8 percent increase.

In order to further understand the decline of 
the LFWP, we turn to an industry analysis. Table 
2 presents employment and the LFWP in both the 
first and last estimation intervals by nine broad 
industries. A few patterns are evident. First, we 
find a general decline in the LFWP within most 
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Figure 2. Mean AKM Components by Firm Size and Time Period

Notes: Firm size groups: 1 = 1–10, 2 = 10–50, 3 = 50–250, 4 = 250–1K, 5 = 1–2.5K, 6 = 2.5–10K, 7 = 10–15K, 
8 = 15K+. Age/year effects and the residual term are omitted.

Source: Bloom, Guvenen, Smith, Song & von Wachter (2018).
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Higher Firm Wage, Lower Separation (US)
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Figure 2: Separations and firm wage e↵ects

Elasticity (trimmed) =  -1.444 (0.092)
Elasticity (untrimmed) =  -1.261 (0.074)
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Note: The figure illustrates the split-sample approach using a control function. Residuals are
calculated from a regression of own-sample firm e↵ects on the complement-sample firm e↵ects,
and used as a control in a regression of separations on own-sample firm e↵ects. The plotted
points show the binned scatter points of this latter regression (i.e., depicting the partial cor-
relation). The vertical axis is separations divided by mean separations such that the slope of
the line represents the elasticity. The blue points represent quantiles of the trimmed sample,
which excludes the top and bottom 2.5 percent of the firm e↵ects distribution. The red points
represent quantiles of the excluded sample only, which we consider outliers. The trendline is a
cubic polynomial fitted to the trimmed sample.
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Higher Firm Wage, Higher Job Satisfaction (US)
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worker’s job satisfaction or real wage.18 Panel (a) of Figure 2 depicts the relation underlying

�R within bins according to �̂w
k0��̂w

k and reveals a clear negative relation. As workers move to

lower-paying firms, outside the upper tail of the distribution, the probability of experiencing

a job satisfaction decline rises steadily.19

Figure 2: Probability of Job Satisfaction or Wage Decline by Change in Firm Premia

(a) P(rating decline) (b) P(wage decline)

Notes: This figure depicts the probability of a worker experiencing a decline in overall rating in panel (a)
or in their real wage in panel (b) transitioning between firms that di↵er in their wage and ratings premia,
respectively. Workers are partitioned into twenty-five bins according to the measure on the x-axis.

The second coe�cient of interest, �w, captures the di↵erence in the probability of a worker

experiencing a real wage decline working for a firm that o↵ers on average one additional star

in job satisfaction. Panel (b) of Figure 2 depicts this relation within bins according to �̂R
k0��̂R

k

and reveals a clear negative pattern. In other words, pay cuts are increasingly more likely

to occur when transitioning to lower-satisfaction firms. A worker accepting a wage decline is

not an infrequent occurrence in the U.S. labor market, with estimates in the range of 23–43

percent of job transitions (Jolivet et al., 2006; Tjaden and Wellschmied, 2014; Sorkin, 2018).

In Glassdoor pay reports, 29 percent of job transitions are characterized by a real wage cut.

Because workers accept lower wages at their new firms, an improvement in amenities could

o↵set this loss. If this were broadly the case, we would expect wage declines to be more

frequent when moving to higher-satisfaction firms, not lower-satisfaction ones. However,

I document the opposite, suggesting realized pay cuts are generally not o↵set by favorable

18Alternative models using the change in each individual’s overall rating or real wage as the outcomes of
interest are presented in Figure J5. The takeaways are similar: On average, transitions to higher-paying
firms experience larger increases in job satisfaction and transitions to higher-rated firms faster wage growth.

19Using a survey of German workers, Jäger et al. (2024) find a similar pattern: individuals report higher
levels of job satisfaction with work when moving to higher-paying firms.
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Electronic copy available at: https://ssrn.com/abstract=3957002

Source: Sockin (2024).

Glassdoor
Probability of rating decline when workers change jobs



Firm Wage Effects Drive Wage Dynamics

■ So far, firm wage effects seem important for cross-sectional inequality 

■ Firm wage effects appear to be an important driver of earnings dynamics 
(Schmieder, von Wachter, and Heining, 2017)
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Careers after Mass Layoffs (Germany)
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window.19 Even absent matching, the evolution of earnings (panel A), wages 
(panel C), and employment (panel E) among the  nondisplaced is very similar to 

19 Pooling all displacement cohorts leads qualitatively to the same results. In the regressions, we include all dis-
placement years since the presence of worker fixed effects adjust for potential effects of changes in cohort composition.

Figure 1. Labor Market Outcomes of Displaced Workers before and after Job Loss

Notes: Panels on the left show average labor market outcomes for displaced workers (red diamond line), matched 
 nondisplaced workers based on the propensity score as described in text (navy circled line), and a random sample of 
 nondisplaced workers (blue squared line). The bands around the average values represent the mean plus and minus 
two standard errors. Each point represents the average value in the respective worker group. Panels on the right 
show the corresponding estimates of the effect of displacement from event study regressions using matched sample 
as control group that control for age, year, and individual fixed effects.The vertical bars represent 95 percent confi-
dence intervals around the point estimates. Panels A, C, and E (B, D, F) are constructed pooling workers displaced 
between 1980 and 1994 (1980 and 2005), while the outcome data spans  1975–2009. See notes to Table 1 and text 
for definition of sample and displacement event. Earnings are shown in euros at 2000 prices.
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window.19 Even absent matching, the evolution of earnings (panel A), wages 
(panel C), and employment (panel E) among the  nondisplaced is very similar to 

19 Pooling all displacement cohorts leads qualitatively to the same results. In the regressions, we include all dis-
placement years since the presence of worker fixed effects adjust for potential effects of changes in cohort composition.
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placement years since the presence of worker fixed effects adjust for potential effects of changes in cohort composition.

Figure 1. Labor Market Outcomes of Displaced Workers before and after Job Loss

Notes: Panels on the left show average labor market outcomes for displaced workers (red diamond line), matched 
 nondisplaced workers based on the propensity score as described in text (navy circled line), and a random sample of 
 nondisplaced workers (blue squared line). The bands around the average values represent the mean plus and minus 
two standard errors. Each point represents the average value in the respective worker group. Panels on the right 
show the corresponding estimates of the effect of displacement from event study regressions using matched sample 
as control group that control for age, year, and individual fixed effects.The vertical bars represent 95 percent confi-
dence intervals around the point estimates. Panels A, C, and E (B, D, F) are constructed pooling workers displaced 
between 1980 and 1994 (1980 and 2005), while the outcome data spans  1975–2009. See notes to Table 1 and text 
for definition of sample and displacement event. Earnings are shown in euros at 2000 prices.

20,000

25,000

30,000

35,000

E
ur

o

−5 0 5 10 15
Years since job loss

−5 0 5 10 15
Years since job loss

−5 0 5 10 15
Years since job loss

−5 0 5 10 15
Years since job loss

−5 0 5 10 15
Years since job loss

−5 0 5 10 15
Years since job loss

−10,000

−8,000

−6,000

−4,000

−2,000

0

E
ur

o

Panel A. Annual earnings in euros: raw means Panel B. Annual earnings in euros: event study

Panel C. log daily wage: raw means Panel D. log daily wage: event study

Panel E. Annual days worked: raw means Panel F. Annual days worked: event study

4.3

4.4

4.5

4.6

4.7

lo
g 

w
ag

e

−0.1

−0.08

−0.06

−0.04

−0.02

0

lo
g 

w
ag

e

260

280

300

320

340

360

D
ay

s

−100

−80

−60

−40

−20

0

D
ay

s

Random control
Matched control
Displaced

Random control
Matched control
Displaced

Random control
Matched control
Displaced

1222 THE AMERICAN ECONOMIC REVIEW MAY 2023

window.19 Even absent matching, the evolution of earnings (panel A), wages 
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19 Pooling all displacement cohorts leads qualitatively to the same results. In the regressions, we include all dis-
placement years since the presence of worker fixed effects adjust for potential effects of changes in cohort composition.

Figure 1. Labor Market Outcomes of Displaced Workers before and after Job Loss

Notes: Panels on the left show average labor market outcomes for displaced workers (red diamond line), matched 
 nondisplaced workers based on the propensity score as described in text (navy circled line), and a random sample of 
 nondisplaced workers (blue squared line). The bands around the average values represent the mean plus and minus 
two standard errors. Each point represents the average value in the respective worker group. Panels on the right 
show the corresponding estimates of the effect of displacement from event study regressions using matched sample 
as control group that control for age, year, and individual fixed effects.The vertical bars represent 95 percent confi-
dence intervals around the point estimates. Panels A, C, and E (B, D, F) are constructed pooling workers displaced 
between 1980 and 1994 (1980 and 2005), while the outcome data spans  1975–2009. See notes to Table 1 and text 
for definition of sample and displacement event. Earnings are shown in euros at 2000 prices.
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Careers after Mass Layoffs (Germany)
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window.19 Even absent matching, the evolution of earnings (panel A), wages 
(panel C), and employment (panel E) among the  nondisplaced is very similar to 

19 Pooling all displacement cohorts leads qualitatively to the same results. In the regressions, we include all dis-
placement years since the presence of worker fixed effects adjust for potential effects of changes in cohort composition.
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 nondisplaced workers based on the propensity score as described in text (navy circled line), and a random sample of 
 nondisplaced workers (blue squared line). The bands around the average values represent the mean plus and minus 
two standard errors. Each point represents the average value in the respective worker group. Panels on the right 
show the corresponding estimates of the effect of displacement from event study regressions using matched sample 
as control group that control for age, year, and individual fixed effects.The vertical bars represent 95 percent confi-
dence intervals around the point estimates. Panels A, C, and E (B, D, F) are constructed pooling workers displaced 
between 1980 and 1994 (1980 and 2005), while the outcome data spans  1975–2009. See notes to Table 1 and text 
for definition of sample and displacement event. Earnings are shown in euros at 2000 prices.
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window.19 Even absent matching, the evolution of earnings (panel A), wages 
(panel C), and employment (panel E) among the  nondisplaced is very similar to 

19 Pooling all displacement cohorts leads qualitatively to the same results. In the regressions, we include all dis-
placement years since the presence of worker fixed effects adjust for potential effects of changes in cohort composition.
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 nondisplaced workers (blue squared line). The bands around the average values represent the mean plus and minus 
two standard errors. Each point represents the average value in the respective worker group. Panels on the right 
show the corresponding estimates of the effect of displacement from event study regressions using matched sample 
as control group that control for age, year, and individual fixed effects.The vertical bars represent 95 percent confi-
dence intervals around the point estimates. Panels A, C, and E (B, D, F) are constructed pooling workers displaced 
between 1980 and 1994 (1980 and 2005), while the outcome data spans  1975–2009. See notes to Table 1 and text 
for definition of sample and displacement event. Earnings are shown in euros at 2000 prices.
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window.19 Even absent matching, the evolution of earnings (panel A), wages 
(panel C), and employment (panel E) among the  nondisplaced is very similar to 

19 Pooling all displacement cohorts leads qualitatively to the same results. In the regressions, we include all dis-
placement years since the presence of worker fixed effects adjust for potential effects of changes in cohort composition.
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 nondisplaced workers based on the propensity score as described in text (navy circled line), and a random sample of 
 nondisplaced workers (blue squared line). The bands around the average values represent the mean plus and minus 
two standard errors. Each point represents the average value in the respective worker group. Panels on the right 
show the corresponding estimates of the effect of displacement from event study regressions using matched sample 
as control group that control for age, year, and individual fixed effects.The vertical bars represent 95 percent confi-
dence intervals around the point estimates. Panels A, C, and E (B, D, F) are constructed pooling workers displaced 
between 1980 and 1994 (1980 and 2005), while the outcome data spans  1975–2009. See notes to Table 1 and text 
for definition of sample and displacement event. Earnings are shown in euros at 2000 prices.
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Wage loss Employment loss = +

■ It is well known that displaced workers suffer large and persistent earnings losses 

■ What drives the wage loss?



Losses in Firm Wage Effects

■ A sharp and permanent drop in firm (establishment) FE after displacement 

■ Larger wage losses if displaced by a firm with higher FE  

■ Firm wage effects account for 70-90% of the wage losses from displacement
17
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B. Employer-Level Determinants of the Average Cost of Job Loss

The findings in Section IVA suggest that the substantial wage losses at job loss 
documented in Section  II could be partly explained by losses in establishment 
characteristics. Figure  5 shows that losses in establishment effects indeed play 
an important role in explaining wage losses for displaced workers in Germany.  
Panels A and B show the average loss in wages and establishment effects for differ-
ent quintiles of the (worker weighted)  predisplacement distribution of establishment 
effects among the population of displaced workers.

Panel  A shows a clear ordering in the wage losses by  predisplacement estab-
lishment effects. There are no losses for the lowest quintile and more than ten log 
point losses at the top. Panel B of Figure 5 plots the corresponding establishment 
effect losses for the same quintiles of the  predisplacement distribution of establish-
ment effects. Comparing the two figures, it is immediately apparent that losses in 
wages closely correlate with losses in establishment effects. This is further shown 

Figure 4. Establishment Characteristics after Job Displacement

Notes: Panels A and B show the effect of job loss on establishment fixed effects (FE) and log establishment size 
from event study regressions (see Figure 1). Panel C shows histograms of the pre- and  postdisplacement distribu-
tion of establishment fixed effects, where the establishment fixed effects are normalized to percentiles of the over-
all distribution in the AKM sample (i.e., in a random sample the distribution would be uniform). Panel D shows 
a binned scatterplot of  postdisplacement establishment fixed effects versus  predisplacement establishment fixed 
effects among the displaced workers. Establishment effects are the average of the three years (five years) prior (post) displacement. Bins are vintiles of the distribution of  predisplacement establishment fixed effects among dis-
placed workers. The dashed gray line is a  45-degree line, the red line the regression line.
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in Panel C of Figure 5, which displays the binned scatterplot of  three-year losses 
in wages and  three-year losses in establishment effects. The two losses are propor-
tional with a slope coefficient 0.77, indicating an important role of losses in estab-
lishment effects we will examine more closely below.

A comparison of panels A and B of Figure 5 also reveals that the  long-term loss 
in wages particularly reflects the loss in establishment effects, while in the short 
run other factors appear to play an additional role. Job losers at the bottom of the 

Figure 5. The Relationship between Losses in Establishment Fixed Effects and Wage Losses at 
Job Displacement

Notes: Panels A and B show the effect of job loss on establishment fixed effects and log wages from event study regres-
sions (see Figure 1) separately by quintiles of the  predisplacement establishment fixed effect. The quintiles are based 
on the distribution among displaced workers. Panel C shows a binned scatterplot of the  difference-in-differences in 
log wages versus the  difference-in-differences in establishment fixed effects at job displacement (i.e., the change 
in outcome for a job loser relative to the change for a matched control observation, see Table 4 and Section ID). 
The gray dashed line is the  45-degree line, the red line the regression line. Panel D shows the effect of job loss on 
log wages from an event study regression (see Figure 1) while consecutively adding more  postdisplacement con-
trols: occupation and industry fixed effects, establishment size and establishment average wage, establishment fixed 
effects (from the AKM model), establishment fixed effects (from the AKM model) with coefficient constraint to 1, 
and duration of the  postdisplacement nonemployment spell. We measure nonemployment duration as the sum of all 
nonemployment spells in the years of job displacement (years c−1 and c) plus any contiguous ensuing full year of 
nonemployment. Due to the presence of a worker fixed effects, the regression effectively controls for the changes in 
these variables after job loss. The baseline specification corresponds to Figure 1 panel D.
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Beyond Additive Separability: 
Theory 
— Bonhomme, Lamadon, and Manresa (2019)
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Beyond Additive Separability?

■ AKM imposes (log-)additive separability: 

■ This is a strong assumption 

■ It implies that low- and high-wage workers equally benefit from high-wage firms 
(in proportional terms) 

■ Rules out complementarity 

■ Can we relax?

19

wit = αi + ψj(i,t) + ϵit



BLM Model

■ Consider a strict generalization of AKM: 
 

■ Flexible interaction term 

• AKM is a special case with  for all  

■ Can we identify ? 

bj = 1 j

bj

20

wit = bj(i,t) αi + ψj(i,t) + ϵit



Identification Assumptions

■ Two periods,  

■ Assumptions:  
1. we observe 

• a continuum of workers moving from firm  to   
• a continuum of workers moving from firm  to   

2.  holds for all 

t = 1,2

j j′￼

j′￼ j

𝔼[ϵit |αi, j(i,1) = j, j(i,2) = j′￼] i, j, j′￼

21

wit = ψj(i,t) + bj(i,t) αi + ϵit



Identification Result
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Identification Result
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Identification Result

■ Result:  is identified (up to scale){bj}
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bj
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w̄A2( j′￼) − w̄B1( j′￼)
w̄A1( j) − w̄B2( j)
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(αA − αB),

w
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Estimation in Practice
■ In practice, estimation poses a challenge 

■  is identified by comparing workers moving from  to  and  to  

■ For any firm pairs, there are only a handful of such job-movers 
• Regardless of the sample size of workers/firms 

■ This causes incidental parameter biases (a.k.a. “limited mobility bias”): 
• Estimates of non-linear models are biased with too little variation 

■ BLM (2019) solution: 

• Firms are clustered in  discrete firm types (  in the application) 

• Assume  and 

bj′￼
/bj j j′￼ j′￼ j

K K = 10

bj = b̃k( j) ψj = ψ̃k( j)

23



k-means Clustering
■ How do we know which cluster a firm belongs to? 

■ Use k-means clustering to partition firms: 
 
 
 

• : number of workers in firm  

• : grid points on wage distribution 

• : empirical cdf of wage distribution in firm  

■ BLM (2022): Even with continuous heterogeneity, k-means provide approximation 

nj j

wd

̂Fj(w) j

24

min
k(1),…,k(J),H1,…,HK

J

∑
j=1

nj

D

∑
d=1

( ̂Fj(wd) − Hk( j)(wd))
2



Two-Step Estimation
1. Cluster firms into  groups based on wage distributions using k-means 

• any language has a package with efficient algorithm 

2. Estimate parameters (in the previous example ) 
• In theory, non-parametric identification is possible (see the paper) 
• In application, assume 

• workers consist of  types indexed by  
• parameterize the wage distribution in terms of  
• estimate using maximum likelihood 

In the paper:  
“dynamic model” that incorporates hitory dependence in earnings and mobility

K

{ψk, bk, αi}

L α
(α, k)
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Beyond Additive Separability: 
Application 
— Bonhomme, Lamadon, and Manresa (2019)
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Application to Swedish Labor Market

■ Employer-employee data from Sweden, 2002 & 2004 

■ Focus on full-year employed male: 1,000,000 workers and 60,000 firms 

■ Parameteric assumptions: 

•  

• : proportion of  workers in firm  (non-parameteric) 

•  moving prob. of  workers from firm  to  (non-parameteric) 

■ With  and , we have 900 parameters to estimate

wit ∼ LN(μkα, σkα)

πkα α k

pkk′￼
(α) α k k′￼

K = 10 L = 6

27



Clustering
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TABLE I
DATA DESCRIPTION, BY ESTIMATED FIRM CLASSESa

Class: 1 2 3 4 5 6 7 8 9 10 All

Number of Workers 16,868 50,906 74,073 76,616 80,562 66,120 105,485 61,272 47,164 20,709 599,775
Number of Firms 5808 6832 4983 5835 3507 4149 3672 3467 2886 2687 43,826
Mean Firm Reported Size 12.43 20.92 42.68 28.47 65.06 32.30 60.08 51.24 54.16 50.86 37.59
Number of Firms ≥ 10

(Actual Size)
160 1034 1519 1357 1192 930 999 855 632 415 9093

Number of Firms ≥ 50
(Actual Size)

7 87 260 225 270 162 245 183 147 52 1638

% High School Drop Out 28.5% 27.8% 25.9% 26.8% 22.2% 23.8% 18.9% 12.9% 6.1% 3.2% 20.6%
% High School Graduates 61.3% 63.4% 62.3% 63.3% 59.1% 62.7% 58.4% 49.3% 34.9% 25.6% 56.7%
% Some College 10.2% 8.8% 11.8% 9.9% 18.7% 13.5% 22.8% 37.8% 59.0% 71.2% 22.7%

% Workers Younger
Than 30

24.3% 19.5% 19.8% 17.5% 18.6% 15.4% 13.8% 14.3% 15.0% 14.3% 16.8%

% Workers Between 31
and 50

54.1% 54.6% 55.0% 56.2% 56.0% 57.6% 58.5% 58.9% 60.0% 64.2% 57.2%

% Workers Older
Than 51

21.7% 25.9% 25.1% 26.3% 25.5% 27.0% 27.6% 26.8% 25.0% 21.5% 26.0%

% Workers in
Manufacturing

24.3% 39.3% 46.8% 53.0% 51.5% 52.0% 53.0% 40.3% 31.5% 7.6% 45.4%

% Workers in Services 39.3% 32.1% 23.3% 19.7% 14.4% 15.0% 16.0% 29.7% 52.1% 72.6% 25.3%
% Workers in Retail and

Trade
26.4% 19.0% 24.9% 10.6% 29.3% 7.9% 8.4% 17.7% 14.8% 18.7% 16.7%

% Workers in
Construction

9.9% 9.6% 5.1% 16.8% 4.9% 25.1% 22.5% 12.3% 1.5% 1.1% 12.6%

Mean log-Earnings 9.69 9.92 10.01 10.06 10.15 10.16 10.24 10.36 10.50 10.77 10.18
Variance of log-Earnings 0.101 0.054 0.085 0.051 0.102 0.051 0.077 0.096 0.109 0.173 0.124
Skewness of log-Earnings -1.392 -0.709 0.345 0.019 0.576 0.433 0.474 0.703 0.385 1.001 0.582
Kurtosis of log-Earnings 7.780 14.093 9.017 15.565 7.788 14.763 10.033 8.141 6.651 6.984 7.400
Between-Firm Variance

of log-Earnings
0.0462 0.0044 0.0036 0.0018 0.0032 0.0016 0.0016 0.0045 0.0057 0.0435 0.0475

Mean log-Value-Added
per Worker

12.40 12.58 12.69 12.69 12.84 12.75 12.87 12.94 13.03 13.18 12.74

aThe table corresponds to males fully employed in the same firm in 2002 and 2004, for firms that are continuously present in the sample. The “actual size” is the number of workers per firm in our
sample. All numbers in the table correspond to 2002.
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Main Result

1. No strong evidence of complementarity 
• If anything, low-wage workers gain the most from working at high-wage firms 

2. Strong sorting between high-wage firms and high-wage workers
29
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FIGURE 2.—Main parameter estimates of the static model. Notes: Estimates of the static model, on
2002–2004. In the left graph, we plot estimates of means of log-earnings, by worker type and firm class. We
order the K = 10 firm classes (on the x-axis) by mean log-earnings. On the y-axis, we report estimates of mean
log-earnings for the L = 6 worker types. In the right graph, we show estimates of the proportions of worker
types in each firm class. In the left graph, the brackets indicate pointwise parametric bootstrap 2.5%–97.5%
quantile bands (computed using 200 replications).

In the right panel of Figure 2, we report the estimated proportions of worker types in
each firm class. The results show how the composition of worker types differs markedly
across firm classes. For example, the lowest-class firms (in terms of mean log-earnings)
employ mostly the bottom two worker types, while the highest-class firms employ mostly
the top three worker types. Overall, the two graphs in Figure 2 suggest that variation
in log-earnings between firm classes is mainly due to firms employing different workers,
rather than differences in earnings for a given worker type.

Variance Decomposition and Reallocation

We next report the results of several exercises that illustrate how earnings and heterogene-
ity relate to each other. We start with a decomposition of the variance of log-earnings. In
the literature since Abowd, Kramarz, and Margolis (1999), it is common to decompose
the variance of log-earnings—net of observed covariates—into four components: the vari-
ance of worker effects α (i.e., coefficients of worker type indicators), the variance of firm
effects ψ (i.e., coefficients of firm class indicators), twice the covariance between the two,
and the variance of residuals ε. In our nonlinear model, we perform a similar decomposi-
tion by working with a linear projection of log-earnings on worker type indicators and firm
class indicators, in a regression without interactions. The results of the decomposition re-
ported in the top panel of Table II show two main features. First, worker heterogeneity
explains substantially more variation in earnings than firm heterogeneity. Differences in
firm classes only account for 2$6% of the variance, compared to 60% for the part due
to differences in worker types. The second main finding is that the part explained by the
covariance is substantial. The correlation between worker and firm effects is 49%, which
suggests the presence of strong sorting between workers and firms. This is in line with the
evidence documented in the right panel of Figure 2.

As a first way to quantify the economic magnitude of complementarities, we next assess
the explanatory power of worker types and firm classes when those enter the regression
interactively as opposed to additively. The R2 coefficient in the linear regression is 74$8%,
while in the regression that includes all interactions between worker type indicators and
firm class indicators, the R2 is 75$8%. Hence, while the left panel of Figure 2 suggests the
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Puzzle to Keep in Mind

30

“the presence of strong sorting, together with the absence of strong 
complementarities in wages, is difficult to reconcile with models where 
sorting is driven by complementarities in production” 

— Bonhomme, Lamadon, and Manresa (2019)



Summary

■ AKM firm fixed effects: 
• accounts for an important share of cross-sectional wage inequality 
• vary systematically with respect to firm characteristics 

■ BLM relaxes strong parameteric assumption in AKM… 
…yet it turns out AKM was good enough! 

■ AKM/BLM firm effects are statistical in nature 

■ What do these objects mean? — a question we tackle next
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