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Abstract

This paper investigates how minimum wage policies can reduce wage inequality by influenc-

ing within and between firm inequality. Using rich administrative employer-employee linked

data from Germany, I exploit the introduction of the national minimum wage in 2015 to analyze

changes in the overall variance of daily wages and decompose these changes into within-firm

and between-firm components. The Difference-in-Differences estimations reveal that the min-

imum wage lowers the overall variance of log daily wages by 8% to 12.6%. Crucially, most of

this reduction stems from declines in between-firm variance, driven by decreases in worker-

firm assortativeness, worker segregation, and the dispersion of firm-specific wage premia. My

findings suggest that minimum wage policy can be an effective instrument for mitigating firm-

driven wage inequality.
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1. Introduction

Income inequality is a key topic in labor economics, raising important questions about its causes

and solutions. Two critical areas of focus are: how labor market policies can reduce inequality,

and the role of firms in shaping wage disparities. Among various policy tools, the minimum

wage is widely regarded as an effective instrument for reducing wage inequality by boosting the

earnings of low-wage workers and compressing the wage distribution. However, the minimum

wage is not solely a worker-focused policy; it also directly influences firms’ wage-setting power,

potentially altering wage differentials across firms. While the minimum wage’s effects on the

overall wage distribution of workers are well-documented, its influence on the components of

inequality within and between firms remains less explored. This raises a crucial question: can

the minimum wage also function as an effective firm-centered policy to address wage disparities

originating from firms?

This paper addresses these questions by examining the German minimum wage policy intro-

duced in 2015, leveraging administrative employer-employee linked data. Previous literature

highlights the increasing influence of firms on income inequality, particularly through firm pay

heterogeneity and worker-firm assortativeness. In the United States, Song et al. (2019) demonstrate

that two-thirds of the rise in the variance of log wages between 1978 and 2013 can be attributed to

growing differences in wages between firms. This increase is largely driven by worker sorting and

segregation, reflecting changes in the composition of workers across firms. Similarly, in Germany,

Card et al. (2013) reveal that rising dispersion in firm wage premiums and increased worker-firm

assortativeness accounted for more than half of the increase in wage inequality between 1985 and

2009. In this study, I decompose wage variance into within-firm and between-firm components

using AKM regressions with clusters fixed effects. My findings show that the largest share of

wage dispersion stems from between-firm inequality in Germany from 2012 to 2018, with firms’

pay premia dispersion, worker-firm sorting and segregation accounting for over 55% of total wage

inequality.

The significant role of firms in driving wage inequality underscores the importance of labor

market policies that target not only worker-level factors, such as training and education, but also

firm-level disparities and wage-setting practices (OECD, 2021). Previous research demonstrates
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that the introduction of minimum wages often has minimal to no adverse effects on employment

(Card, 1993), while effectively mitigating wage dispersion and raising wages for workers in the

lower tail of the wage distribution (Machin et al., 2003; Butcher et al., 2012; Autor et al., 2016;

Fortin et al., 2021; Engbom and Moser, 2022).

In this study, I assess the effects of the minimum wage on wage inequality and its components

with the Difference in Differences estimations. The findings reveal that the overall variance of log

daily wages decreases by approximately 8% to 12.6% due to the minimum wage. The reduction

in wage inequality is primarily driven by decreases in between-firm variance, as the minimum

wage reduces the dispersion of worker composition among firms and narrows the variation in

firm-specific pay premia. Specifically, the largest contributor to the decline in wage variance is the

reduction in the covariance of firm and worker fixed effects, indicating that the minimum wage

reduces worker-firm assortativeness. The second key driver is the reduction in worker segrega-

tion, as the minimum wage decreases the concentration of low- and high-productivity workers

in separate firms. Additionally, the dispersion of firm-specific wage premia declines, contribut-

ing 22.7% to the overall reduction in wage variance. By contrast, within-firm variance decreases

only slightly, accounting for a modest 6.8% of the total reduction in wage variance attributable

to the minimum wage. These findings suggest that the minimum wage effectively reduces wage

dispersion, particularly through its impact on between-firm differences.

Previous studies highlight the role of spillover effects in narrowing overall wage disparities, par-

ticularly in the middle part of the wage distribution (Machin et al., 2003; Butcher et al., 2012; Autor

et al., 2016; Fortin et al., 2021; Engbom and Moser, 2022). Bossler and Schank (2023) reports that

nearly half of the recent decline in wage inequality in Germany can be attributed to the introduc-

tion of the national minimum wage in 2015, with spillover effects accounting for about half of this

reduction. These effects benefit workers who were earning above the minimum wage threshold.

Despite these findings, few studies examine the types of firms where such spillover effects occur.

For example, Engbom and Moser (2022) show that minimum wage policies in Brazil accounted

for 45% of the reduction in wage inequality between 1996 and 2018. In this context, firms play

a crucial role, as those paying above the minimum wage also increase wages to maintain their

relative rank compared to other firms. Similarly, Gopalan et al. (2021) find that spillover effects
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contribute approximately 20% of the total increase in labor costs for incumbent workers, though

these effects are observed primarily in firms with a substantial share of low-wage employees.

Building on this literature, I investigate the spillover effects of the minimum wage by separately

estimating its impact on firms that hired sub-minimum wage workers before the policy (exposed

firms) and those that did not (non-exposed firms). My findings reveal that the minimum wage im-

pacts not only firms directly affected by the policy but also reduces wage dispersion among firms

that already pay higher wages. Spillover effects to non-exposed firms account for approximately

12% to 37% of the overall reduction in wage variance due to the minimum wage.

My analysis also indicates that the reduction in worker sorting and segregation is not merely a

mechanical consequence of reduced within-firm inequality. Instead, the minimum wage has a sub-

stantive effect in reducing worker composition differences between firms. This finding aligns with

existing research on the relationship between minimum wage policies and job mobility. For ex-

ample, Dustmann et al. (2021) demonstrate that minimum wages facilitate the reallocation of low-

wage workers to higher-paying firms, leading to a reduction in the covariance between worker

and firm fixed effects. Similarly, Butschek (2022) show that firms affected by minimum wage poli-

cies tend to raise their hiring standards, prioritizing more productive workers. This shift likely

reduces sorting and segregation, particularly in treated firms that previously offered lower wage

premiums.

Additionally, the reduction in the variance of firm wage premia may be connected to research on

the relationship between minimum wage policies and productivity. Haelbig et al. (2023) find that

the German minimum wage increases productivity in treated firms. This narrowing of productiv-

ity gaps could explain the reduced dispersion in firm wage premia. Alternatively, the minimum

wage might directly weaken the pass-through of productivity to firm wage premia, thereby limit-

ing firms’ wage-setting power (OECD, 2021).

In summary, this study makes two key contributions to the literature. First, it quantifies the

impact of minimum wages on both within-firm and between-firm wage inequality, demonstrating

that this policy serves as a powerful tool for shaping firms’ pay structures and practices while

promoting job mobility. Second, it quantifies the contribution of spillover effects to the reduction

in overall wage dispersion, showing that even firms not directly exposed to the minimum wage
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experience a decrease in wage dispersion. These spillover effects account for a significant portion

of the overall reduction in wage variance.

The paper is organized as follows. Section 2 provides an overview of the German minimum

wage policy and describes the dataset. Section 3.2 presents the measures of within- and between-

firm wage inequality. Section 4 outlines the identification strategy and reports the main results

from the Difference-in-Differences estimations using the Recentered Influence Function. Section

5 discusses the estimated effects of the minimum wage on wage variance and its components,

analyzes spillover effects, and explores potential explanations for the findings. Finally, Section 6

concludes the paper.

2. Institutional background and Data

2.1. German minimum wage

Germany implemented its first national minimum wage in January 2015, setting the minimum

hourly wage at €8.50. Prior to this, only sector-specific minimum wages existed in Germany, cov-

ering industries such as construction, roofing, and hairdressing. These sector-specific wages ap-

plied to only a small fraction of the workforce. The 2015 nationwide minimum wage, however,

applied to almost all employees, with a few exceptions, including apprentices, interns, volunteers,

young workers under 18, and long-term unemployed individuals during their first six months of

employment. The statutory minimum wage directly affected over 10% of the total workforce.

The German Minimum Wage Commission reviews the wage threshold every two years. Since

its introduction, the minimum wage has been gradually increased, reaching €8.84 in January 2017

and continuing to rise over time. By January 1, 2024, the threshold had reached €12.41. However,

within my sample period (2012–2018), the 2017 increase is not particularly significant, as it was

mainly an adjustment for inflation and did not substantially alter the real minimum wage.

Overall, the 2015 introduction of the national minimum wage represents the most significant

policy shift in terms of both its scope—covering almost all employees—and its level, moving from

no general minimum wage to €8.50. Accordingly, I treat the 2015 policy as a quasi-natural experi-

ment and leverage regional-level treatment variations (see Section 4 for detail) of the policy.
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2.2. Data

This study utilizes the Sample of Integrated Employer-Employee Data (SIEED) from the Institute

for Employment Research (IAB) (vom Berge et al., 2020). The dataset is derived from an initial

1.5% random sample of German establishments,1 referred to as panel cases, covering the period

from 1975 to 2018. The dataset includes all employees who worked at least one day in these panel

case establishments, along with their complete employment histories from the German social se-

curity system. Additionally, the data captures establishments linked to panel case establishments

through workers’ employment trajectories. However, for these linked establishments, only the

workers connected to the panel case establishments are observed, while other workers are ex-

cluded.

Sample construction.—The SIEED dataset provides comprehensive information on both estab-

lishments and workers. Establishment characteristics include location, industry classification, and

size. Worker characteristics encompass demographic details such as age, gender, and education,

alongside work-related attributes including wages, employment type, and employment duration.

As wages in the SIEED dataset are top-censored at social security contribution ceilings, I impute

these values based on the approach in Dauth and Eppelsheimer (2020). The imputation procedure

groups observations by year, region (East/West Germany), and education level. Tobit regressions

are then performed within each group to estimate log wages for censored observations. To account

for individual and firm fixed effects, the regressions are repeated, incorporating leave-one-out

means of workers’ log wages over time, along with leave-one-out means of log wages for workers

within each establishment for a given year.

The dataset, initially structured in spell form with each row representing an individual’s em-

ployment spell, is transformed into a yearly panel. For individuals holding multiple jobs in the

same year, only the job with the highest earnings is retained.

Sample restrictions.—Following Card et al. (2013), I analyze the distribution of daily wages,

restricting the sample to full-time workers to minimize the influence of working hours on wage

dispersion. Although hourly wages would be preferable for this analysis, the dataset lacks infor-

mation on working hours. The sample is further restricted to workers aged 18 to 60 earning daily

1Throughout this study, the terms ”establishment” and ”firm” are used interchangeably.
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Table 1: Summary statistics table

Variable
Share of Female 0.305
Workplace in Eastern Germany 0.176
Mean age 42.663
Mean tenure 9.043
Daily wage 132.309
SD of daily wage (98.408)
Log daily real wage 4.717
SD of log daily wage (0.549)
Mean firm size (full time) 881.124
Firm size<10 0.168
Firm size: 10-99 0.350
Firm size:>=100 0.482

Observations

Number of worker-year 1,861,046
Number of workers 508,663
Number of establishments 22,369

Notes: The table shows worker-year weighted
summary statistics.
Data: SIEED, 2012-2018.

wages exceeding 10 Euros. Moreover, the main analysis focuses on panel-case firms observed

between 2012 and 2018. This restriction maintains the representativeness of the sample while en-

suring the inclusion of all workers meeting the sample criteria within each establishment. This

approach also enables a clear distinction between firms directly exposed to the minimum wage

and those that are not. Table 1 presents the summary statistics of the sample, which consists of

approximately 1.86 million worker-year observations, 508,664 unique workers, and 22,369 unique

firms. The sample includes firms of all sizes, including a significant share of very small firms with

fewer than 10 employees.

Figure 1a illustrates the wage growth of daily wages from 2012 to 2018, calculated as the differ-

ence between log daily wages in year t and log daily wages in 2012. From 2012 to 2014, wages at

lower percentiles, such as the 5th and 10th, exhibit faster growth compared to higher percentiles.

In 2015, the 5th and 10th percentiles show even more pronounced growth, as evidenced by the

steeper slope in the figure. Figure 1b depicts the growth of mean wages among firms, weighted

by firm size. Similar to the wage growth observed among individual workers, wages at the 5th
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Figure 1: Wage growth at various percentiles

(a) Log daily wage of workers (b) Mean of log daily wages of firms

Notes: The left panel illustrates the evolution of log differences between daily wage percentiles
of workers, normalized to zero in 2012. The right panel presents the evolution of log differences
between mean daily wage percentiles of firms, also normalized to zero in 2012.
Data: SIEED, panel-case firms, 2012-2018.

and 10th percentiles grow faster than those at higher percentiles, with an accelerated growth rate

in 2015, suggesting the impact of the minimum wage. Both figures indicate that the introduction

of the minimum wage may have contributed to a reduction in wage dispersion among individu-

als as well as a reduction in the dispersion of mean wages across firms. However, the change in

firm-level average wages does not distinguish whether increases in mean wages at certain firms

result from changes in worker composition, such as the entry of more skilled employees, or from

firms raising pay for their workforce. To address this, the next section provides a more detailed

decomposition of wages and their variance.

3. Measures of within and between firm wage inequality

3.1. Worker and firm fixed effects

To quantify within- and between-firm wage inequality, I employ the AKM model (Abowd et al.,

1999) and follow the estimation approach outlined in CHK (Card et al., 2013). The AKM model is

specified as follows:

yi,t = Xi,tβ + θi + ϕj + ri,t (1)
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where yi,t denotes log daily wages. The term θi captures individual fixed effects, reflecting returns

to ability or other time-invariant personal characteristics, while ϕj represents firm-specific wage

premiums. The vector Xi,t comprises the full set of time-varying worker characteristics, including

five education dummies fully interacted with year dummies, as well as a cubic polynomial in age

normalized to 40.2

Equation 1 is estimated using the largest connected set of firms, defined as the largest group

of establishments connected by worker mobility. Firm fixed effects are identified through these

movers.3 An issue with AKM estimation is the limited mobility bias (Andrews et al., 2008), which

arises when the number of workers moving between firms is small. While this does not bias the

estimators of firm fixed effects directly, it leads to biased variance estimates. Specifically, the vari-

ance of firm fixed effects tends to be overestimated, and the covariance between firm and indi-

vidual fixed effects is underestimated, even becoming negative. To address the limited mobility

bias, I adopt the firm clustering method from BLM (Bonhomme et al., 2019). Firms are grouped

into clusters based on their wage distributions.4 The clustering process solves a weighted k-means

problem,

min
k(1),...,k(J),H1,...,HK

J

∑
j=1

nj

∫ (
F̂j(w)− HKj(w)

)2
dµ(w),

where k(1), . . . , k(J) define a partition of firms into K clusters, F̂j(w) represents the empirical cu-

mulative distribution function (CDF) of log-wages for firm j, nj is the average number of workers

in firm j, and H1, . . . , HK are generic CDFs. I set the number of clusters to 1,000 and use firms’

wage distributions, evaluated on 40 grid points of the wage distribution.5 After dividing firms

into 1,000 clusters, cluster fixed effects are estimated instead of firm fixed effects:

yi,t = Xi,tβ + θi +
1000

∑
k=1

ϕk1(j(i, t = k) + ri,t (2)

2To avoid multicollinearity between the linear age and year terms, the linear age term is omitted, and the age variable
is normalized so that its profile is flat at 40. For a more comprehensive explanation, please see Card et al. (2018).

3Firm fixed effects may reflect earnings components unique to movers both before and after changing jobs. As a
result, estimating the AKM model depends on the validity of the Conditional Random Mobility (CRM) assumption.
Appendix A presents the event study results and discusses the validity of the CRM assumption.

4The clustering is implemented using the R package rblm provided by Bonhomme et al. (2019). I use only the clustering
method from the BLM framework, no worker types are involved.

5Figure B1 illustrates the size distribution of firms grouped into ten clusters.
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Since I am still interested in firm wage dynamics, I assign the corresponding cluster fixed effect

back to each firm, denoted as ϕj.

The sample used to estimate Equation 2 differs from that used in the main analysis. Worker

restrictions remain the same, including full-time workers aged 18 to 60 with daily wages of at least

10 euros. However, to expand the range of establishments linked by movers, the model incorpo-

rates both panel-case and non-panel-case firms from 2008 to 2018. The clustering procedure and

Equation 2 are conducted separately for seven rolling time periods, covering p− 4 to p (2008–2012,

2009–2013, ..., 2014–2018). The estimation is performed on the largest connected set of workers and

clusters within each rolling period.6

To ensure comparability of firm fixed effects across different periods, the firm fixed effects are

normalized using the average firm fixed effect of the hotel industry. Specifically, I treat firms in the

hotel industry as representing no-surplus firms and subtract the average firm fixed effect of the

restaurant industry for each period from all firm fixed effects within that period. As a robustness

check, I alternatively use the restaurant industry as the reference group for normalization across

periods

After estimating the worker and firm wage fixed effects, I refine the sample to match the main

analysis by excluding non-panel-case firms. Within each rolling period, worker and firm fixed

effects are constant over the five years of that period. Consequently, I retain only the final year of

each rolling period. In other words, the worker and firm fixed effects for observations in year t are

derived using data from the preceding five years, spanning t − 4 to t.

3.2. Variance decomposition

Using the estimated parameters from Equation 2, the variance of log daily wages can be decom-

posed into components reflecting within-firm and between-firm wage variation:

var(yi,t) = var(θi) + var(ϕj) + var(Xi,tβ) + var(ri,t)

+2cov(θi, ϕj) + 2cov(Xi,tβ, θi) + 2cov(Xi,tβ, ϕj). (3)

6The largest connected set is identified, and the estimation is conducted using the Stata command reghdfe.
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If the time-variant term Xi,t is ignored, the within-firm variance simplifies to var(θi) + var(ri,t),

while the between-firm variance becomes var(ϕj) + 2cov(θi, ϕj). Following Song et al. (2019), I

further decompose θi as θi = (θi − θ̄j) + θ̄j, where θ̄j represents the average θi within firm j. Using

this decomposition, the variance of wages can be further expressed as

var(yi,t) = var(θi − θ̄j) + var(ri,t)︸ ︷︷ ︸
within-firm component

+ var(ϕj) + var(θ̄j) + 2cov(θ̄j, ϕj)︸ ︷︷ ︸
between-firm component

,

where the between-firm components are weighted by the number of workers in firm j in year

t. The within-firm component captures wage variations attributable to person-specific constant

factors. The between-firm component represents variations across different firms and can be fur-

ther decomposed into three parts. The first part is the variance of firm-specific wage premiums,

var(ϕj). The second part reflects the segregation effects of workers among firms, var(θ̄j), which

measures for example, whether high-wage workers are concentrated within specific firms. The

third part, 2cov(θ̄j, ϕj), captures sorting effects, indicating whether high-wage workers are matched

with high-wage firms.

Figure 2 illustrates the evolution of the overall variance of log daily wages and the contributions

of person fixed effects, firm wage premiums, worker sorting, and segregation to wage dispersion.

Figure 2a displays the absolute values of each component, while Figure 2b shows their growth

rates relative to 2012.

According to Figure 2a, the variance of log daily wages decreases from 0.313 in 2012 to 0.295

in 2018. In 2012, the largest contributor to wage dispersion is the returns to workers’ fixed skills,

accounting for approximately 28% of the total variance. The second largest component is worker

sorting to firms, which contributes about 24%. Segregation accounts for 21%, while the variance

of firm fixed effects represents the smallest share, around 11%. The between-firm dispersion ac-

counted for 56% of the total wage variance.

Figure 2b shows that between 2012 and 2014, most components remain relatively stable, with a

decrease in the variance of firm wage premiums. Beginning in 2015, this decline in the variance of

firm fixed effects accelerates. The variance of overall wage dispersion, as well as the components

related to worker sorting and segregation, also decreases more significantly relative to 2014. In
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Figure 2: Variances decomposition

(a) Variances development (b) Variance growth rate, centered 2012

Notes: The left panel illustrates the variance of log daily wages over time, along with the contri-
bution of each component to the total variance. Each component is depicted using a distinct color.
The right panel presents the growth rate of the variance of log daily wages and its components
relative to 2012. The growth rate is calculated as (Var(yi,t)− Var(yi,2012)/Var(yi,2012).
Data: SIEED, 2012-2018.

contrast, the variance of personal fixed effects shows only a slight reduction in 2016 before return-

ing to its 2012 level by 2018.

These findings highlight that between-firm inequality constitutes the largest share of overall

wage inequality. Furthermore, following the introduction of the minimum wage policy, the re-

duction in between-firm wage inequality is more substantial than the reduction in within-firm

inequality.

4. Difference-in-differences

After calculating the measures of within- and between-firm inequality, I apply a Difference-in-

Differences (DiD) estimation strategy to identify the effect of the minimum wage on changes in

inequality. The analysis is based on the main sample, covering the years 2012 to 2018, and includes

only panel-case firms.

Given that the German minimum wage was implemented as a nationwide policy at the same

time across the country, I use a continuous measure of minimum wage exposure: the gap variable

from Dustmann et al. (2021):
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Gapc =
1
4

2014

∑
t=2011

∑i∈c hi,t Max{0, 8.5 − wagei,t}
∑i∈c hi,twagei,t

This variable represents the percentage increase required in the original total hourly wages (weighted

by weekly working hours, hi,t) within a region c to meet the minimum wage threshold of €8.50.

Following Firpo et al. (2009), I use recentered influence functions (RIFs) to estimate the effect of

minimum wage treatment on the unconditional distribution of wages. After calculating the RIFs

for the relevant distributional statistics, these are incorporated into a DiD regression as dependent

variables. The coefficient in a RIF regression is interpreted as the change in the unconditional distri-

butional statistic of Y resulting from a one-unit increase in the unconditional mean of X (Rios-Avila,

2020). The distributional statistics used to measure inequality include variances and covariances,

as described in Section 3.2. The RIFs are computed as follows

RIF(y, σ2
Y) = (y − µY)

2

RIF((y1, y2), Cov(Y1, Y2)) = (y1 − µY1)(y2 − µY2),

where uY represents mean of variable Y. In this paper, the two variables used to calculate the RIF

of covariance are the worker fixed effect and the firm fixed effect. Their covariance captures the

sorting effect, which is measured as 2cov(θ̄j, ϕj). The corresponding RIF of the sorting effect is

calculated using the expression 2(θ̄j − µθ̄j
)(ϕj − µϕj).

The Difference-in-Differences (DiD) estimation is specified as follows:

RIF(yi,t, σ2) =α0 + ∑
τ ̸=2014

βτ × Gapc × Yearτ,t

+ ∑
τ ̸=2014

δτ × Yearτ,t + γc + ϵi,t, (4)

where the years range from 2012 to 2018, with 2014 serving as the reference year. The term

γc represents regional fixed effects, capturing county-specific time-invariant characteristics. The

coefficient βτ on the interaction term Gapc × Yearτ,t measures the treatment effects each year of

12



Figure 3: Non-detrend DiD results

Notes: The blue circles represent the non-detrended RIF-Difference-in-Differences (DiD) regression
coefficients of Gapc ∗Yeark,t, along with their 95% confidence intervals. The year 2014 is used as the
reference year. The grey line indicates the estimated gap-specific trend, derived from data between
2012 and 2014. The vertical red line marks the introduction of the minimum wage policy.
Data: SIEED, 2012-2018.

the minimum wage on the unconditional variances or covariances of the components of log daily

wages. Standard errors are clustered at the regional level to account for spatial correlations.

Detect the pre-policy treatment-specific trend.—Figure 3 presents the DiD coefficients β̂τ for

the interaction terms Gap ×Yearτ from Equation 4, along with their 95% confidence intervals. The

dependent variable is the RIF of log daily wages. These coefficients capture the treatment effects of

the minimum wage on the variance of log daily wages for each year. The vertical red line indicates

the introduction of the minimum wage. The coefficients prior to the policy introduction suggest

that the variance of log daily wages was already decreasing before the minimum wage policy, im-

plying that regions more affected by the minimum wage experienced a relative reduction in wage

dispersion compared to less-affected regions. This phenomenon may be attributed to mean rever-

sion in wages. As illustrated in Figure 1a, lower wage percentiles, such as the 5th percentile, exhib-

ited faster growth than higher percentiles during the period from 2012 to 2015. Moreover, regions
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with larger wage gaps tended to have a higher concentration of low-wage workers, contributing

to a relative decrease in wage dispersion in these regions compared to high-wage regions.7

To account for the pre-policy treatment-specific trend, I use the grey line to represent the gap-

specific trend, estimated using the following equation:

RIF(yi,t, σ2) = α0 + λ × Gapc × T + ∑
τ ̸=2014

δτ × Yearτ,t + γc + ϵi,t, (5)

where only data from 2012 and 2014 are used to estimate the trend, which is then interpolated

for the years 2015 to 2018. The grey line thereby illustrates the value of λ̂ × Gapc × T.8

To address these pre-existing trends, I subtract the predetermined gap-specific trend from the

dependent variable. The adjusted dependent variable is derived as RIF(yi,t, σ2)− λ̂ × Gapc × T,

which is then used as dependent variables in all DiD regressions specified in equation 4.

4.1. Results

Figure 4a depicts the impact of the minimum wage policy on the variance of log daily wages. From

2015 to 2018, an average minimum wage gap (0.017) corresponds to a reduction in the variance of

log wages by approximately 0.044.

Figures 4b to 4e illustrate the effects of the minimum wage policy on within-firm inequality,

inequality in firm-specific premiums, sorting and segregation effects, analyzed separately. The co-

efficients of the interaction terms for inequality in person-specific wage components are relatively

small, indicating a reduction of 0.003 at the average regional treatment level in 2018. By contrast,

the effect sizes are significantly larger when examining changes in between-firm inequality. Specif-

ically, inequality in firm wage premiums, sorting, and segregation decreases by approximately

0.009, 0.026, and 0.014, respectively. The DiD estimations indicate that the minimum wage policy

primarily influences wage dispersion across firms, with comparatively minimal effects on within-

firm inequality. The most substantial impact is observed in the reduction of sorting effects, as

evidenced by a decline in the covariance between firm and person fixed effects, driven by the pol-

icy. The minimum wage may reduce inequality by altering the worker composition among firms,

7A detailed analysis of the pre-policy gap-specific trends of other components and the potential drivers of mean rever-
sion is provided in Appendix C. .

8Since 2014 is the reference year, T is expressed as the relative period to 2014. Specifically, T takes the value -2 for 2012,
-1 for 2013, 0 for 2014, 1 for 2015, and so on.
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Figure 4: Minimum wage effect on Var(log real daily wages) and other variance components

(a) Var(log daily wages)

(b) Var(θi − θ̄j) (c) Var(θ̄j)

(d) Var(ϕj) (e) 2 ∗ Cov(θ̄j, ϕj)

Notes: The figure displays the detrended RIF-Difference-in-Differences (DiD) regression coeffi-
cients of Gapc ∗ Yeark,t, along with their 95% confidence intervals. The year 2014 is used as the
reference year. The vertical red line denotes the introduction of the minimum wage policy. The
dependent variables are indicated below each subfigure.
Data: SIEED, 2012-2018.
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weakening the correlation between high-wage (low-wage) workers and high- (low-) productivity

firms. Furthermore, high-wage (low-wage) workers become less clustered with each other. In the

next section, I provide a detailed calculation of the effect sizes from the DiD estimations, focusing

on the minimum wage’s impact on different components of wage inequality.

4.2. Robustness checks

First, to assess the robustness of the DiD results, I use alternative measures of regional-level treat-

ment intensity based on the 2014 German Structure of Earnings Survey (SES). The SES provides

precise working-hour data collected directly from establishments’ payroll records, enabling accu-

rate calculation of hourly wages. Using this data, I construct both a gap variable and a bite variable,

the latter representing the proportion of sub-minimum-wage workers. Appendix E.1 presents re-

sults using the gap variable derived from all workers and only full-time workers, as well as the

bite variable calculated for both groups. Across all specifications, the minimum wage effects on

wage inequality follow the same development pattern over time, consistent with the main results.

Furthermore, the largest effects are observed in changes in worker-firm sorting, reinforcing the

main findings.

Second, I increase the number of firm clusters to 100. The DiD estimations (Appendix E.2) re-

main nearly identical to the main results. Third, instead of using the hotel industry, I use the

restaurant industry—characterized by the lowest value-added—as the reference group for nor-

malizing firm fixed effects. The estimated effects of the minimum wage (Appendix E.3) remain

highly consistent with the main findings.

5. Discussion

5.1. Effect size

Using the Difference-in-Differences (DiD) estimation results, we can predict the magnitude of the

minimum wage’s effects by comparing the predicted values of wage dispersion under the policy to

a counterfactual scenario in which no minimum wage implementation is assumed. Following the

methodologies outlined in Bossler and Schank (2023) and Puhani (2012), the predicted variance of

log daily wages (or other wage components) from the detrended DiD estimation is calculated as:
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Figure 5: Minimum wage effect on Var(log real daily wages)

Notes: The figure displays the variance of log daily wages over time. The blue triangles indicate the
observed variance, while the red circles represent the predicted variance calculated using equation
6. The green squares depict the counterfactual variance of log daily wages in the absence of the
minimum wage, as derived from equation 7.
Data: SIEED, 2012-2018.
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σ̂τ
2
1 = RIF(yijτ, σ2) (with MW)

=
1

Nτ

N

∑
i

(
α̂0 + β̂τ × Gapc + γ̂ × Gapc + σ̂τ + δ̂ × Gapc × Trendτ

)
, (6)

where σ̂τ
2
1 denotes the predicted variance for each year τ under the introduction of the mini-

mum wage. This value is computed as the average of the predicted recentered influence functions

(RIFs) across all observations. The number of observations in year τ is Nτ. For each observation,

the predicted RIF is derived by multiplying the estimated coefficients with the corresponding ex-

planatory variables, incorporating Gapc and its associated coefficients, with a gap-specific trend

added to account for differential predetermined trends related to the wage gap.

The counterfactual variance of log daily wages in the absence of the minimum wage is defined

as:

σ̂τ
2
0 = RIF(yijτ, σ2) (without MW)

=
1

Nτ

N

∑
i

(
α̂0 + γ̂ × Gapc + σ̂τ + δ̂ × Gapc × Trendτ

)
, (7)

where σ̂τ
2
0 represents the predicted variance for each year τ in the absence of the minimum

wage. This is calculated similarly to σ̂τ
2
1, except that the interaction term β̂τ × Gapc is set to zero

to indicate that no treatment effects of the minimum wage occurred in the corresponding year.

The gap-specific trend, however, remains included to account for predetermined trends associated

with the wage gap, which are not influenced by the presence or absence of a minimum wage policy.

Figure 5 presents the observed variance of log daily wages (denoted by a blue triangle), the pre-

dicted variance of log daily wages
(
σ̂τ

2
1
)

(denoted by a red circle), and the counterfactual variance

of log daily wages without a minimum wage
(
σ̂τ

2
0
)

(denoted by a green square). The observed

and predicted variances are nearly identical each year; the slight differences arise because they

coincide exactly only when using the full sample (all years) to compute their averages.

The observed variances decrease between 2015 and 2016, but a slight increase emerges from 2017

to 2018. In contrast, the counterfactual variance without any minimum wage effects increases in

2015, suggesting that the minimum wage reverses the trajectory of variance changes. Following a
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decline in 2016, the counterfactual variance rises significantly in 2017 and 2018, further widening

the gap between the counterfactual and predicted variances.

Table 4 summarizes directly the effect sizes, where the total minimum wage effect in each year

is given by the difference between the scenario with a minimum wage and the scenario without a

minimum wage:

σ̂τ
2
1 − σ̂τ

2
0,

Table 2: Total minimum wage effects on inequality in log daily wages

2015 2016 2017 2018
(1) (2) (3) (4)

Predicted variance 0.301 0.288 0.293 0.296
Counterfactual variance w/o MW 0.327 0.312 0.331 0.340
Total MW effects -0.026 -0.024 -0.038 -0.044
- Rel. to counterfactual variance w/o MW -0.080 -0.077 -0.115 -0.129

Notes: The first row presents the predicted values calculated using equation 6,
while the second row displays the predicted values from equation 7. The third
row shows the difference between these two predictions, and the fourth row
presents the relative difference to the counterfactual variance in the absence of
the minimum wage.
Data: SIEED, 2012-2018.

In 2015, the minimum wage reduces the wage variance by 0.026, and it is 8% of the counterfac-

tual scenario in the absence of the minimum wage. The effect size increases in 2017 and intensify-

ing in 2018, in 2018 the total minimum wage effect on wage inequality is −0.044
(
0.296 − 0.340

)
,

corresponding to a 12.9% reduction in variance relative to the no-minimum-wage scenario.

Table 3 details the reduction in four components of wage dispersion in the year 2018. Consistent

with the DiD results, the largest decrease is observed in sorting effects, followed by segregation

and the dispersion of firm-specific premiums. By contrast, the reduction in within-firm disper-

sion comprises only 6.8% of the total decline. Appendix Figure D1 illustrates the evolution of the

observed and predicted values for the four components of the variance of log daily wages, each

analyzed separately.
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Table 3: Size of explained decrease in within and between firm wage inequality in the year 2018

Within Firm Between Firm

Segregation Firm FE Sorting

Var(θi − θ̄j) Var(θ̄j) Var(ϕj) 2 ∗ Cov(θ̄j, ϕj)

MW effects -0.003 -0.015 -0.010 -0.020
- Share of total reduction 6.8% 34.1% 22.7% 47.7%

Notes: The figure illustrates the minimum wage effects on the four components of
the variance of log daily wages, with each column representing one component.
The first row shows the total effect of the minimum wage, calculated as the differ-
ence between the predicted and counterfactual variances. The second row displays
the contribution of each component to the total reduction.
Data: SIEED, 2012-2018.

Table 4: Total minium wage effects and spillover effects on inequality in log daily wages

2015 2016 2017 2018
(1) (2) (3) (4)

Total MW effects -0.023 -0.020 -0.034 -0.038

- Rel. to variance without MW -0.070 -0.065 -0.102 -0.115

Spillover effects -0.003 -0.002 -0.008 -0.014

- Rel. to total effects 0.127 0.115 0.233 0.377

Notes: The first row presents the total effect of the minimum wage
on wage variance, calculated as the difference between the pre-
dicted variance and the counterfactual variance in the absence of
the minimum wage for each year. The second row shows the rela-
tive decrease in variance attributable to the policy, comparing the
total effects to the counterfactual scenario. The third row high-
lights the spillover effects, measured as the difference between
the predicted variance and the counterfactual variance without
spillover effects on Non-exposed firms. Finally, the fourth row il-
lustrates the proportion of spillover effects relative to the total min-
imum wage effects for each year.
Data: SIEED, 2012-2018.
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Figure 6: Minimum wage effect on Var(log real daily wages) and other variance components

(a) Exposed firms (b) Non-exposed firms

Notes: The figure displays the detrended RIF-Difference-in-Differences (DiD) regression coeffi-
cients of Gapc ∗ Yeark,t, along with their 95% confidence intervals. The year 2014 is used as the
reference year. The vertical red line denotes the introduction of the minimum wage policy. The
dependent variables are indicated below each subfigure.
Data: SIEED, 2012-2018.

5.2. Spillover effects

To evaluate the spillover effects, the DiD estimation is conducted separately for exposed and non-

exposed firms. Exposed firms are those that employed at least one sub-minimum wage full-time

worker prior to the policy, while non-exposed firms did not. Specifically, exposed firms are defined

as those employing at least one worker whose daily wage fell below the minimum wage threshold

of 47.4 Euros in 2014.9 Table D1 displays the descriptive characteristics of the exposed and non-

exposed firms in the sample separately.

Figure 6a illustrates the impact of the minimum wage policy on the variance of log wages among

firms directly affected by the regulation. Between 2015 and 2018, the minimum wage reduced the

variance of log wages among exposed firms by approximately 0.054 at the average treatment level.

For firms not directly exposed to the policy, Figure 6b shows a decrease in wage inequality as well,

with the variance of log wages declining by about 0.026 in 2018 at the average regional treatment

level.

To estimate the overall effect size of the minimum wage while accounting for heterogeneous

impacts on exposed and non-exposed firms, I decompose the total variance of log daily wages for

9The minimum wage threshold for daily wages is calculated as €8.50 multiplied by the average weekly working hours
of 39, then divided by 7.
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Figure 7: Minimum wage effect on Var(log real daily wages)

Notes: The figure displays the variance of log daily wages over time. The blue triangles indicate
the observed variance, while the red circles represent the predicted variance calculated using equa-
tion. The green squares depict the counterfactual variance of log daily wages in the absence of the
minimum wage. The orange diamonds represent the counterfactual variance without spillover
effects on Non-exposed firms.
Data: SIEED, 2012-2018.
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a given year t into within-group and between-group components. The predicted overall variance

is expressed as:

σ̂2
overall = pE σ̂2

E + pNon−E σ̂2
Non−E︸ ︷︷ ︸

Within-group variance (weighted sum of group-specific variances)

+ pE(µ̂τ E − µ̂)2 + pNon−E
(
µ̂,Non−E − µ̂)2︸ ︷︷ ︸

Between-group variance

,

where E and Non − E refer to exposed and non-exposed firms, respectively, and p denotes the

share of workers in each group. The within-group variance is the weighted sum of variances

within the two groups, while the between-group variance is the weighted squared difference be-

tween each group’s mean wage and the overall mean wage. The overall mean wage µ̂1 is calculated

as:

µ̂1 = pEµ̂1,E + pNonEµ̂1,Non−E.

The predicted overall variance with the minimum wage effect is given by:

σ̂2
1,overall = pE σ̂2

1,E + pNon−E σ̂2
1,Non−E + pE(µ̂τ1,E − µ̂1)

2 + pNon−E
(
µ̂1,Non−E − µ̂1)

2. (8)

The counterfactual scenario without any minimum wage effect is:

σ̂2
0,overall = pE σ̂2

0,E + pNon−E σ̂2
0,Non−E + pE(µ̂τ0,E − µ̂0)

2 + pNon−E
(
µ̂0,Non−E − µ̂0)

2.

Calculating σ̂2
1,overall and σ̂2

0,overall requires the predicted and counterfactual variances and mean of

log wages for exposed and non-exposed firms. Additional DiD regressions are conducted with log

daily wages as the dependent variable. The total minimum wage effect on variance is calculated

as σ̂2
1,overall − σ̂2

0,overall .
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A further counterfactual scenario considers the absence of spillover effects on non-exposed firms

is derived as:

σ̂2
no spillover = pE σ̂2

1,E + pE(µ̂τ1,E − µ̂1)
2 + pNon−E σ̂2

0,Non−E) + pNon−E
(
µ̂0,Non−E − µ̂1)

2)

The spillover effect size is then defined as the contribution of non-exposed firms to variance re-

duction and is calculated as σ̂2
1,overall − σ̂2

no spillover. Figure 7 illustrates the observed variance of log

daily wages, the predicted variance with the minimum wage, the counterfactual variance in the

absence of the minimum wage, and the counterfactual variance excluding spillover effects on non-

exposed firms. The observed and predicted variances align with Figure 5, and the counterfactual

variance without the minimum wage also follows the same trend as in the main result. More-

over, the counterfactual variance excluding spillover effects surpasses the observed and predicted

variances, indicating that spillover effects become significant after 2017.

Table 4 summarizes the total minimum wage effects from Figure 7. Compared to Table 2, the to-

tal effect size is slightly smaller, but the trend remains consistent. In 2018, the relative reduction in

variance is 11.5% compared to the scenario without the minimum wage. Spillover effects account

for approximately 12%–13% of the total effects in 2015 and 2016, increasing substantially to 37.7%

in 2018. The estimated spillover effect size suggests that non-exposed firms may not be directly af-

fected immediately after the introduction of the minimum wage but are gradually impacted, with

the effect size increasing over time.

5.3. Explaining the Findings

The results indicate that the minimum wage policy significantly reduces between-firm inequality,

while within-firm inequality also declines—albeit modestly. These findings suggest that the min-

imum wage may serve as an effective policy instrument for mitigating income disparities rooted

in firm pay premiums, sorting, and worker segregation. In this section, I examine potential expla-

nations, alongside insights from the existing literature, to clarify why the minimum wage curtails

inequality across all four dimensions.

The reduction in between-firm wage inequality may be attributed to three factors. First, firm

wage premiums are closely linked to productivity, as more productive firms tend to pay higher
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firm-specific wage premiums to their employees. Previous research, such as Haelbig et al. (2023),

shows that minimum wage policies reduce productivity disparities by improving the productivity

of treated firms and driving the exit of the least productive firms.

Second, minimum wage policies constrain firms’ wage-setting power, potentially weakening

the relationship between productivity and wage premiums. Since many studies use the AKM

model to measure firms’ productivity, it remains challenging to disentangle whether the reduction

in the dispersion of firm wage premiums stems primarily from changes in productivity or from a

weakening of the productivity-wage premium linkage. This issue remains an open question and

requires further research to disentangle these effects.

Third, minimum wage policies promote job mobility and facilitate the reallocation of workers.

As demonstrated by Dustmann et al. (2021), low-wage or treated workers are reallocated to high-

wage firms, while treated firms raise their hiring standards and employ more workers with higher

skill levels.

However, the change in the dispersion of θi can mechanically account for changes in Var(θ̄j) and

2 · Cov(θ̄j, ϕj) (Song et al., 2019). In other words, even if worker mobility remains unchanged, the

reduction in Var(θ̄j) would still lead to a decrease in both Var(θ̄j) and 2 · Cov(θ̄j, ϕj). Let si denote

individual i’s skill level, and let r0 represent the returns to skill without the minimum wage, and r1

returns to skill with the minimum wage policy. Assume that the minimum wage does not alter the

distribution of worker skills but only affects the returns to skill. Under these conditions, we have:

(
r1

r0

)2

=
Varwith MW(θi)

Varw/o MW(θi)
= 0.89

where the values are derived from the estimated minimum wage effects on θi. Since θ̄j =

1
Nj

∑i|i∈j θi = r × 1
Nj

∑i|i∈j si, there will also be a change in:

(
r1

r0

)2

=
Varwith MW(θ̄j)

Varw/o MW(θ̄j)
= 0.89
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r1

r0
=

2 · Covwith MW(θ̄j, ϕj)

2 · Covw/o MW(θ̄j, ϕj)
= 0.94

The results estimated in Section 5.1 indicate a 19% decrease in Var(θ̄j) (calculated as 1 − 0.062
0.077 )

and a 25% decrease in 2 · Cov(θ̄j, ϕj) (calculated as 1 − 0.062
0.083 ) . Therefore, after accounting for the

mechanical reduction, 42.1% of the reduction in segregation and 76% of the reduction in sorting

remain unexplained, suggesting the influence of true worker mobility.

6. Conclusion

This study highlights the significant role of minimum wage policies in mitigating wage inequality,

demonstrating that these policies influence not only individual workers but also firms. Leveraging

the introduction of the German minimum wage in 2015, I show that the minimum wage narrows

firm-driven wage dispersion—especially through reductions in worker-firm sorting, worker segre-

gation, and firm-specific pay premia, which together constitute a substantial share of overall wage

inequality. The minimum wage reduces overall wage variance by 8% to 12.6% among full-time

workers, with over 93% of this reduction attributable to decreases in between-firm wage inequal-

ity.

My analysis further reveals that spillover effects extend beyond directly affected firms to those

not directly exposed to the policy. These spillover effects account for 12% to 37.7% of the total

reduction in wage inequality due to the minimum wage.

These findings suggest that the minimum wage is a crucial tool for addressing structural wage

disparities, particularly those rooted in firm-level practices. Its impact on reducing inequality is

linked to changes in hiring standards, worker reallocation, firm productivity, and firms’ wage-

setting power.

26



References

Abowd, J. M., F. Kramarz, and D. N. Margolis (1999, March). High Wage Workers and High Wage
Firms. Econometrica 67(2), 251–333.

Andrews, M. J., L. Gill, T. Schank, and R. Upward (2008, June). High Wage Workers and Low Wage
Firms: Negative Assortative Matching or Limited Mobility Bias? Journal of the Royal Statistical
Society Series A: Statistics in Society 171(3), 673–697.

Autor, D. H., A. Manning, and C. L. Smith (2016, January). The Contribution of the Minimum
Wage to US Wage Inequality over Three Decades: A Reassessment. American Economic Journal:
Applied Economics 8(1), 58–99.

Bonhomme, S., T. Lamadon, and E. Manresa (2019). A Distributional Framework for Matched
Employer Employee Data. Econometrica 87(3), 699–739.

Bossler, M. and T. Schank (2023, July). Wage Inequality in Germany after the Minimum Wage
Introduction. Journal of Labor Economics 41(3), 813–857.

Butcher, T., R. Dickens, and A. Manning (2012). Minimum wages and wage inequality: Some
theory and an application to the UK. Technical report.

Butschek, S. (2022, May). Raising the Bar: Minimum Wages and Employers’ Hiring Standards.
American Economic Journal: Economic Policy 14(2), 91–124.

Card, D. (1993). Minimum Wages and Employment: A Case Study of the Fast Food Industry in
New Jersey and Pennsylvania.

Card, D., A. R. Cardoso, J. Heining, and P. Kline (2018, January). Firms and Labor Market Inequal-
ity: Evidence and Some Theory. Journal of Labor Economics 36(S1), S13–S70.

Card, D., J. Heining, and P. Kline (2013, August). Workplace Heterogeneity and the Rise of West
German Wage Inequality*. The Quarterly Journal of Economics 128(3), 967–1015.

Dauth, W. and J. Eppelsheimer (2020, December). Preparing the sample of integrated labour mar-
ket biographies (SIAB) for scientific analysis: A guide. Journal for Labour Market Research 54(1),
10.

Dustmann, C., A. Lindner, U. Schönberg, M. Umkehrer, and P. vom Berge (2021). Reallocation
Effects of the Minimum Wage. The Quarterly Journal of Economics 137(1), 267–328.

Engbom, N. and C. Moser (2022, December). Earnings Inequality and the Minimum Wage: Evi-
dence from Brazil. American Economic Review 112(12), 3803–3847.

Firpo, S., N. M. Fortin, and T. Lemieux (2009). Unconditional quantile regressions. Economet-
rica 77(3), 953–973.

27



Fortin, N. M., T. Lemieux, and N. Lloyd (2021, April). Labor Market Institutions and the Distribu-
tion of Wages: The Role of Spillover Effects. Journal of Labor Economics 39(S2), S369–S412.

Gopalan, R., B. H. Hamilton, A. Kalda, and D. Sovich (2021, July). State Minimum Wages, Em-
ployment, and Wage Spillovers: Evidence from Administrative Payroll Data. Journal of Labor
Economics 39(3), 673–707.

Haelbig, M., M. Mertens, and S. Mueller (2023). Minimum Wages, Productivity, and Reallocation.
SSRN Electronic Journal.

Machin, S., A. Manning, and L. Rahman (2003, March). Where the Minimum Wage Bites Hard:
Introduction of Minimum Wages to a Low Wage Sector. Journal of the European Economic Associa-
tion 1(1), 154–180.

OECD (2021, December). The Role of Firms in Wage Inequality: Policy Lessons from a Large Scale
Cross-Country Study. OECD Publishing: OECD.

Puhani, P. A. (2012, April). The treatment effect, the cross difference, and the interaction term in
nonlinear “difference-in-differences” models. Economics Letters 115(1), 85–87.

Rios-Avila, F. (2020, March). Recentered influence functions (RIFs) in Stata: RIF regression and RIF
decomposition. The Stata Journal: Promoting communications on statistics and Stata 20(1), 51–94.

Song, J., D. J. Price, F. Guvenen, N. Bloom, and T. Von Wachter (2019, February). Firming Up
Inequality*. The Quarterly Journal of Economics 134(1), 1–50.

vom Berge, P., L. Schmidtlein, S. Seth, T. Graf, S. Grießemer, S. Kaimer, M. Köhler, C. Lehnert,
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A. Conditional random mobility assumption

An underlying assumption of the AKM model is conditional random mobility, meaning that, con-

ditional on worker and firm fixed effects, job moves occur randomly and are not systematically cor-

related with factors such as firm-worker-specific match effects. Workers who change jobs should

experience wage changes that reflect the difference in firm wage premiums between their origin

and destination firms.

Following Card et al. (2013), I conduct an event study analysis to examine the effect of job

changes on wages. Firms are categorized into quartiles based on the average pay of coworkers,

and switchers are classified according to their mobility patterns. For instance, one pattern includes

workers moving from a firm in the first quartile to another firm also in the first quartile, while

other patterns represent different combinations of origin and destination firms across quartiles.

Figures A1a and A1b illustrate the mean log wages of movers across different mobility pat-

terns, focusing on transitions between the first and fourth quartile firms. The sample includes

only movers observed for at least two consecutive years before and after job changes, with the first

year at the new job defined as time t = 0.

In both figures, the mean wages of movers remain largely unchanged when transitioning be-

tween firms within the same quartile, such as from the first to the first or from the fourth to the

fourth quartile. Moreover, symmetric wage changes are observed: wages increase when mov-

ing from the first to the fourth quartile and decrease when moving from the fourth to the first.

These findings suggest that wage changes associated with job transitions are not systematically

correlated with firm-worker-specific matching factors and that firm-specific pay levels closely ap-

proximate the wage differences experienced by job switchers. Overall, the evidence indicates that

the CRM assumption is not substantially violated.
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Appendix Figure A1: Event study of mean wages of job switchers

(a) Period: 2008-2012

(b) Period: 2014-2018

Notes: The figures illustrate the mean log daily wages of workers who change jobs at time t = 0.
Workers are classified based on their mobility patterns, defined by transitions between firms in
different coworker wage quartiles. These quartiles are calculated separately for t − 1 and t = 0,
weighted by the number of workers. The number of workers in each mobility category ranges
from 607 to 26,480.
Data: SIEED, 2012-2018.
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B. Firm clustering

Appendix Figure B1: How are firms in each size group distributed in 10 clusters? 2009-2013
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C. Trend analysis

Although Figure 3 presents a negative pre-gap-specific trend, consistent with the mean reversion

process of wages, the individual components of the variance of log daily wages exhibit distinct

patterns, as shown in Figures C1a to C1h. Specifically, there is no discernible trend or treatment

effect in Var(Xβ) or 2 × Cov(Xβ, θi − θ̄j). Similarly, Var(θi − θ̄j) remains largely stable over time,

with treatment effects very small in size. These findings suggest that the variance of returns to ob-

served time-varying personal skills and within-firm wage dispersion remains unchanged between

low- and high-wage regions.

Moreover, positive trends are observed for Var(θ̄j), Var(ϕj), and 2 × Cov(θ̄j, ϕj), indicating that

between-firm dispersion has been increasing relatively more in low-wage regions compared to

high-wage regions. This suggests that rising inequality between firms has become a more pro-

nounced issue in low-wage regions. One possible explanation is that less productive firms may

reduce their wage premiums to remain competitive, contributing to the observed increase in firm

wage premium dispersion and sorting effects. Additionally, workers migrating out of low-wage

regions may have been employed in low-productivity firms but possessing relatively high ability

θi. Their departure could increase worker assortativeness based on time-constant characteristics,

further reinforcing segregation patterns.

In contrast, negative trends are evident in 2 × Cov(Xβ, θ̄j) and 2 × Cov(Xβ, ϕj), suggesting that

worker assortativeness based on time-varying personal skills has been relatively declining over

time in low-wage regions. The negative trend in assortativeness outweighs the positive trend in

between-firm dispersion, resulting in an overall negative trend in the variance of log daily wages.

Overall, multiple factors may contribute to the distinct patterns observed in Figures 3 and C1,

but disentangling their individual effects remains challenging. For instance, worker migration

from low-wage regions to higher-wage areas reduces labor supply, potentially driving wage in-

creases in low-wage regions. Simultaneously, industrial shifts, such as firm closures and sectoral

restructuring, may further reshape local labor market dynamics. Nonetheless, these trends align

well with the estimated coefficients in the pre-policy years.
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Appendix Figure C1: Minimum wage effect on components of Var(log real daily wages), non-
detrended

(a) Var(θi − θ̄j) (b) Var(θ̄j)

(c) Var(ϕj) (d) 2 ∗ Cov(θ̄j, ϕj)

(e) Var(Xβ) (f) 2 ∗ Cov(Xβ, θi − θ̄j)

(g) 2 ∗ Cov(Xβ, θ̄j) (h) 2 ∗ Cov(Xβ, ϕj)

Notes: The blue circles represent the non-detrended RIF-Difference-in-Differences (DiD) regression
coefficients of Gapc ∗ Yeark,t , along with their 95% confidence intervals. The year 2014 is used
as the reference year. The grey line indicates the estimated gap-specific trend, derived from data
between 2012 and 2014. The vertical red line marks the introduction of the minimum wage policy.
Data: SIEED, 2012-2018.
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D. Additional results

Appendix Figure D1: Development of the observed and the predicted variances and covariances

(a) Var(θi − θ̄j) (b) Var(θ̄j)

(c) Var(ϕj) (d) 2 ∗ Cov(θ̄j, ϕj)
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Appendix Table D1: Summary statistics table

Exposed firms Non-exposed firms Total

Share of Female 0.346 0.269 0.305
Workplace in Eastern Germany 0.188 0.166 0.176
Mean age 42.436 42.856 42.663
Mean tenure 9.292 8.830 9.043
Daily wage 135.324 129.738 132.309
SD of daily wage (108.636) (88.675) (98.408)
Log daily real wage 4.697 4.735 4.717
SD of log daily wage (0.629) (0.470) (0.549)
Mean firm size (full time) 1655.679 220.383 881.124
Firm size<10 0.095 0.230 0.168
Firm size: 10-99 0.257 0.429

0.350
Firm size:>=100 0.648 0.341 0.482

Observations

Number of worker-year 856,735 1,004,311 1,861,046
Number of workes 235,388 273,275 508,663
Number of establishments 6,364 16,005 22,369

Notes: The table shows worker-year weighted summary statistics. Standard deviations
are in parentheses.
Data: SIEED, 2012-2018.
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Appendix Figure D2: Minimum wage effect on components of Var(log real daily wages)

(a) Var(θi − θ̄j), Exposed firms (b) Var(θi − θ̄j), Non-Exposed firms

(c) Var(θ̄j), Exposed firms (d) Var(θ̄j), Non-Exposed firms

(e) Var(ϕj), Exposed firms (f) Var(ϕj), Non-Exposed firms

(g) 2 ∗ Cov(θ̄j, ϕj), Exposed firms (h) 2 ∗ Cov(θ̄j, ϕj),Non-Exposed firms

Notes: The figure displays the detrended RIF-Difference-in-Differences (DiD) regression coeffi-
cients of Gapc ∗ Yeark,t, along with their 95% confidence intervals. The year 2014 is used as the
reference year. All left panels show the results for Exposed firms, while the right panels present
those for Non-exposed firms. The vertical red line denotes the introduction of the minimum wage
policy. The dependent variables are indicated below each subfigure.
Data: SIEED, 2012-2018.
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E. Robustness Checks

E.1. Using alternative treatment measure
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Appendix Figure E1: Minimum wage effect on Var(log real daily wages) and other variance com-
ponents, using bite variable derived from all types of jobs

(a) Var(log daily wages)

(b) Var(θi − θ̄j) (c) Var(θ̄j)

(d) Var(ϕj) (e) 2 ∗ Cov(θ̄j, ϕj)

Notes: The figure displays the detrended RIF-Difference-in-Differences (DiD) regression coeffi-
cients of Bitec ∗ Yeark,t, along with their 95% confidence intervals. The year 2014 is used as the
reference year. The vertical red line denotes the introduction of the minimum wage policy. The
dependent variables are indicated below each subfigure.
Data: SIEED, 2012-2018.
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Appendix Figure E2: Minimum wage effect on Var(log real daily wages) and other variance com-
ponents, using bite variable derived from full-time jobs

(a) Var(log daily wages)

(b) Var(θi − θ̄j) (c) Var(θ̄j)

(d) Var(ϕj) (e) 2 ∗ Cov(θ̄j, ϕj)

Notes: The figure displays the detrended RIF-Difference-in-Differences (DiD) regression coeffi-
cients of Bitec ∗ Yeark,t, along with their 95% confidence intervals. The year 2014 is used as the
reference year. The vertical red line denotes the introduction of the minimum wage policy. The
dependent variables are indicated below each subfigure.
Data: SIEED, 2012-2018.

40



Appendix Figure E3: Minimum wage effect on Var(log real daily wages) and other variance com-
ponents, using gap variable derived from all types of jobs

(a) Var(log daily wages)

(b) Var(θi − θ̄j) (c) Var(θ̄j)

(d) Var(ϕj) (e) 2 ∗ Cov(θ̄j, ϕj)

Notes: The figure displays the detrended RIF-Difference-in-Differences (DiD) regression coeffi-
cients of Gapc ∗ Yeark,t, along with their 95% confidence intervals. The year 2014 is used as the
reference year. The vertical red line denotes the introduction of the minimum wage policy. The
dependent variables are indicated below each subfigure.
Data: SIEED, 2012-2018.

41



Appendix Figure E4: Minimum wage effect on Var(log real daily wages) and other variance com-
ponents, using gap variable derived from full-time jobs

(a) Var(log daily wages)

(b) Var(θi − θ̄j) (c) Var(θ̄j)

(d) Var(ϕj) (e) 2 ∗ Cov(θ̄j, ϕj)

Notes: The figure displays the detrended RIF-Difference-in-Differences (DiD) regression coeffi-
cients of Gapc ∗ Yeark,t, along with their 95% confidence intervals. The year 2014 is used as the
reference year. The vertical red line denotes the introduction of the minimum wage policy. The
dependent variables are indicated below each subfigure.
Data: SIEED, 2012-2018.
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E.2. Clustering firms into 100 groups
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Appendix Figure E5: Minimum wage effect on Var(log real daily wages) and other variance com-
ponents, firms are clustered into 100 groups

(a) Var(log daily wages)

(b) Var(θi − θ̄j) (c) Var(θ̄j)

(d) Var(ϕj) (e) 2 ∗ Cov(θ̄j, ϕj)

Notes: The figure displays the detrended RIF-Difference-in-Differences (DiD) regression coeffi-
cients of Gapc ∗ Yeark,t, along with their 95% confidence intervals. The year 2014 is used as the
reference year. The vertical red line denotes the introduction of the minimum wage policy. The
dependent variables are indicated below each subfigure.
Data: SIEED, 2012-2018.
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E.3. Using alternative industry to normalize firm fixed effects
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Appendix Figure E6: Minimum wage effect on Var(log real daily wages) and other variance com-
ponents, firm fixed effects are normalized based on restaurant industry

(a) Var(log daily wages)

(b) Var(θi − θ̄j) (c) Var(θ̄j)

(d) Var(ϕj) (e) 2 ∗ Cov(θ̄j, ϕj)

Notes: The figure displays the detrended RIF-Difference-in-Differences (DiD) regression coeffi-
cients of Gapc ∗ Yeark,t, along with their 95% confidence intervals. The year 2014 is used as the
reference year. The vertical red line denotes the introduction of the minimum wage policy. The
dependent variables are indicated below each subfigure.
Data: SIEED, 2012-2018.
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