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INTRODUCTION

Many of the outcomes in our lives do not only depend on our own effort and perfor-
mance, but also on who we undertake them with. For example, how well an employee
fares, that is, how much he earns, how his career progresses, how much he enjoys his
job, does not only depend on his skills and how much effort he puts into work, but
also on his employer. On the other hand, even the best entrepreneur will probably not
succeed if she fails to hire the right people. An even stronger example is the search for
a partner. Here whom we match up with not only explains outcomes, but is itself the

outcome of interest.

At first sight the labor market and the (heterosexual) marriage market show little
resemblance. A closer look, however, reveals a great deal of overlap. Both markets are
characterized by heterogeneous agents on two sides searching for a matching partner
on the other side. In the labor market we have workers with differing skills on one side
and firms with differing productivity on the other, while the heterosexual dating mar-
ket is characterized by men and women with different traits and physical attributes.
The search for matching partners, as well as the matches made, can be the source of
concern in these markets. One reason is that not everyone can get the partner he or
she prefers the most due to capacity constraints: A firm can only hire a limited number
of workers, and a woman can only marry one man. The ambition of this thesis is to
provide empirical evidence enlarging our understanding of: how agents in two-sided
markets search for and find partners; what problems and inefficiencies occur in this

process; and how this may result in inequalities in outcomes.

The first chapter of this thesis studies inequality in the labor market. Current re-
search aimed at understanding inequality in the labor market almost exclusively fo-
cuses on wages, while a recent literature suggests that non-pecuniary aspects of jobs

are equally important for workers. Examples for non-pecuniary aspects are whether



one can work from home, or whether the content of the work is meaningful (Maestas
et al., 2018). I demonstrate how we can extract information about the non-pecuniary
value of a job from observing how workers switch jobs between firms. In the context
of Austria, I show that workers with high wages also tend to hold jobs that offer a high
non-pecuniary value. Thus, when only looking at wages, the degree of inequality in
the labor market is underestimated. In addition, I also provide evidence that inequal-
ity in non-pecuniary aspects of jobs has become more pronounced over time. The
first chapter thus shows that the firm a job seeker matches with not only has impor-
tant implications for his wage, but also for how well off he is with respect to other job
characteristics.

While the focus of the first chapter is on the distribution of outcomes in a match-
ing market, the second chapter, jointly written with Camille Terrier and Rafael Lalive,
studies problems that might occur in the process leading up to a match. In the context
of a heterosexual online dating market, the second chapter shows how the common
endeavor of men to match with the most popular women can harm all men in this
market. The problem is that women only have limited time available, and therefore do
not manage to consider all men that would be interested. As a result, some men who
would have had a good chance of matching with the woman never get to be considered
by her. Based on the PageRank algorithm used by Google, we design a novel measure of
how likely it is that a woman will like a man and vice versa. We show that this measure
can be useful in helping actors in matching markets better target whom they approach,
thus making the matching process more efficient for everyone.

After considering inequality in matching market outcomes and inefficiencies in the
process leading up to a match, the third chapter of this thesis studies how agents de-
cide which potential matching partner they contact. For the sake of simplicity, most
workhorse models of the labor market assume that within his occupation or industry a
job seeker just randomly sends applications to firms seeking to hire individuals in his
occupation or industry. A recent literature, however, advocates models in which work-
ers and firms deliberately decide whom they get in contact with. This literature shows
that how agents behave in the search and application process can have important im-
plications for our understanding of aggregate outcomes, including, for example, the
duration of job-seeker unemployment (Hornstein et al., 2011). In the third chapter I

show that job seekers are much more likely to apply for jobs that are also considered



interesting by other job seekers. Likewise, firms are more likely to contact job seekers
that other firms like. Interestingly, I find that job seekers often refrain from applying
to jobs where they have very low chances of being invited for an interview, suggesting
that job seekers not only care about how good a job is when deciding where to apply,
but also about their probability of ultimately getting offered the job.

This thesis shows that it is important to have a detailed understanding of how agents
in two-sided markets search for matching partners, that such an understanding can
help in mitigating problems occurring in the matching process, and to understand re-
sulting inequalities in outcomes. While the empirical applications in this thesis are
limited to the labor market and the market for online dating, the concepts and method-
ologies developed can be readily applied to many other contexts in which heteroge-
neous agents on two sides of a market seek to match with one or several agents on the

other side.






CHAPTER 1

NON-WAGE JOB VALUES AND

IMPLICATIONS FOR INEQUALITY



Non-Wage Job Values and Implications for Inequality *

Tobias Lehmann

October 2022

Abstract

I study inequality in job values, both in terms of wages and non-wage values, in Austria
over the period 1996 to 2011. Identification of non-wage job values is based on patterns
of worker flows between firms and wage differentials. Intuitively, firms with high non-
wage value attract workers without paying a wage premium. Looking at the distribution of
job value among workers, I find a positive correlation between wage and non-wage value.
Inequality in job value is thus greater than wage inequality. Job value inequality increases
between 1996 and 2011, although wage inequality remains constant. This is due to a
change in the relationship between the part of wage that is systematically attributable to a
firm, the firm wage premium, and the non-wage value that firms offer. Between 1996 and
2003, firms’ wage premium and their non-wage value are negatively correlated, reflecting
compensating differentials attenuating job value inequality. In the 2004 to 2011 period,
however, this correlation becomes positive. Compensating differentials disappear because
providing non-wage value becomes cheaper over time for firms initially offering low non-
wage value. The disappearance of compensating differentials comes with an increase in the
dispersion of job value offered by firms. Using a model of monopsonistic competition, I
provide evidence that this is caused by two developments over time: first, workers respond
less to firms’ job value offers, reflecting a decline in the elasticity of labor supply. Second,
labor supplied to firms offering low value increases disproportionately because of labor

immigration.

Keywords: Inequality, Amenities, Worker heterogeneity, Firm heterogeneity, On-the-job search, Wage dispersion,
Matched employer—employee data
JEL Classification Numbers: E24, J31, J32
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1 Introduction

Workers derive utility from their job’s wage, and from its non-wage value. Recent experimental
evidence shows that workers have high valuation for some non-wage characteristics, for exam-
ple, schedule flexibility or the opportunity to telecommute (Mas and Pallais, 2017; Maestas et
al., 2018; Wiswall and Zafar, 2018). Taber and Vejlin (2020) estimate that only half of the
variance of utility workers derive from jobs comes from wage, while the other half is borne by
non-wage values. Understanding inequality in workers’ well-being thus requires consideration
of both, wage and non-wage values of jobs.!

While a blossoming literature discusses wage inequality (see Acemoglu and Autor (2011)
and Card et al. (2018) for detailed reviews), there is remarkably little empirical evidence on
inequality in non-wage values. Maestas et al. (2018), Marinescu et al. (2021) and Dube et
al. (2022) show that non-wage characteristics tend to be worse in low-wage jobs, therefore
exacerbating inequality in job value compared to wage inequality.> Hamermesh (1999) and
Pierce (2001) show that inequality in fringe benefits and risk of injury grew stronger than wage
inequality in the US in the 1980s and 1990s. While these studies document interesting patterns
with respect to the subset of non-wage characteristics they consider, it remains an open question
how labor market inequality is affected if a/l non-wage characteristics of jobs are taken into
account.> Knowing the value of all non-wage characteristics of jobs, however, is necessary for
statements about inequality in workers’ overall well-being.

In this article I address this question by estimating the total non-wage value each worker has
at his job. Combining wage and non-wage value allows me to study the evolution of inequality
in total job value, and to compare it to the evolution of wage inequality. In my framework,
workers consider wage and non-wage value when comparing job offers. I identify non-wage
value as the residual that explains observed job choices after accounting for wage. My defini-
tion of non-wage value thus, by construction, captures the full set of workplace characteristics
that contribute to workers’ utility.

My analyses are based on Austria, a labor market more comparable to the US than others
in Europe, for example, regarding the unemployment rate and labor turnover (Stiglbauer et

al., 2003). I use employer-to-employer transitions in Austrian administrative data between

Y“The ultimate desideratum is a grand measure of inequality in the returns to work that embodies all monetary
and nonpecuniary returns.” (Hamermesh, 1999, p. 1086)

ZMaestas et al. (2018) consider the following job characteristics: set own schedule, telecommute, physical
demands, fast paced/relaxed work, independence, 10-20 days paid time off, work in team, training opportunities,
positive impact on society. Dube et al. (2022) focus on a set of characteristics related to workplace dignity, and
Marinescu et al. (2021) on labor rights violations.

3For example, high ranked firms in the Glassdoor Best Places To Work In 2021 ranking are often associated
with transparent senior leadership and mission-driven company culture, suggesting that such intangible charac-
teristics are important for workers too (Glassdoor, 2021).



1996 and 2011. Two features of this matched employer-employee data make it attractive for
my study. First, it provides daily information on people’s employment status, allowing me to
follow workers across firms.* Second, it provides me with an uncensored measure of earnings,
which I can combine with information on whether one is a full-time worker to get a high-
quality measure of workers’ wage. My main sample focuses on male full-time workers. I split
the sample into two consecutive 8-year intervals to study developments over time. The 1996—
2003 sample covers 800,000 workers at 4,500 employers, and the 2004—2011 sample covers
960,000 workers at 5,900 employers.

I measure voluntary employer-to-employer transitions, which are those that do not follow
a layoff, or firm-level dynamics such as firm mergers and takeovers.’ I then describe patterns
of worker flows between employers. For example, I find that employers in the manufacturing
and public administration/education industry attract more workers from other employers than
they lose workers. I show wage differentials associated with employer-to-employer transitions.
While employers in manufacturing pay a wage premium, this is not the case for employers
in public administration/education, where many workers even accept a wage decrease.® A
possible explanation for this is that employers in public administration/education are attractive
to workers for non-wage reasons.

I develop a structural interpretation of these reduced form patterns through an on-the-job
search model in the vein of Burdett and Mortensen (1998). Workers search for job offers, which
they receive at Poisson rate. Employers’ job offers consist of a wage, and an employer-specific
non-wage value. In addition, workers have an idiosyncratic valuation for each employer. When
receiving an offer from an outside employer, workers compare it to the offer of their current
employer, and transition to the outside employer if it offers them greater value than their current
employer. I assume that the value of a job for a worker is an additive combination of the log-
wage, the employer-specific non-wage value, and the worker-employer idiosyncratic value.’

My model gives rise to a simple probit-style likelihood function, where every likelihood
contribution represents a job-to-job transition between two employers.® I account for differing

employer sizes and the intensity with which employers make job offers to each other’s em-

4T use the terms firm and employer interchangeably.

3T exclude layoffs to the extent they are observed registered by the unemployment agency, and apply the
procedure by Sorkin (2018) to account for unobserved layoffs at contracting firms.

®This pattern of industry-wage differentials is also found in Krueger and Summers (1988) and Gruetter and
Lalive (2009).

"The underlying assumption is that workers’ valuation for employers’ non-wage value is proportional to wage.
This is supported by Maestas et al. (2018) finding that workers’ willingness to pay for non-wage characteristics is
about the same fraction of wage for all quintiles of the wage distribution.

81 show that employer-to-employer transitions observed in the data are sufficient for identification, which is
necessary because I do not observe when a worker rejects a job offer from an outside employer.



ployees by appropriately weighting each likelihood contribution.” 1 allow for heterogeneity
between workers in two ways: First, I let the intensity with which workers receive offers from
different employers depend on the worker’s current employer.' Second, I allow the non-wage
value workers are offered by an employer to be heterogeneous through a worker-employer id-
iosyncratic value component. I estimate three parameters with my model: The first is each
employer’s non-wage value.!! The second parameter identifies the importance of wage, rel-
ative to non-wage value, for job value. With this parameter, I can convert non-wage value
to a log-wage equivalent scale. The third parameter is the variance of the employer-worker
idiosyncratic non-wage value.

I estimate the search model separately for the 1996-2003 period and for the 2004-2011
period. I then combine the search model estimates with wage information from my data, which
gives me an estimate of the distribution of job value among all workers. I find a positive cor-
relation between wage and non-wage value for both periods, reflecting sorting of workers with
high wages to firms offering high non-wage value. Job value inequality is thus considerably
greater than wage inequality. In both periods, 1996-2003 and 2004-2011, 43 percent of job
value variance is explained by wage, and 57 percent by non-wage value.'?

I find that between 1996-2003 and 20042011, job value variance increases by 8 percent.
Job value variance can increase for three reasons: variance of wage, variance of non-wage, and
their covariance. I find that neither the variance of wage nor the variance of non-wage value
did increase much. Thus, the main driver of the increase in job value variance is an increase
in covariance between wage and non-wage value. To understand the sources of this increase, I
decompose wage following Abowd et al. (1999) into a part systematically attributable to worker
quality, and a firm wage premium. I find that the increase in job value variance is mainly due to
a striking change in the covariance between firm wage premium and firm non-wage value. In
1996-2003 the covariance between firm wage premium and firm non-wage value is negative,
whereas it is positive in 2004-2011.13

Economically, the covariance between firm wage premium and firm non-wage value mea-

“While I directly observe employer size in the data, I follow Bonhomme and Jolivet (2009) and Sorkin (2018)
and estimate the intensity with which employers make offers from the number of workers they hire from non-
employment. I show that my results do not change when the offer distribution is estimated under alternative
assumptions.

10With this, I allow for sorting of workers across employers.

T actually estimate 4,500 (1996-2003) and 5,900 (2004—2011) parameters here, one for each employer in my
sample.

I2This is close to Taber and Vejlin (2020) finding that 49 percent of job value variance is explained by wage,
and 51 percent by non-wage value.

3The correlation between firm non-wage value and the firm wage premium in 1996-2003 is close to the corre-
lation Hall and Mueller (2018) find between the non-wage value and the wage of jobs offered to unemployed job
seekers.



sures the importance of compensating differentials relative to firm-level rents (Robinson, 1933;
Rosen, 1986). Intuitively, if firms fully compensate through wage for the quality of their non-
wage characteristics, firm wage and non-wage value will be perfectly negatively correlated. If
there are no compensating differentials, and dispersion of wage and non-wage value is purely
due to firms offering rents, firm wage and non-wage value will be perfectly positively corre-
lated. My results show that compensating differentials attenuated job value inequality 1996—
2003. By 2004-2011, however, they have disappeared and dispersion of firm-level rents has
increased, leading to an increase in job value inequality.

What fundamental developments can explain these patterns? I interpret the findings in the
framework of a simple monopsonistic competition model (Manning, 2013). In this framework,
firms first decide which total value they offer to workers, and second, how to best divide it
into wage and non-wage value (Lang and Majumdar, 2004). Thus, I can separately address the
question of why rent dispersion increased, and why compensating differentials disappeared.
I test multiple potential explanations for the increase in rent dispersion from 1996-2003 to
2004-2011. T find that a decline in the elasticity of labor supply, caused by an increase in
the idiosyncrasy of workers’ preferences over employers, explains part of the increase in rent
dispersion among firms (Card et al., 2018; Lamadon et al., 2021). I then provide evidence that
an immigration-induced increase in labor supply for firms offering low value also accounts for
part of the increase in rent dispersion (Borjas, 2014).

I show that the disappearing of compensating differentials must be explained by firm-
specific (or industry-specific) changes in the marginal cost of non-wage value provision (Rosen,
1986).!* 1 derive an estimate of firms’ marginal cost of non-wage value provision in 1996-2003
and 2004-2011. I do so by combining my estimates of firms’ non-wage value and firms’ wage
premium with the assumption that firms equalize the marginal cost of providing job value
through wage and non-wage value. I find that the cost of non-wage value provision declined
most in the construction and the real estate service industry, where firms tend to compensate
workers for low non-wage value with a wage premium.

I conclude the paper by discussing the robustness of my results. My model of the labor mar-
ket allows for tractable identification of non-wage values. The flip side is that it is quite stylized
and omits some mechanisms discussed in the literature, including systematic forms of prefer-
ence heterogeneity, labor market learning, or firm-specific human capital. I provide evidence
that these mechanisms are unlikely to have an important effect on my results. Another potential

limitation of my framework is related to a data requirement of my estimator: For employers’

14This solely relies on the assumption that employers are cost minimizing when deciding how to divide the value
they offer to workers between wage and non-wage value, which is plausible even for public sector employers, and
with union bargaining.

10



non-wage value in my model to be identified, a sufficient number of workers moving from and
to an employer is required. Small employers often do not satisfy this requirement, meaning that
I cannot identify their non-wage value. I show evidence that my sample nevertheless reflects
well the overall structure and dynamics of the labor market.

This paper contributes to the literature estimating job values in search environments (Bon-
homme and Jolivet, 2009; Becker, 2011; Sullivan and To, 2014; Hall and Mueller, 2018; Sorkin,
2018; Taber and Vejlin, 2020; Jarosch, 2021). Most closely related are Sorkin (2018) and Taber
and Vejlin (2020), who also rely on worker flows between firms to identify total job values.
Relative to Sorkin, I incorporate wage differentials in the estimation of my model, which al-
lows me to separately identify the contribution of wage and non-wage value to job value.'
Taber and Vejlin (2020) also separate job value into a wage and a non-wage value part. They
rely on a rich structural model in which parameters are only indirectly identified by the data.'®
In contrast, my model directly uses patterns observed in the data and provides a transparent
estimation framework. Taber and Vejlin (2020) find that non-wage value accounts for half of
workers’ flow utility, but do not provide any evidence on how non-wage value varies along the
wage distribution.

This paper also contributes to the literature attempting to explain wage inequalities with
compensating differentials. Krueger and Summers (1988) find that differences in non-wage
characteristics of jobs cannot explain inter-industry wage differentials.!” Subsequent work has
shown that search frictions (Hwang et al., 1998; Bonhomme and Jolivet, 2009) as well as id-
iosyncratic preferences of workers over firms (Lamadon et al., 2021; Manning, 2021) can ex-
plain this result.'® My model incorporates both, search frictions and idiosyncratic preferences
of workers over firms. I add to the literature by showing in a simple model of monopsonistic
competition how they can both lead to rent dispersion among firms nullifying the inequality
attenuating effect of compensating differentials.

The rest of the paper is organized as follows. The next section describes the data and pro-
vides descriptive evidence on patterns of employer-to-employer transition. Section 3 discusses
identification of non-wage values. Section 4 presents the results. Robustness is considered in

Section 5, and Section 6 concludes.

5The job value identified by Sorkin are in utility units with an unknown scale and thus cannot be separated into
wage and non-wage value.

16The richness of the model by Taber and Vejlin (2020) is driven by their attempt to decompose total labor
market wage and utility variation into variation due to pre-market skills variation, learning by doing, preferences
for non-pecuniary aspects, monopsony, and search frictions.

17Similarly, Katz et al. (1989) find a slight positive correlation between the industry wage premium and the
quality of non-wage characteristics.

18 An earlier literature emphasizes the role of unobserved worker heterogeneity (Hwang et al., 1992; Brown,
1980), which is of second order in studies relying on panel data and within-individual variation.
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2 Background, Data and Descriptive Evidence

Background The Austrian labor market combines broad institutional regulation with high
flexibility. Virtually all jobs are covered by collective bargaining agreements setting wage floors
and minimum non-wage work arrangements (Glassner and Hofmann, 2019).'° For most jobs,
however, provisions from collective bargaining agreements are not binding. For example, Leoni
etal. (2011) find that actual wages in manufacturing in the early 2000s were on average 20-30%
higher than collective bargaining wage floors. The Austrian labor market thus maintains a high
degree of flexibility. Job creation and job destruction rates in most industries are comparable
to those in the US (Stiglbauer et al., 2003). Between 1996 and 2011, the Austrian labor market
was characterized by relatively steady conditions. Unemployment was among the lowest in
Europe, ranging from 3.5 percent in 2000 to 6.5 percent after the great recession in 2009. The
wage structure was stable between 1996 and 2011 (Figure A.1).%°

Data I use data from two administrative sources, which together allow me to follow workers
across firms and observe their wages. The Austrian social security data (Zweimiiller et al.,
2009) provide matched employer-employee data on the universe of Austrian private sector
employment and public sector employment under private labor law.?! The social security data
contain detailed daily information on worker labor market status (e.g., employed, unemployed,
retired). Each employment spell is linked to an employer identifier and information on the
employer’s industry and location.?

The second data source is the Austrian wage tax data (Biichi, 2008). They cover the universe
of private and public sector employment. The wage tax data are based on wage tax forms
annually submitted by employers. They contain workers’ uncensored gross labor earnings,*’
and since the year 2002 an indicator whether an individual is working full-time or part-time.
Before 2002, over 97% of working men were full-time employed (Figure A.2).>* When limiting
attention to men and excluding part-time workers after 2002, gross earnings from wage tax data

represent a high-quality measure of wage, as large variation in working hours is ruled out.?

19Non-wage characteristics are, for example, dismissal protection or paid further training (Glassner and Hof-
mann, 2019).

20My model does not assume a steady state, but allows firms to grow and shrink over time. Business cycles
affect my results only through the change in the composition of jobs (w.r.t. wages and non-wage values) they
induce. This is, however, exactly the main outcome captured by my model, and not a confounder.

21Tn 2004 34 percent of public sector employees were employed with private sector contracts and therewith part
of the social security data (Bundeskanzleramt, 2021).

22Most establishments of multi-establishment employers in Austria have a common employer-identifier in the
social security data (Fink et al., 2010).

BIncluding bonus payments.

240nly around 70% of women were employed full-time between 1996 and 2002 (Figure A.3).

23Table A.1 shows the distribution of full-time workers’ weekly hours across industries based on the Mikrozen-
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Matched Employer-Employee Panel I construct two consecutive 8-year panels of the Aus-
trian workforce, from 1996 to 2003 and from 2004 to 2011, by combining employment infor-
mation from the social security data with wage information from the wage tax data.?® Indi-
viduals in my panel satisfy the following three conditions: (1) The person is male and not a
part-time worker, (2) he is working for the entire calendar year, and (3) holds only one single
job. Condition (1) allows me to interpret earnings as wages. Condition (2) and (3) ensure that I
can link a person-year observation in the social security data to the wage tax data. Apart from
being required by the data, these conditions are also motivated by my framework. I interpret
employer-to-employer transitions as the result of a worker’s binary choice over two jobs. This
is only suitable for workers holding one single job at a time. The condition that workers must
work for the same employer for at least one entire calendar year excludes workers in seasonal
employment, where the termination of an employment spell in most cases is caused by the end
of the employer’s business season, rather than following a worker’s choice.

The model I will introduce in Section 3 is only identified for employers strongly connected
by employer-to-employer transitions.?’” The restriction concerns the network of worker flows
between employers. An employer is in a strongly connected set if it hires at least one worker
from another employer in this strongly connected set, and has at least one of its workers hired
by another employer in this strongly connected set.?® To ensure my model is well-identified, I
only consider employers that have overall at least five employer-to-employer transitions with

other employers in the strongly connected set.?

sus survey. Industry-level averages of weekly working hours range from 39.8 hours in utilities to 44.4 hours in
hotel and restaurant.

26To the best of my knowledge, this is the first study on Austria to rely on wage information from Austrian
wage tax data, while all previous studies on Austria have estimated earnings from the social security data (e.g.,
Card et al., 2007; Lalive and Zweimiiller, 2009; Nekoei and Weber, 2017).

2"Technically, the strongly contentedness condition follows from the maximum likelihood estimator regularity
condition that the identified parameter vector needs to be an interior point (see Sections 3.3 and Appendix E.2).

28In my sample I consider the largest strongly connected set, that is, the set containing most employers.

29This restriction is motivated by the so-called incidental parameter bias (Greene, 2015, pp. 188-192), which
is relevant for my model because I identify a large number of fixed effects in a non-linear model (cf. Section 3.3).
I implement this restriction in a loop, where I sequentially drop firms with fewer than 5 employer-to-employer
transitions with the strongly connected set, until every firm has at least 5 employer-to-employer transitions with
the strongly connected set. The resulting strongly connected set contains more than 10 times as many observations
(transitions) than subjects (firm) in both periods, 1996-2003 and 2004-2011. It has been shown for the panel fixed
effects probit estimator (which is similar to my estimator) that incidental parameter bias is small when there are at
least 10 observations per subject (Hahn and Newey, 2004, Table 3 and 4; Greene, 2002, Table 2; Heckman, 1981,
Table 4.1).
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Table 1: POPULATION AND STRONGLY CONNECTED SAMPLE 1996-2003 &

2004-2011
1996 - 2003 2004-2011
All Strongly All Strongly
connected connected
(1) (2) (3) 4)
A. Sample size
People-years 9,526,421 4,513,833 9,906,446 5,480,901
People 1,621,545 797,492 1,712,585 964,635
Employers 193,633 4,544 182,811 5,944
B. Summary statistics
Mean age 38.80 39.07 40.21 40.21
Share blue collar 0.48 0.43 0.43 0.39
Median monthly wage (2012 €) 3,048 3,345 3,196 3,481
Mean log monthly wage 8.09 8.19 8.14 8.23
Mean log monthly wage 8.09 8.19 8.14 8.23
Var log monthly wage 0.21 0.20 0.21 0.20
C. Industry shares
Manufacturing 0.31 0.39 0.31 0.39
Utilities 0.02 0.03 0.02 0.03
Construction 0.10 0.05 0.10 0.06
Retail trade, cars 0.16 0.10 0.15 0.10
Transportation 0.07 0.07 0.07 0.08
Hotel and restaurant 0.02 0.00 0.02 0.00
Information and communication 0.02 0.02 0.03 0.03
Finance and insurance 0.06 0.08 0.05 0.06
Real estate 0.02 0.02 0.02 0.02
Prof./scientific/tech. services 0.05 0.05 0.04 0.03
Services 0.04 0.04 0.05 0.05
Public admin./education 0.10 0.13 0.10 0.13
Health and social 0.02 0.02 0.02 0.02
D. Employer-to-employer transitions
Transitions 159,199 58,349 178,835 74,271
Share excess separations 0.49 0.54 0.48 0.47
Mean log wage increase 0.11 0.11 0.09 0.10
Mean log wage increase (adjusted)’ 0.05 0.06 0.05 0.05
Share wage increase (adj.) 0.58 0.60 0.59 0.60
Share both employers same industry 0.44 0.47 0.43 0.45

Notes: This table reports summary statistics on all male full time workers (columns 1 and 3) and those
in the sample of strongly connected firms (columns 2 and 4). The industry classification is based on
NACE Rev. 2 main sections. I combine section D & E (Utilities), O & P (Public admin./education)
and N & S (Services). The following industries are not shown: Agriculture, forestry and fishing,
Mining, Arts and entertainment, Households as employers, (All share people-years in 1996-2003
<0.01). All summary statistics on transitions (Panel D. after Share excess separations) are with ob-
servations weighted by their probability of being an excess separation as defined in the text.

T The wage at the old employer is observed in year ¢, and the wage at the new employer in year ¢ + 2.
I substract time and experience effects from the wage at the new employer using the estimates from
my AKM-regression (see Appendix G.2)
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Table 1 shows descriptive statistics on the 1996 to 2003 and the 2004 to 2011 employment
panel. Columns 1 and 3 show statistics on all employers, while columns 2 and 4 consider
the sample of strongly connected employers. Panel A. shows that while there are much fewer
employers in the strongly connected sample, columns 2 and 4 still cover more than half of the
labor market when measured through the number of people-year observations. This reflects
that the strongly connectedness condition is much more likely to be satisfied by medium-sized
and large employers. Panel B. shows that while workers in my sample earn higher wages
on average, wage dispersion is about the same in my sample as in the Austrian labor market
overall.

Concerns related to external validity may also arise because my sample restricts attention
to male workers and to full-time workers. For example, one might be concerned that women
and part-time workers are differently sorted across firms, and that they differ in their prefer-
ences over non-wage characteristics offered by firms. I address these concerns in Appendix D,
showing that my sample of strongly connected employers well reflects the overall structure of
the Austrian labor market, and that dynamics are very similar among workers not considered in
my sample. Thus while the sample restrictions should be kept in mind when reading the paper,
this provides evidence that my results are nevertheless likely to be meaningful for the Austrian

labor market overall.

Employer-to-Employer Transitions Figure 1 shows how I identify employer-to-employer
transitions. First, a change of employer is classified as an employer-to-employer transition if
there are at most 30 days of non-employment between two consecutive employment spells.
Second, the worker must have been working for the old employer since the start of the calendar
year preceding the transition, and he must work for the new employer until the end of the
calendar year succeeding the transition.*

My model is built around the idea that employer-to-employer transitions are the outcome
of a worker’s choice between a job offer from his old employer and a job offer from his new
employer. I therefore exclude all transitions that most likely are not the result of such worker
decisions. Specifically, I exclude all transitions that follow a layoff recorded in the social secu-
rity data.?! T also exclude all transitions that follow firm-level dynamics such as firm renaming,

takeovers, mergers, spin-offs, or firm closures, which I identify following Fink et al. (2010).3

30The year of the transition is the year of the last day of employment at the old employer.

3 Laid-off workers are eligible for unemployment benefits from the first day of unemployment. Workers who
quit face a waiting period of 4 weeks. This implies that I can identify laid-off workers from the social security
data to the extent that the lay-off leads to receiving unemployment benefit.

321 identify employer-level dynamics from collective actions of groups of workers, as recorded in the social
security data. For example, an employer takeover is identified if an employer-identifier disappears from the records
and if at least two thirds of workers work for the same employer in the following quarter. See Appendix B for
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Figure 1: EMPLOYER-TO-EMPLOYER TRANSITIONS
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Notes: This figure illustrates how I identify employer-to-employer transitions and associated wage differentials.
A transition in year ¢ is considered an employer-to-employer transition if the following criteria are satisfied: (1)
Less than 30 days between two employment spells, and no unemployment spell in between. (2) The worker works
the full calendar year before the year of the transition for the old employer. (3) The worker works the full calendar
year after the year of the transition for the new employer.

Even after removing these transitions, there are involuntary employer-to-employer transi-
tions left in my sample. In particular, my data do not allow me to identify cases where a worker
is laid off and finds a new job without an interrupting unemployment spell. Sorkin (2018) pro-
poses a probabilistic approach to correct for these transitions. The underlying idea is that these
transitions are most likely to happen at contracting firms. To see this approach consider Figure
2, which shows employer-to-employer and employer-to-nonemployment separation probabili-
ties as a function of the annual employer growth. I calculate the average employer-to-employer
separation rate at expanding employers, which I use as an estimate for the expected separation
rate from voluntary employer-to-employer transitions. When an employer is contracting and
the separation rate is in excess of the expected rate, I consider these separations as exogenous

due to an employer-level shock. I calculate the expected rates by industry, and then downweight

excess ) 33,34

separations at contracting employers with (1 — excesstexpected

Panel D. of Table 1 shows descriptive statistics on employer-to-employer transitions. 58,349
transitions occur between firms in my sample for 1996-2003 and 74,271 transitions between
2004-2011. In both periods, employer-to-employer transitions come on average with a log
wage increase of about 0.05, and wage increases for around 60 percent of transitions. Table
A.2 shows in detail how I obtain the transitions in Table 1 from all employment spells that end

in the two sample periods.

details.

33 Annual separation rates at expanding firms are highest in Services (3 percent) and lowest in Public adminis-
tration/education and Utilites (1 percent). See Table A.3 for separation rates by industry.

34This approach corrects the ratio of firm-to-firm inflows and firm-to-firm outflows at contracting firm-years,
but not the wage differentials associated with involuntary firm-to-firm transitions. I therefore repeat my analyses
excluding all separations at contracting firms. This gives qualitatively identical and quantitatively similar results.
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Figure 2: EMPLOYMENT GROWTH AND TRANSITION PROBABILITIES
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Notes: This figure shows the probability (per year) a worker in column 3 of Table 1 makes a transition, by 0.05
employer growth rate bin. Full-time employer-to-employer corresponds to the employer-to-employer transitions
defined in this section. Other employer-to-employer corresponds to all transitions in which the worker starts at the
new employer within 30 days, but do otherwise not satisfy the conditions detailed in this section. Employer-to-
nonemployment corresponds to employment spells ending in year ¢ + 1 for which the worker does not join a new
employer within 30 days. Share excess transitions %. Figure A.7 shows the corresponding figure for
the 19962003 sample.

Descriptive Evidence on Transitions, Wage Differentials, and Non-Wage Values 1 will
now discuss descriptive evidence on employer-to-employer transitions and wage differentials
between firms, and illustrate how we can use them to learn about firms’ non-wage values. I will
use evidence aggregated on the industry-level for the 2004-2011 panel. The same reasoning
applies for 19962003, and the corresponding industry-level descriptive statistics are shown in
Appendix C.

Figure 3a shows how workers transition between industries. Each cell measures the inten-
sity of employer-to-employer transitions from an industry in the corresponding row to an in-
dustry in the corresponding column. The intensity measures how many employer-to-employer
transitions actually happen from a row-industry to a column-industry, relative to how many
would be expected to happen if mobility was random with respect to industries. Thus the
greater the value of a cell the more intensively workers transition from the corresponding row-

industry to the corresponding column-industry. Values above 1 represent intensities above the

transitions;
scg 2ic g transitions;

)~!, where transitions;;, denotes the number of employer-to-employer

3Each cell corresponding to row-industry j and column-industry & equals =

EZEJ transitions ZseJ transitions s,
D ees Qe transitionss; T > ;D7 5 transitionsg,
transitions between industry j and industry k, and J the set of all industries.
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Figure 3: EMPLOYER-TO-EMPLOYER TRANSITIONS AND WAGE DIFFERENTIALS
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Notes: Figure a shows the intensity of employer-to-employer transitions between industries over the period
2004-2011. If mobility was random, the intensity would be equal to 1 for each cell. Intensities above 1 indicates
that there are more transitions from the row-industry to the column-industry than expected under random mobility.
See text for a formal definition of the intensity. Figure b shows average log-wage differences (new log-wage —
old log-wage) of employer-to-employer transitions with the old employer in the row-industry in the new employer
in the column-industry. Missing cells in figure b contain fewer than 10 observations. Both figures are based on
transitions between employers in the strongly connected 2004-2011 sample (column 4 in Table 1). See Figure
A.8 for transitions in the 1996-2003 sample, and Figure A.11 for employer-to-employer transitions of all workers
over the period 2004-2011.
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random mobility counterfactual, and values below 1 intensities below. The large variation in
intensities depicted in Figure 3a shows that mobility between industries is clearly non-random.
Unsurprisingly, the intensities are largest along the diagonal, reflecting that most employer-
to-employer transitions happen within the same industry. There are also systematic patterns
between some industries, for example between public administration/education and health and
social services, reflected by high intensities in the top-right corner cells in Figure 3a.

Table A.4 summarizes, by industry, the number of workers employers attract from other
employers, and compares it to the number of workers they loose to other employers. Two
industries, manufacturing and public administration/education, stand out because they attract
around 20 percent more workers from other employers than they lose to other employers. This
suggests that working in manufacturing and public administration/education is relatively at-
tractive for workers, that is, they are willing to give up their old job to join an employer in
these two industries, but not as willing to give up their job in these two industries to work
elsewhere.

Figure 3b provides evidence on the extent to which manufacturing and public adminis-
tration/education employers’ attractiveness can be explained by wage premia. It shows the
average wage increase that comes with a transition from an employer in the row-industry to
an employer in the column-industry. We see rather dark colors in the column manufacturing,
reflecting that workers who join manufacturing typically see their wage increase. On average,
workers who join manufacturing see their wage increase by 6.9 percent.?” In contrast, workers
who leave manufacturing on average see their wage increase by only 0.5 percent, reflected by
rather bright colors in the manufacturing row. The exact opposite picture arises for public ad-
ministration/education. Workers who join public administration/education on average see their
wage decline by 2 percent, while workers who leave it see their wage increase by 8.3 percent
on average.

Overall, industry-level descriptive statistics suggest that while employers in manufacturing
and public administration/education are attractive for workers, it is only in the case of manu-
facturing that this can at least in part be explained by manufacturing employers paying a wage
premia. In public administration/education, however, there must be something other than the
wage making it attractive for workers. This is exactly the intuition behind the identification of

non-wage values in my model, which I will explain in the following section.

360n the other hand, employers in construction, real estate, and services lose more workers to other employers
than they hire from them. This suggests that employers in these industries are rather unattractive for workers. The
services industry includes mostly industries providing low-skilled services (NACE Rev. 2 codes N & S).

37Table A.5 shows average wage differentials for employer-to-employer transitions by industry.
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3 Identification of Non-Wage Values

In the following, I construct an on-the-job search model in the vein of Burdett and Mortensen
(1998). The model is partial equilibrium, meaning that I take firm behavior as exogenously
given. Employers post contracts that workers either accept or not, so there is no bargaining.
The model incorporates search frictions in the form of a stochastic rate at which workers re-
ceive job offers. In the framework of this model, I interpret voluntary employer-to-employer
transition as the result of a binary choice over two job offers, one from the employer that the
worker joins and one from the employer that the worker leaves. This then allows me to identify
employers’ non-wage values from the extent to which worker choice can or cannot be explained
by wage differentials. I focus on a discussion of the model’s structure and intuition in this sec-
tion. Additional information on the model, including workers’ value functions, can be found in

Appendix E.

3.1 Primitives

Employers Each employer j € J is fully characterized by the tuple (v}, a;, g;, f;). ©; de-
notes the log-wage premium, which I assume following Abowd et al. (1999) (henceforth AKM)
that the employer pays to every worker equally. a; denotes the non-wage value employer j
offers to all its workers equally. One can think of a; = a(m;), where m; is an arbitrary-
dimensional vector containing characteristics besides the present wage that are valuable to a
worker when working at employer j, and that are converted to a non-wage value through the
function a().*® g¢; denotes the size of the employer, that is, the number of employees of em-
ployer j. f; = [fj1, -, [irzs, [;,7] denotes the vector of employer j’s offer intensities, that is,

the intensity with which employer j makes employment offers to workers at other employers.

Workers Employed workers are characterized by the pair (o, j). «; denotes, following
AKM, worker ¢’s skills, labor market experience, and other factors for which the worker is
compensated equally by all employers. j denotes worker ¢’s current employer. I assume a
worker’s value from working at employer j is a linear combination of his log wage w;;, the

log of his current employer’s non-wage value a;, and the worker’s idiosyncratic valuation for

3Besides amenities that provide flow-utility to the worker, a; also contains expectations about future wage
and non-wage value, and, due to the absence of a random search assumption, future job opportunities. This is
intentional as the aim of this article is to provide a comprehensive measure of compensation in the labor market
that includes all aspects besides the contemporaneous wage. I show in Appendix I that expectations about future
wage growth explain some part of a;. However, the results and conclusions of this article are unchanged if
expectations about wage growth are excluded from a;.
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working at employer j €;;:

V;;j = Wln(ww) + ln(aj) + Gij (1)

This log-additive form is supported by Maestas et al. (2018, Figure 7) and Mas and Pallais
(2017, p. 3754) finding that individuals with high vs. low wage are willing to give up about the
same fraction of wage for various amenities. I normalize v = 1, which implies that V;;, In(a;)

and ¢;; are in log-wage equivalent units.*’

3.2 Search, Offers and Employer-to-Employer Transitions

Employed workers search for job offers from other employers, which they receive at an ex-
ogenous rate. A job offer consists of a pair (In(w;;), a;), where the wage part of the offer is

composed as follows:
ln(wij) = Q4 + 1/~1j + 1ij (2)

the wage firm j offers to worker ¢ consists of a worker-specific part «;;, a firm-specific wage
premium offer 77[}]‘ and a idiosyncratic part 7;;. I assume that 7;; is a random draw from a
symmetric mean-zero distribution.*!

When a worker employed at employer j receives a job offer from an outside employer £,
he draws a new job offer from his current employer j and makes a binary choice over the two
offers:

P(Vig > Vi) = P(In(wi) + In(ar) + € > In(wq;) + In(a;) + €;)
= O(In(w) — In(w;;) + In(ar) — In(a;))

3)

where ® denotes the cumulative distribution function of a normal distribution with mean
zero and variance 20 and the last equality follows from assuming that €;, ~ i.i.d. N(0, 0), so
(€ij — €x) ~ i.i.d. N(0, 20?).

With an ideal dataset in which the analyst observes all offers from outside employers and
all binary choices of employed workers, the structure put on the environment so far would
be sufficient to estimate the In(a;) of each employer and o by simply maximizing the joint-
likelihood of all binary choices. With the administrative data I have available, however, I

only observe job offers that employed workers accept, which are the employer-to-employer

3 Throughout the paper the term “utility” refers to job value, that is, the value of the value function, and not the
flow utility.

40~ converts log-wage to job value units. By setting v = 1, I set the scale of job value to equal the log-wage
scale.

41T assume that Jjj = 1p; —Ej[n;j]|accepted offers]], i.e., that the wage premium employers offer equal the AKM
wage premium 1; minus the expected value of the wage residual among all offers made by employer j that are
accepted. So by offering 1/33' the employer ends up paying an average wage premium of ;.
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transitions discussed in the previous section. In particular, I do not observe when workers
receive a job offer from an outside employer and choose to stay with the current employer.
Hence, in order to render this model estimable with my data, I need some measure of the
number of offers employers make to employees of other employers. I follow Bonhomme and
Jolivet (2009) and Sorkin (2018) in assuming that non-employed workers search from the same
offer distribution as employed workers, and that non-employed workers do not reject job offers.
Therefore, I can recover the intensity with which employers make job offers from the number
of non-employed workers they hire. In addition, I assume the following for the pattern with

which employers make offers to each others’ workers:

Assumption 1: fj?v"“E = ff;;g; There exists some measure of the intensity with which
-_— j k

fNE

employers make offers , and the probability a worker at employer £ receives an offer
from employer j, relative to the total number of offers made by employer j, equals the
probability a worker at employer j receives an offer from employer £, relative to the total

number of offers made by employer k.

Intuitively, this assumption states that if an employer makes offers to another employer’s work-
ers with a higher intensity than vice versa, then it must also be that this employer makes offers
with an overall higher intensity. While this assumption is in line with random search, that is,
that all workers receive job offers from a particular employer with equal probability, it is less
restrictive in that it allows for directed search, that is, that the probability of receiving a job offer
from a particular employer depends on a worker’s current employer. For example, in my model
fjr is allowed to be higher if employers £ and j rely on the same type of labor input (with
respect to education, skills, experience), which is intuitively as well as empirically plausible
(see, for example, Nimczik, 2020).

This model provides enough structure to identify employers’ non-wage values from ob-

served employer-to-employer transitions. In the following, I discuss how I estimate the model.

Proposition 1. Let Q = ([j, k, Aln(w)]y, ..., [J, k, Aln(w)]s) be the set of all S employer-to-
employer transitions between all employers in J generated under the model above. The joint

likelihood of all S transitions is:

S L
L = H (I)[(ln(w(z,t)J) - ln(w(27t),k)) + ln(aj) _ ln(ak)]fa E g5,
s=1
Proof. See Appendix E.2. O
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Proposition 1 states that the likelihood the above model results in the set S of employer-to-
employer transitions is simply the product of the likelihood contributions of the transitions,
each of them appropriately weighted. To see the intuition behind Proposition 1, it is instructive
to consider the case when all employers make equally many offers, so fJN E is constant, and
all employers are of equal size, so g; is constant. In this case, Proposition 1 states that the
likelihood of observing the S transitions is simply the product of the likelihood contributions
of these S transitions. This holds true because for every pair of employers j and &k the number
of workers at employer j that receives an employment offer from employer %, but rejects the
offer, is equivalent to the number of workers at employer £ that receives an employment offer
from employer j and accepts, and vice versa.

Starting from this, we can see the intuition for the likelihood-weight fJNLE, which is the
inverse of the offer intensity of the employer the worker joins. Suppose employers j and k are
otherwise exactly the same, but that employer j makes twice as many job offers as employer £.
Consequently, we will observe twice as many employer-to-employer transitions from employer
k to employer j as from employer j to employer k. This is, however, not because employer &
offers any better non-wage value than employer 7, but only because it recruits more intensively.
By downweighting the likelihood contribution of every employer-to-employer transition from
employer k to employer j by one half, the estimator accounts for the difference in offer intensity
between these employers.

A very similar intuition applies for the likelihood weight i, which is the inverse of the
number of employees at the employer the worker /eaves. Consider two employers that are ex-
actly the same, except that one has twice as many employees as the other. In this case, we
will observe twice as many employees leaving the larger employer than the smaller. By down-
weighting the likelihood contribution of every employer-to-employer transition away from the
larger employer by one half, the estimator accounts for the difference in size between these
employers.

Due to the simple form of the likelihood function in Proposition 1, it is relatively easy
to pin down the variation identifying employer non-wage value. First, employer non-wage
value is driven by the net flow of workers (after accounting for employer size and offer inten-
sity) between employers, where employer j’s non-wage value is higher relative to employer
k’s non-wage value if there is more worker flow from employer k£ to employer j. This is
the same source of variation that Sorkin (2018) exploits. The novelty of my model is that I
use wage differentials between employers for identification, where, assuming constant worker

flows, employer j’s non-wage value is higher relative to employer £’s non-wage value if wages
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are lower at employer j relative to employer k.*> Another novelty of my model is that I allow
the probability with which a worker receives a job offer from a particular employer to depend
on the worker’s current employer.*> This implies that my model generates sorting of workers
to employers without modeling comparative advantages or systematic preferences of workers

over employers, thus allowing for high tractability.*

3.3 [Estimation

I estimate the model separately using the 1996-2003 panel and the 2004-2011 panel. For
strongly connected employers, the likelihood function in Proposition 1 is continuous and twice
differentiable. This implies that I can use standard maximum likelihood routines in estima-
tion.*
Search Model Estimates Table 2 shows the distribution of the two model parameters I use
in estimation, for the 1996-2003 and the 2004-2011 panels. I measure the employer size
parameter g by the number of people-years per employer. The hires from non-employment
correspond to the total number of individuals hired that were non-employed for at least 30
days. Both measures are totals over 8 years.*®

Employers’ non-wage values [n(a) in Proposition 1 are identified relative to a base em-
ployer’s non-wage value, which I select to be the employer with the most employer-to-employer
transitions. Table 2 summarizes the estimates of employers’ non-wage values. As each em-

ployer’s non-wage value is only identified relative to a base employer, I standardize the distri-

bution of employers’ non-wage values to have mean zero. To avoid having the dispersion of

“2Because there is random variation in firms’ wage offer through 7, which affects workers’ probability of
accepting a job offer, I can separately identify firm non-wage value and firm wage, even though the only systematic
variation of non-wage value and wage (net of the person-specific component) is on the firm-level (see Appendix
E.2).

431 allow this probability to vary for non-employed workers as well.

#Sorting through comparative advantages is typically obtained by modeling production complementarities be-
tween worker and employer types (Rogerson et al., 2005; Wright et al., 2021). Another approach is to model
persistent preferences of workers over employers, locations and industries (Lamadon et al., 2021).

431 use Stata’s ml command and Newton-Raphson. I account for the probability a transition in my sample does
not represent a worker-initiated employer-to-employer transition (see Section 2) by weighting every likelihood
contribution in Proposition 1 by (1 — pg.), where py; represents the share of employer-to-employer transitions at
employer k in year ¢ that are in excess of the expected number of employer-to-employer transitions.

46By the definition of employer-to-employer transitions as detailed in Section 2, for the 2004-2011 panel only
person-year observations from 2003 to 2010 are at risk of being hired by another employer because they need to
work one full calendar year for the new employer after they are hired. Hence, the appropriate sample period for
the calculation of g; is 2003 to 2010. With regard to the hires made by some employer j, only full-time workers
hired from other employers in the years 2004 to 2011 can enter my sample as employer-to-employer transition.
Therefore, the appropriate time period to calculate the measure of employer offer intensity on the market for
full-time full year workers, f;, is 2004 to 2011. The same reasoning applies for the 19962003 panel.
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Table 2: SEARCH MODEL ESTIMATES

Mean Var Min Max

1996 - 2003
Parameters
Firm size (people-years) 799 21362 2 56744
Hires from non-employment 60 1342 1 4918
Estimates
Firm non-wage value (log €) 0 36 344 238
Shrinked firm non-wage value (log €) 0 20 -3.04 1.67
Corr(Firm non-wage, Shrinked firm non-wage) .94
Number of transitions 58,349
2004 - 2011
Parameters
Firm size (people-years) 727 18302 5 53569
Hires from non-employment 59 1322 1 4140
Estimates
Firm non-wage value (log €) 0 39 345 344
Shrinked firm non-wage value (log €) 0 21 -232 193
Corr(Firm non-wage, Shrinked firm non-wage) .94
Number of transitions 74,271

Notes: The panel Search Model shows the model parameters and estimates from estimating the
model in Proposition 1 on the sample in Table 1, columns 2 and 4. Firm size is measured from
1995 to 2002 (2003 to 2010). Hires from non-employment are measured from 1996 to 2003
(2004 to 2011). Firms’ non-wage values are only identified relative to each other and thus stan-
dardized to have mean zero. The mean and variance of firm non-wage value and shrinked firm
non-wage value are with firms weighted by the number of person-year observations they repre-
sent. Shrinkage uses an empirical bayes with industry by federal state averages as prior distri-
bution (see Appendix F for details). I rely on shrinked non-wage values throughout the paper.
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Figure 4: HIRES, QUITS, WAGE DIFFERENTIALS AND NON-WAGE VALUES

(a) Non-Wage Values
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Notes: Figure a shows non-wage values and log-wages by industry, with circle size relative to the number of
person-year observations in the corresponding industry. The gray line plots the regression line run at the industry
level, with industries weighted by their number of person-year observations. Two industries are not shown in
figure a: Utilities (coordinates: (.85,8.47)) and Hotel and restaurant (-.55,7.79). Figure b shows, on the x-axis, the
number of employer-to-employer hires divided by the number of employer-to-employer quits (based on columns
3 and 4 of Table A.4), and on the y-axis: Log-wage increase of employer-to-employer hires minus log-wage
increase of employer-to-employer quits (corrected for time/experience effects, based on Table A.5). Figures are
based on the 2004-2011 sample (column 4 in Table 1). See Figure A.9 for the 1996-2003 sample.

employers’ non-wage values driven by sampling variation, I shrink the estimates of employers’
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non-wage values towards the respective industry by federal state average using an empirical
bayes approach (see Appendix F for details). Table 2 shows that while this reduces variation,
in particular in the tails of the distribution, the shrinked non-wage values remain highly corre-
lated with the non-shrinked values. I rely on shrinked non-wage values throughout the paper.
Overall, Table 2 does not point to any substantial difference in parameter values and estimates
between the 1996-2003 and the 2004-2011 panel.

Figure 4 shows, for the 2004-2011 panel, that my estimates of employers’ non-wage values
(Figure 4a) intuitively map to summary statistics on hires and quits (Figure 4b).*’ For example,
we see in Figure 4a that employers in public administration/education offer high non-wage
value. Figure 4b shows that employers in public administration/education hire more workers
than they loose (x-axis), despite paying lower wages (y-axis). An example of a low non-wage
value industry is construction, where we see in Figure 4b that its employers loose more workers

than they hire, despite paying higher wages.

Estimation of Wage Components Under my search model, wages assume the following
AKM form:
In(wit) = i + Vagin + X0 + rit (4)

where «; is a person fixed effect representing the fully portable component of wage capacity
of individual i, and X', is a set of time-varying controls.*® The relation to my search model is
i = «a; + X/, 3, that is, the two terms on the right hand side capture the wage an individual
is paid by every employer equally. ;) is the wage premium paid by employer j to every
worker. J (i, t) indicates the workplace for worker i in year ¢, and r;; is the residual. I estimate
equation 4 separately for the 1996-2003 and 2004—-2011 panel (columns 2 and 4 in Table 1),
where I rely on the procedure by Kline et al. (2020) to calculate the (co)variances of the person
and firm effects.*’

Table 3 summarizes the variation in worker and employer wage effects in the 1996-2003
and the 2004-2011 panel. Variance in person effects explains the largest share of variance in
wage, while variance in firm effects is one order of magnitude smaller. The covariance between

person and firm effects is positive, reflecting that high-wage workers are sorted to high-wage

47 A similar picture is obtained for the 1996-2003 sample (Figure A.9).

“8The person fixed effect and the time-varying terms in X are only identified under a normalizing assumption.
Following Card et al. (2018) I assume that X/, = 0 at age 40, that is, the person effects are measured as of age
40.

#(Co)variances of the person and firm effects when calculated using the OLS point estimates suffer from a
bias due to sampling error, often referred to as limited mobility bias (Krueger and Summers, 1988; Andrews et al.,
2008). Appendix G.2 provides details on the estiation of wage components.
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Table 3: AKM VARIANCE ESTIMATES

1996-2003 2004-2011

Variance of person effect 0.1538 0.1568
Variance of firm effect 0.0142 0.0127
Covariance of person and firm effect 0.0055 0.0055
Number of movers 118,942 153,418

Notes: This table reports the (co-)variances of person and firm effects from
estimating the AKM wage regression using the procedure by Kline et al.
(2020) on the samples in columns 2 and 4 of Table 1. See Tables A.7 and
A.8 for a full decomposition of wage variance.

firms.>® In the following section, I show how we can combine the estimates from the AKM
model with those from my search model to learn about job value inequality between workers,
and about its evolution over time. Before that, I briefly discuss how the assumptions underlying

the identification of equation 4 are reconciled with my search model.

Search Model and AKM When estimating equation 4, I assume that worker mobility is
uncorrelated with the time-varying residual component of wages (see Card et al. (2013) for a
detailed discussion of this assumption).51 In my search model, however, workers are the more
likely to move to an outside employer if the residual component of the wage offer made by
the outside employer is higher. Nevertheless, I show in Appendix G.3 that under a condition
on firm offer intensity, the identification assumptions of the AKM model are nested in my
search model. Intuitively, the reason is that the AKM model identifies employer wage premia
from all transitions between employers, including those with an interrupting non-employment
spell, while my search model only uses voluntary and direct transitions between employers for

identification.

30Comparing the estimates to recent estimates by Bonhomme et al. (2020) and Kline et al. (2020), I find a larger
variance of the worker wage effect, while the variance of the firm effect and the covariance between worker and
firm effect is smaller, suggesting that differences between firms are less important for wages in my sample (see
Table A.6).

>IT show in Appendix G.1 that there is no evidence that worker mobility is correlated with the time-varying
residual component of wages.
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4 The Evolution of Non-Wage Job Values and Implications
for Inequality

I will now estimate the job value of each worker in my sample, and analyze its distribution
in the 1996-2003 and the 2004-2011 panel. Guided by a simple model of a monopsonistic
labor market, I will then provide evidence on changes in labor market fundamentals driving the

observed evolution of job value over time.

4.1 The Distribution of Job Value 1996-2003 and 2004-2011

Estimating Job Value Under the assumptions of my search model, each worker employed at

a firm in my sample receives the following job value:
Vie = In(wy) + Inagp) + € (5)

where I observe worker i’s wage in year ¢, [n(w;;), in the data and estimate the non-wage value
of his current firm, in(a J(m), in my search model. I do not observe the realization of €;;, but
I can obtain an estimate of its distribution from my search model.’? I estimate the job value
of each person-year observation in the 1996-2003 and 2004-2011 panel (columns 2 and 4 of

Table 1) using the corresponding search model estimates.

The Distribution of Job Value Table 4 shows, in the first row, the variance of job value
among person-year observations in the 1996-2003 and the 2004-2011 panel. We see that
inequality in job value among workers, when measured through the variance, increased by 7.6
percent from 1996-2003 to 2004-2011.%

To understand the drivers of this increase in inequality, note that

Var(Vie) = Var(in(wy)) + Var(in(agus) + €) + 2Cov(In(wy), In(agan) + €e)  (6)

521 know the distribution of €;; across offered jobs, which is €;; ~ N (0, 572) and can thus use this distribution
in the variance decomposition. By doing so, I ignore the fact that the distribution of €;; among accepted job-offers
is truncated from below, and has thus smaller variance, for workers either hired through an employer-to-employer
transition, or workers hired otherwise that have received an outside job-offer in the meantime. I ignore this because
I cannot observe outside job-offers. My estimates of the variance of ¢;; among accepted job-offers should thus
be seen as an upper bound. In Appendix H I derive a lower bound on the variance of €;;. The only result that is
affected by this is the share of job value variance that is due to non-wage value, which decreases to 54 percent in
both periods.

31 focus on the variance of job value as inequality metric. The reason is that other measures of inequality (e.g.,
Gini index, Theil index) would depend on the location of non-wage value, which I cannot identify.
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Table 4: JOB VALUE VARIANCE 1996-2003 AND 2004-2011

1996-2003 2004-2011

ey (2) (2)-(1)
Var(Vij) 0.524 0.564  0.040
Var(In(wy)) 0.195 0.197  0.002
Var(In(aggy) + €;) 0.265 0.277 0.012
2Cov(wy, In(ayey) + ;) 0.064 0.090  0.026
2Cov(0y, In(aggy))) 0.075 0.082 0.007
2C0v(P(i), In(ass)) -0.015 0.006  0.021

Notes: This table reports the variance of job value, and covariances of job
value components in the 1996-2003 sample and in the 2004-2011 sample.
The variance-covariance matrix of all job value components is reported in Ap-
pendix Table A.7 and A.8.

that is, the variance in job value can be decomposed into wage variance, variance in non-wage
value, and the covariance between wage and non-wage value. Rows 2-4 of Table 4 show how
these components contribute to total job value variance. We see that in both periods of the
panel around 35 percent of job value variance stems from variance in wage, around 50 percent
from variance in non-wage value, and the rest from the covariance between wage and non-wage
value. The variance in wage is almost the same in both periods, reflecting the very stable wage
structure in Austria between 1996 and 2011. The variance in non-wage value increased slightly
from 1996-2003 to 2004-2011, contributing about one third to the increase in total job value
variance between the two periods.>*

The other two thirds of the increase in job value variance are attributable to the increase
in covariance between wage and non-wage value, as shown in the 4th row of Table 4. The
covariance between wage and non-wage value is positive in both periods, reflecting sorting of
workers with high wage to firms offering high non-wage value. The increase in the covariance
thus shows that this sorting got stronger over time. Graphically, this can be seen in Figure 5,
which shows the distribution of non-wage value with workers grouped by decile of the wage
distribution. We see a particularly strong downward shift in the non-wage value distribution
for workers in the lowest wage decile from 1996-2003 to 2004-2011. At the same time, the
distribution of non-wage value for workers with above-median wage shifted slightly upwards.

Both together explain the increase in covariance between wage and non-wage value between

>*Due to limitations on computational resources I only calculate point estimates and no standard errors for the
covariances. While bootstrapping of standard errors would in principle be possible, it is not state of the literature
to report standard errors for such covariances (e.g., Card et al., 2013, 2016; Song et al., 2019).
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1996-2003 and 2004-2011.

Figure 5: NON-WAGE VALUES BY WAGE DECILE
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Notes: This figure shows non-wage values of workers’ firms, by decile of the wage distribution. The box ranges
from the st to the 3rd quartile of the firm non-wage value distribution in the respective decile. The whiskers range
from the 5Sth to the 95th percentile of the firm non-wage value distribution in the respective decile.

Additional insights into the increase in job value inequality can be gained by examining the

covariance between non-wage value and the AKM components of wage, that is,

Cov(In(wy), In(agiy) + €x) = Cov(ay, In(agiy)) + Cov(Wir, In(asy))

/ (7)
+ COU(Xitﬁa ln(aJ(i»t)))

where Cov(oy, In(az(;,))) measures the extent to which workers with different wage capacity
are sorted among firms with respect to the non-wage value they offer. The row Cov (o, In(aygy)))
of Table 4 shows that workers with higher wage capacity are sorted to firms offering higher non-
wage value in both periods. While this sorting explains about 10 percent of overall job value
inequality, it only increased slightly between 1996-2003 and 2004-2011.

Cov(y J(i,t)5 In(a J(m)) measures how firm non-wage value covaries with firm wage pre-
mium. Figure 6a shows how the relationship between v 5(; ;) and In(a J(i’t)) can be interpreted
as evidence for compensating differentials and rents. Intuitively, if there is no variation in rents
that firms offer and firms fully compensate through wage for the quality of their non-wage

characteristics, firm wage and non-wage value will be perfectly negatively correlated. If there

31



are no compensating differentials and dispersion of wage and non-wage value is purely due to
firms offering rents, firm wage and non-wage value will be perfectly positively correlated. The

covariance of firm wage and non-wage value thus reflects the sum of these two effects.

Figure 6: RELATION OF FIRM WAGE & FIRM NON-WAGE VALUE

(a) Theoretical: Compensating Differentials and Rents
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Notes: Figure a shows the theoretical relationship between firm wage and firm non-wage value in two limit cases;
1., when there is full compensation between firm wage and firm non-wage value and thus no rent dispersion, and
2., when there is no compensation between firm wage and firm non-wage value and thus all of firm wage and firm
non-wage value is rents. Figure b shows a scatterplot of the actual distribution of firm wage and firm non-wage
value in 1996-2003 and 2004-2011. The lines in Figure b represent an OLS regression of firm non-wage value
on firm wage, with firms weighted by the number of people-years they represent.

A negative value of Cov(v (1), In(ay(y))) implies compensating differentials have an at-
tenuating effect on job value inequality. A positive value of C'ov(¢y(i4), n(ag,.))) implies

that job value inequality is exacerbated by firm-level rents. As shown in Figure 6b and the
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last row of Table 4, there is a striking difference between C'ov(v (), (n(as(y))) in 1996—
2003 and 2004-2011. While it is substantially negative in 1996-2003, it is slightly positive in
2004—2011.> Thus, compensating differentials had a substantial inequality attenuating effect
in 1996-2003, but this effect vanished and is dominated by increased dispersion in firms’ job
value offers by 2004-2011. This explains more than half of the overall increase in job value
inequality between 1996-2003 and 2004-2011.%¢

4.2 Why Did Job Value Inequality Increase?

I will now discuss potential explanations for the increase in job value inequality caused by
changes in firms’ wage and non-wage value offer. These explanations should account for the
following two empirical results: First, for the increase in Var(In(a;)+1,), that is, the increase
in dispersion of value offered by firms. Second, for the increase in C'ov(In(a;),v;), reflecting
the disappearance of compensating differentials. Lang and Majumdar (2004) show that these
two can be considered separately. Intuitively, the firm’s problem consists of a stage where
it chooses which value to offer, and a stage where it best allocates value between wage and

non-wage value (see Appendix J).

Increase in Firm Value Dispersion Because of search frictions and idiosyncratic preferences
of workers over firms, firms in my search model face a labor supply that is upwards sloping in
the firm value they offer.’” My search model thus represents a standard monopsony framework
as depicted in Figure7 a.>® Figure 7a shows two firms: one with high marginal revenue product
of labor (MRPL), and one with low MRPL, both facing the same labor supply curve. Figure 7a
shows that the high MRPL will maximize profits by offering a higher firm value than the low
MRPL firm. Thus, dispersion of firm value can arise due to differences in MRPL across firms.

As we can see from Figure 7a, the increase in dispersion of firm value offer I find in Aus-
tria can be explained by changes in the slope or location of either, the labor demand or labor
supply curves. In particular, it can also be explained by a decrease in labor supply elasticity,

as illustrated in Figure 7b by the increased slope of the labor supply curve. Intuitively, the

SFigure A.4 describes the underlying change in the relationship between employer-to-employer transitions
and employer wage premium. From 1996-2003 to 2004-2011, the relationship between a firm’s number of hires
relative to its quits and the wage gain of its hires relative to that of its quits became considerably stronger, indicating
that firms offering higher wage were considered more attractive by workers in 2004-2011 than in 1996-2003.

S5Changes to the components of job value variance not reported in Table 4 only have a minor impact on the
evolution of job value inequality between 1996-2003 and 2004-2011. The full variance-covariance matrices of
job value components can be found in Table A.7 and A.8.

S7Firm value = firm wage + firm non-wage value.

8This figure is inspired by Manning (2021, Figure 1).
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high MRPL firm has a greater incentive to increase its value offer in response to a decrease in
labor supply elasticity as it has greater opportunity costs of losing workers and scaling down
production (formal derivation in Appendix J.2). I will now evaluate whether there is evidence
for a decrease in labor supply elasticity between 1996-2003 and 2004-2011.

The elasticity of labor supply is decreasing in the degree of search frictions in the labor
market (Burdett and Mortensen, 1998).% 1 estimate the intensity with which workers receive
outside job offers and find no evidence for an increase in search frictions (Table A.10). Another
potential reason for a decrease in labor supply elasticity is that labor markets become less
segregated, that is, it becomes more likely that workers at high-value firms receive offers from
low-value firms and vice versa (Berger et al., 2022).%° I find no evidence that labor markets
became less segregated between 1996-2003 and 2004-2011 (Table A.11).

The third reason why the labor supply elasticity could decrease is an increase in the idiosyn-
crasy of workers’ preferences over firms (Card et al., 2018; Lamadon et al., 2021; Manning,
2021).5! My search model provides me with an estimate of the variance of workers’ idiosyn-
cratic preferences over firms. The variance of workers’ idiosyncratic preferences over firms
increased by 8 percent from 1996-2003 to 2004-2011. Can thus a decline in labor supply
elasticity fully account for the increase in job value dispersion I find? Figure 7 shows that for
this to be plausible, there should be two patterns observable in the data: first, firms offering
high value in 1996-2003 (high MRPL firms) should have seen a relative decline in employ-
ment from 1996-2003 to 2003-2011. Second, large firms (high MRPL firms) should have seen
a relative increase in the job value they offer, relative to smaller firms. I observe a decline in
employment at high value firms between 1996-2003 and 2004-2011, but do not find that large
firms increased their value offer (Table A.12).

Thus, while a decline in labor supply elasticity can account for part of the increase in value
dispersion among firms, there must also have been changes in labor supply or labor demand in
a way that increases job value dispersion. I can only provide suggestive evidence on this.®? 1

use the share of workers with foreign nationality in a firm or a local labor market as a proxy

To see this, consider the case where there are no search frictions, that is, workers can instantaneously choose
over the full set of firms in the labor market. This will result in perfectly elastic labor supply (absent idiosyncratic
preferences). On the other hand, if there are infinite search frictions, thus workers never receive job offers from
outside firms, labor supply to the firm becomes perfectly inelastic (see Appendix J.3).

%0Consider the case where a worker faces the binary choice between a firm A and an outside firm. The more
different the outside firm’s job value offer, the less firm A’s labor supply depends on its own job value offer,
because the marginal probability gain in the worker’s binary choice from an increase in its own job value offer is
lower (see Appendix J.4).

6!Consider the case where a worker faces the binary choice between a firm A and an outside firm. Increasing
idiosyncratic preferences implies that the same increase in job value offer by firm A will lead to a smaller gain in
probability the worker will choose firm A over the outside firm.

621 do not have any information available related to firms’ MRPL function.
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Figure 7: LABOR SUPPLY AND DEMAND UNDER MONOPSONY

(a) High and Low MRPL Firm
Firm Value
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(b) Increase in Elasticity of Labor Supply
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Notes: V' = ¢ + In(a); MRPL, marginal revenue product of labor; MCL, marginal cost of labor. Figure a
illustrates the firm values offered by a firm with high MRPL and a firm with low MRPL, in a model with
finite elasticity of labor supply. Figure b illustrates the effect of a decrease in labor supply elasticity on the
profit-maximizing firm value offer of the high MRPL and the low MRPL firm.

for an, at least in part, exogenous labor supply shifter. I find that the share of workers with
foreign nationality increased more between 1996-2003 and 2004-2011 in firms offering low
value in 1996-2003, and that firm value decreased more between 1996-2003 and 2004-2011 in
firms where the share of workers with foreign nationality increased more between 1996-2003
and 2004-2011 (Table A.13). This suggests that changes to firm-specific labor supplies also

contribute to explaining the increase in dispersion of employer value between 1996-2003 and

35



2004-2011.

Disappearance of Compensating Differentials The increase in Cov(In(a;), ;) I find, re-
flecting the disappearance of compensating differentials, can be explained by changes in firms’
marginal cost of non-wage value provision (Rosen, 1986). For example, compensating differ-
entials could disappear if the marginal cost of non-wage value provision declined in firms that
compensate for low non-wage value by paying high wage premia. I cannot directly test this, as
I do not know what the cost of non-wage value provision is for firms. However, I show in Ap-
pendix J.6 that I can infer firms’ marginal cost of non-wage value provision by assuming that
firms allocate the value they provide between wage and non-wage value in a cost-minimizing
way. The intuition is that in the optimum, a firm’s marginal cost of providing utility to workers
through non-wage value equals its marginal cost of providing utility through wage. Thus, I can
infer each firm’s marginal cost of non-wage value provision from the wages it pays. I find that
the marginal cost of non-wage value provision declined most between 19962003 and 2004—
2011 in the construction and the real estate services industry, where firms compensate workers
for low non-wage value through a wage premium (Figure A.5). This supports the explanation
that firms that compensated for low non-wage values through high wage premia in 1996-2003

increased their non-wage value offer by 2004-2011, because it got cheaper for them to do so.

4.3 Relation to Literature

The evidence presented in this section echoes several findings from the literature on wage
differentials between industry and firms, and on compensating wage differentials. Pierce (2001)
and Maestas et al. (2018) show that various non-wage characteristics are better for workers
earning higher wages, which is consistent with the positive correlation between the person
wage effect and the non-wage value I find. Krueger and Summers (1988) find that industry
wage premia cannot be explained as compensating differentials for non-wage characteristics,
which is consistent with the close to zero correlation between firm wage and firm non-wage
value I find for 2004-2011.%> Hall and Mueller (2018) estimate the non-wage values of jobs
offered to unemployed job seekers. They find a correlation of —.17 between the wage and non-
wage value of jobs, close to the correlation of —.12 between firm wage and non-wage value |
find for 1996-2003.%* Taber and Vejlin (2020) find that 51 percent of the variance in workers’

03Katz et al. (1989) find a slightly stronger positive correlation between industry pay premia and the quality of
non-wage characteristics.

%4Table A.9 compares the parameters I identify with those identified by Hall and Mueller (2018) and Taber and
Vejlin (2020).
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flow utility is explained by non-wage values, where I find that 57 percent of workers’ job value
variance is explained by non-wage values.®

Hamermesh (1999) shows that, over time, non-wage values can evolve differentially along
the wage distribution because of income effects, that is, workers use their productivity gain over
time differentially to buy higher wage or higher non-wage value. This channel is not at work
in my study because the Austrian wage structure remained almost constant 1996-2011. I add
to the findings of Hamermesh (1999) by showing that inequality in non-wage compensation
can also change over time because of increased search frictions, changes in labor demand and

supply, and changes in the cost of non-wage value provision for firms.

5 Robustness

The validity of this study also depends on the extent to which mechanisms not captured by my
search model can account for the observed pattern of mobility between employers. I will now
present evidence addressing concerns that my results are driven by preference heterogeneity,
firm-specific skills, labor market learning, or my assumption on the process generating employ-

ment offers.

Offer Generating Process An arguably strong assumption of my model is that all firms direct
an identical share of employment offers to non-employed workers, which implies that employed
workers on average receive offers from the same distribution as non-employed workers. This
assumption allows me to estimate the distribution of offers across firms that employed workers
face, from where non-employed workers get hired. An alternative assumption on how firms
direct offers is that every job is first offered to an employed worker, and if and only if the
employed worker rejects the offer, the job is offered to a non-employed worker. If offers are
generated following this process, I can estimate the offer distribution employed workers face
from the number of workers a firm hires from both, employment and non-employment.
Estimating the model under this alternative assumption on the offer generating process, I
obtain non-wage values very similar to my baseline estimates (Table A.14). To further confirm
that my results are not driven by the assumption on the offer generating process, I estimate the
model under the naive, and deliberately unrealistic, assumption that all firms are of equal size

and make equally many offers. Even holding firm size and the number of offers constant across

%For both, 1996-2003 and 20042011 I find that 57 percent of job value variance is explained by non-wage
value, which I calculate as W This can be compared to the estimate by Taber and Vejlin (2020)
to the extent that non-wage value in my model is driven by instantaneous non-wage value flows, and not by

expectations about future wage and non-wage value flows.
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employers does not change any of my results regarding job value inequality. I thus conclude

that the assumption on the offer generating process does not drive my results.

Preference Heterogeneity and Match-Specific Amenities Preference heterogeneity, that is,
different workers perceive the value of the set of amenities they are offered by a particular
firm differently, and match-specific amenities, that is, different workers are actually offered
a different set of amenities by a particular firm, have the same implications for my model.
I will thus in the following discussion only refer to preference heterogeneity, noting that the
discussion and the provided evidence directly applies to match-specific amenities as well.

Preference heterogeneity over firms’ non-wage characteristics is allowed for in my model
by the idiosyncratic component of worker utility. My model does, however, not account for
potential systematic preference heterogeneity between groups of workers. If there is system-
atic preference heterogeneity over firms’ non-wage value between groups that are compared,
assuming common preferences when identifying firms’ non-wage value may lead to biased re-
sults. To see this, suppose that low-wage workers prefer working in low-wage industries, while
high-wage workers equally strongly prefer working in high-wage industries. Estimating my
model with these preferences would then result in firms’ non-wage value being some weighted
average of high-wage and low-wage workers’ preferences. This would potentially lead me to
infer differences in non-wage values between high-wage workers and low-wage workers, while
both actually perceive the same non-wage value at their firms.

If preference heterogeneity between high and low-wage workers is important, we should
observe different mobility patterns of high-wage workers compared to low-wage workers. As a
result, my model should, when it is estimated using employer-to-employer transitions of work-
ers with wages above the median, identify different non-wage values than when it is estimated
using employer-to-employer transitions of workers with wages below the median.®® However,
this not the case. I conclude that systematic preference heterogeneity does not have an impor-

tant impact on my results (Table A.15).

Labor Market Learning Another alternative explanation for mobility patterns between em-

ployers is that transitions are the result of employers learning about worker quality, rather than

%To test this, I would ideally estimate firms’ non-wage values separately using the sample of high and low-
wage workers and compare them. This is not possible, however, because different firms are strongly connected
in the sample of high and low-wage workers (recall that firms’ non-wage values are only identified within the
strongly connected set). I can, however, estimate my model using transitions of low-wage workers between firms
strongly connected by transitions of low-wage workers, and check whether I obtain similar non-wage values when
adding transitions of high-wage workers between these firms to the sample.
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the arrival of an offer and a worker’s choice.®’

My framework accounts for some forms of
labor market learning: To the extent that labor market learning is the same across firms, it is
accounted for by workers’ idiosyncratic non-wage value draw. Labor market learning that leads
to a layoff is accounted for in my model if the layoff either leads to an unemployment spell, or
to a reduction in a firm’s number of employees.

Nevertheless, it is still possible that labor market learning partly drives employer-to-employer
mobility in my sample. Labor marker learning has been shown to be quite quick (Lange, 2007).
Thus, if learning were important, we should observe different mobility patterns among young
workers, where employers learn a lot about worker quality, as opposed to among old workers,
where employers no longer learn much about worker quality. I test for this by splitting the sam-
ple of workers at the median worker age, and compare model estimates obtained with young

and old workers. I find that non-wage values are highly correlated, and thus conclude that labor

market learning is unlikely to affect my results (Table A.15).

Firm-Specific Human Capital A potential concern is that workers acquire firm-specific hu-
man capital over time, leading them to earn an idiosyncratic compensation premium at their
current firm, which they are not offered by outside firms. Firm-specific human capital would
thus violate the assumption of my model that firms offer the same wage and non-wage value
to both, current and outside workers. If firm-specific human capital were to drive my model
estimates of non-wage values, then the probability a worker accepts a job offer from an outside
firm should decline when the worker acquires human capital, that is, with increasing tenure.
In particular, the decline should be stronger for firms that I estimate to offer high non-wage
value. Figure A.6 presents a test of this prediction at the industry level. I find no evidence that
firm-specific human capital is related to my estimate of non-wage values.%

Overall, the robustness checks show that my assumption on the offer generating process
does not drive my results. I also find no evidence that preference heterogeneity, match-specific
amenities, asymmetric labor market learning, or firm-specific human capital have a relevant

impact on my results.

7Sorkin (2018, 1385-1386) provides a thorough discussion of asymmetric learning and its implications for
employer-to-employer mobility. Examples of markets where learning is important include academia (assistant
professor tenure track) or law firms (the best will be promoted to partner, the others leave).

%The only industry with a markedly distinct pattern in the probability a worker makes a firm-to-firm transition
is the Services-industry. However, the decline as a function of tenure is steeper than in the other industries, while
firms in Services offer low non-wage value.
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6 Conclusion

The aim of this article is to estimate non-wage values of jobs, and show how the distribution
of non-wage values among workers affects labor market inequality. I develop a labor market
search model in which workers value both wage and non-wage value of jobs. I estimate the
model using a large sample of full-time workers in Austria for the periods 1996-2003 and
2004-2011.

The key finding is that job value dispersion increased over time, in spite of a stable wage
structure. The main reason is that compensating wage differentials, attenuating job value in-
equality, lost importance, while rents, exacerbating job value inequality, became more impor-
tant. This finding is likely to be relevant for other developed countries, as many of its potential
driving forces, such as industry-specific changes in the cost of non-wage value provision, are
more likely to be a global phenomenon than to be specific to the Austrian labor market. At min-
imum, my findings show that non-wage value of jobs should be considered when monitoring
inequality in the labor market, and when designing policies aimed at mitigating it.

The parsimonious model I develop allows for a tractable mapping of non-wage value es-
timates to descriptive evidence on wage differentials and worker flows. The flip-side is that
my model does not incorporate features like systematic forms of preference heterogeneity over
firms’ non-wage values, or asymmetric learning in the labor market. While I provide evi-
dence that these caveats are unlikely to alter my conclusions regarding job value dispersion
and inequality, it might be desirable to enrich the model to incorporate some of these features
in future studies.®® Fruitful avenues could be the study of non-wage value differences from

employer switches around events such as child birth or involuntary job loss.

%9 An interesting approach would be to combine the model with search frictions with features of Lamadon et
al. (2021), who model the labor market without search frictions but with persistent preference heterogeneity over
employers’ amenities.
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APPENDIX
A Additional Tables and Figures

Table A.1: INDUSTRY-LEVEL VARIATION IN FULL-TIME WORKERS’ WEEKLY HOURS

1996 — 2003 2004-2011

Mean Sd Median P10 P90 Mean Sd Median P10 P90

Industry
Manufacturing 399 43 39.0 38.0 40.0 416 54 40.0 38.5 50.0
Utilities 39.8 3.1 40.0 38.0 40.0 425 6.2 40.0 38.5 50.0
Construction 40.3 44 40.0 38.0 40.0 42.0 5.7 40.0 38.5 50.0
Retail trade, cars 41.1 6.1 40.0 38.0 46.0 422 6.2 40.0 38.5 50.0
Transportation 414 58 40.0 38.0 45.0 438 74 40.0 40.0 55.0
Hotel and restaurant 444 99 40.0 38.0 60.0 44.1 8.8 40.0 40.0 55.0
Information and communication 41.4 6.0 40.0 38.0 50.0 435 63 40.0 38.5 50.0
Finance and insurance 40.0 4.7 39.0 38.0 40.0 430 63 40.0 38.5 50.0
Real estate 412 56 40.0 38.0 44.0 428 74 40.0 38.5 50.0
Prof./scientific/tech. services 429 179 40.0 38.0 55.0 436 7.0 40.0 38.5 53.0
Services 409 54 40.0 38.0 40.0 422 63 40.0 38.5 50.0
Public admin./education 404 33 40.0 38.0 40.0 429 6.6 40.0 40.0 50.0
Health and social 413 57 40.0 38.0 45.0 428 7.6 40.0 38.5 50.0

Observations 691,247 393,278

Notes: This table reports summary statistics on weekly working hours of full-time workers by industry, estimated using
data from the Austrian Mikrozensus. Summary statistics are calculated using inverse probability weights provided by
Statistics Austria. I classify a worker as full-time worker if he is not self-employed and reports working at least 36 hours
in a normal work week. A major reform of the Mikrozensus in 2004, including a change in definition of employment
status limits comparability of working hours before 2004 and after 2004 (Lehmann, 2019).
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Table A.2: EMPLOYMENT SPELLS ENDING 1996-2003 & 2004-2011

Employment spells ending
Thereof due to
Firm rename
Firm takeover
Firm spin-off
Firm closure

Spells ending excluding those due to firm dynamics
Thereof
Employer-to-Nonemployment transitions

All Employer-to-Employer transitions
Thereof
new job < 1 calendar year or not full time
Employer-to-Employer transitions (full-time & full year)
Thereof
Involving firm not in strongly connected set

Employer-to-Employer transitions in SC set

Employer-to-Employer transitions in SC set (weighted)

1996 — 2003 2004-2011

Count Annual Count Annual
hazard hazard

(D (2 3 “4)
555,088 0.1493 658,737 0.1486
81,010 0.0218 124,129 0.0280
354 0.0001 189 0.0000
72 0.0000 40 0.0000
12,440 0.0033 11,341  0.0026
461,212  0.1240 523,038 0.1180
201,510 0.0542 247,551 0.0558
181,458 0.0488 196,437 0.0443
100,503 0.0270 96,652  0.0218
80,955 0.0218 99,785  0.0225

22,606 25,514

58,349  0.0157 74,271  0.0168
26,931 0.0072 39,426  0.0089

Note: This table shows how I obtain employer-to-emplyer transitions from all employment spells end-
ing at firms in the strongly connected sample (column(2) and (4) of Table 1). Annual Hazard as (number
of transitions)/(number of person-year observations). Definition of firm rename, takeover, spin-off, and
closure in Appendix B. Employer-to-Nonemployment: Employment spells ending with a layoff or with
at least 30 days of non-employment after the spell ends. Employer-to-Employer (full-time & full year):
All employer-to-employer transitions satisfying the definition in Section 2 Employer-to-Employer in SC
set (weighted): All employer-to-employer transitions between firms in the strongly connected set, after
reweighting transitions at contracting firms using the procedure described in Section 2.
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Table A.3: BY INDUSTRY —
EMPLOYER-TO-EMPLOYER TRANSITION RATES
AT EXPANDING EMPLOYERS

1996-2003 2004-2011

Manufacturing 0.009 0.009
Utilities 0.005 0.007
Construction 0.011 0.012
Retail trade, cars 0.012 0.012
Transportation 0.014 0.014
Hotel and restaurant 0.009 0.009
Information and communication 0.021 0.018
Finance and insurance 0.012 0.012
Real estate 0.012 0.012
Prof./scientific/tech. services 0.014 0.016
Services 0.017 0.031
Public admin./education 0.006 0.008
Health and social 0.012 0.010

Notes: This table reports the annual probability a worker in the
sample makes a employer-to-employer transition as defined in
section 2, at firm-years with employment growth > 0.

Table A.4: BY INDUSTRY — NUMBER OF HIRES AND QUITS 2004
-2011

Unweighted Layoff weighted

Hires  Quits Hires  Quits
(1 (2 (3) 4
Manufacturing 24,195 18,007 12,659 10,256
Utilities 2,090 1,087 1,034 580
Construction 4,795 5,837 2,365 2,553
Retail trade, cars 7,737 8,617 4,193 4,425
Transportation 6,512 6,201 3,049 3,120
Hotel and restaurant 247 369 137 178
Information and communication 5,707 4,971 2,106 2,083
Finance and insurance 5,560 5,157 3,050 2,739
Real estate 913 2,103 601 686
Prof./scientific/tech. services 4,614 6,103 2,529 2,220
Services 4,830 9,884 2,600 6,434
Public admin./education 5,523 4,120 4,025 3,140
Health and social 1,163 1,463 840 806

Note: This table reports totals of employer-to-employer hires and employer-to-
employer quits by industry for the 2004—2011 sample. Columns 1 and 2: Number of
hires and quits by industry. Columns 3 and 4: Number of hires and quits by industry,
after downweighting quits from contracting firms according to procedure explained
in Section 2.
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Table A.5: BY INDUSTRY — WAGES AND WAGE DIFFERENTIALS

1996-2003 2004-2011
(1) (2)

Median monthly wages by industry (2012 €)
Manufacturing 3,365 3,569
Utilities 3,432 4,103
Construction 3,083 3,194
Retail trade, cars 3,122 3,262
Transportation 2,728 2,837
Hotel and restaurant 2,187 2,240
Information and communication 4,914 4,561
Finance and insurance 4,506 4,900
Real estate 3,233 3,450
Prof./scientific/tech. services 3,783 4,244
Services 2,909 2,938
Public admin./education 2,780 3,081
Health and social 2,927 3,163

A log-wage of employer-to-employer transitions Hires  Quits Hires Quits
Manufacturing 0.086 0.010 0.069 0.005
Utilities 0.011 0.022 0.035 0.029
Construction 0.037 0.015 0.054 0.021
Retail trade, cars 0.053 0.062 0.054 0.058
Transportation 0.004 0.044 0.023  0.045
Hotel and restaurant -0.014 0.084 -0.011 0.079
Information and communication 0.121 0.106 0.059 0.048
Finance and insurance 0.089 0.081 0.075 0.072
Real estate 0.048 0.027 0.055 0.049
Prof./scientific/tech. services 0.066 0.094 0.069 0.086
Services 0.041 0.097 0.031 0.078
Public admin./education -0.037 0.086 -0.020 0.083
Health and social 0.014 0.080 0.010 0.055

Note: This table reports wages and wage differentials by industry, using the sample of strongly
connected firms (columns 2 and 4 of Table 1). The panel A log-wage of employer-to-employer
transitions takes into account that wages at the old employer are observed in year ¢, and at the
new employer in year ¢t + 2 by subtracting time and experience effects from the wage at the new
employer using the estimates from my AKM-regression (see Appendix G.2). In the lower panel,
transitions are weighted by their probability of being an excess separation as defined in the text in
Section 2.
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Table A.6: COMPARISON OF WAGE VARIANCE DECOMPOSITION WITH KLINE ET
AL. (2020) AND BONHOMME ET AL. (2020)

Own 1996-2003 Own 2004-2011 K. etal. (2020) B. et al (2020)

(1) 2) 3) “4)
var of log-wage" 0.190 0.193 0.184 0.182
share firm effect 0.073 0.065 0.130 0.129
share person effect 0.794 0.805 0.608
share sorting 0.057 0.057 0.160 0.130
Corr(firm,person) 0.114 0.120 0.262 0.340

Notes: This table reports results from decomposing wage variance. The variance of log-wage is the vari-
ance net of time and experience effects, that is, var(log-wage net of time and experience) = var(«) +
var(y) + 2 * cov(ar, ) + var(r). The person share is not reported by Bonhomme et al. (2020).

T After removing time/experience effects.

Table A.7: COVARIANCES OF JOB VALUE COMPONENTS 1996-2003

Wage Non-wage

Job value
Wage
Non-wage

Person Employer X, ri; Employer Idio.

Job value | 0.524
Wage | 0.227 0.195
Non-wage [ 0.297 0.032 0.265

Person | 0.193 0.156 0.037 0.154
& Bmployer|0.012 0.020 -0.008 0.006  0.014
= X',510.007 0.005 0.002 -0.003 0  0.008
rit|0.015 0.015 0 0 0 0 0015
£ 4| Employer|0.231 0.032 0.199 0.037 -0.008 0002 0  0.199
Z 3| Idiosyncratic |0.066 0  0.066 0 0 0 0 0 0.066

Notes: This table reports covariances of job-value components in the 1996-2003 sample. The covari-
ances are estimated using all person-year observations from Table 1 column 2, and the estimates on wage
and non-wage value components from Section 3.3.
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Table A.8: COVARIANCES OF JOB VALUE COMPONENTS 2004-2011

) Wage Non-wage
<

=

Job value
Non-wage

Person Employer X;,8 r; Employer Idio.

=
S
Z

Job value | 0.564
Wage | 0.242 0.197
Non-wage | 0.322 0.045 0.277

Person|0.202 0.161 0.041 0.157
& Employer|0.021 0.018 0.003 0.006  0.013
= X'.3/0.005 0.004 0.001 -0001 0  0.006
rit|0.014 0014 0 0 0 0 0014
%  Employer|0.250 0.045 0205 0.041  0.003 0.001 0  0.205
2| Idiosyncratic|0.071 0 0.071 O 0 0 0 0 0.071

Notes: This table reports covariances of job-value components in the 2004-2011 sample. The covari-
ances are estimated using all person-year observations from Table 1 column 4, and the estimates on
wage and non-wage value components from Section 3.3.

Table A.9: COMPARISON OF OWN ESTIMATES WITH HALL AND MUELLER
(2018) AND TABER AND VEIJLIN (2020)

Own 1996-2003 Own 2004-2011 HM (2018) TV (2020)

ey 2 3) “)

Var of log-wage 0.20 0.20 0.24 0.12
Share person 0.88 0.87 0.76
Var of non-wage value 0.26 0.28 0.12
Corr(non-wage value, wage)’ -0.12 0.05 -0.17

Var of job value 0.52 0.56 0.25

Share non-wage value 0.57 0.57 0.51

Notes: This table reports results from decomposing job value variance. Column 3 uses values
reported in Table 2 in Hall and Mueller (2018), applying the following calculation (using the no-
2

tation of Hall and Mueller (2018)): var of log-wage = 05 + 02; share person = (0217”02) var of

2
K*0O
non-wage value = 02 + k2 x o2; Corr(non-wage value, wage) = ————=+——_ I calculate the
n Y (02 +rK2x02)x0y

values in Column 1 and 2 using the estimates reported in Table A.7 and A.8, where share person

var(person) _ _ cov(non-wage value, wage employer)
= oAz 2o person i) and Corr(non-wage value, wage) =

\/ var(non-wage value)*var(wage employer) ’
Column is based on Table 6 and 7 in Taber and Vejlin (2020), including the residual variation in
wage estimated by Taber and Vejlin (2020) (.02) for consistency with my estimates.

T After removing personal-specific components and wage residual.
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Table A.10: LABOR MARKET FRICTIONS

Offer ~ Annual employment Annual employer-to-employer

intensity hazard transition hazard
(1) 2) 3)
19962003 Panel  0.074 0.124 0.022
2004-2011 Panel  0.080 0.118 0.023

Note: This table reports evidence on the evolution of labor market frictions between 19962003 and
2004-2011. Offer intensity measured as total number of offers by firms in sample (estimated from
hires from non-employment), divided by the number of people-years in sample. Columns (2) and (3)
show annual hazard rates from Table A.2.

Table A.11: LABOR MARKET SEGREGATION

Difference in firm value offer

Accepted offers Estimated offers
rescaled rescaled rescaled rescaled
| Mean | SD | Mean| SD | Mean | SD | Mean| SD

1996-2003  0.825 0.964 0.373  0.436 0.946 1.207 0.428  0.546
2004-2011  0.866 1.048 0.415 0.502 0.966 1.239 0463  0.594

Note: This table reports summary statistics on the degree of labor market segregation in 1996-2003
and in 2004-2011. Accepted Offers shows the distribution of the absolute value of the firm value
difference between the firm making the offer and the firm receiving the offer, among all employer-
to-employer transitions (Panel D of Table 1). The columns Estimated offers show the distribution
of the absolute value of the firm value difference between the firm making the offer and the firm re-
ceiving the offer, among all offers made, estimated as described in Appendix K. The prefix rescaled
indicates that the value is divided by the standard deviation of total firm value, calculated as the stan-
dard deviation of firm value among firms, weighted by the number of people-years observations, in
the respective sample period. The conclusion that segregation did not contribute to a decline in la-
bor supply elasticity is based on the lack of a substantial increase in the measures of value difference
in offers that are corrected for overall value dispersion in the respective panel.

47



Table A.12: TEST OF PATTERNS IMPLIED BY A DECREASE IN LABOR SUPPLY ELASTICITY

Ln(employees) A In(employees) 94-03 to 03-12 A Value 94-03 to 03-12

(M (@) 3) “ ®) (6)
96-03 03-11 employers cells employers cells
Firm value 1996-2003 0.927#%* -0.088%** -0.010
(0.045) (0.020) (0.214)
Firm value 2004-2011 0.603%**
(0.038)
Ln(employees) 1996-2003 -0.029%%*%* -0.011
(0.006) (0.021)
Person-years 4,513,833 5,480,901 7,239,585 9,994,734 7,239,585 9,994,734
Industry-Federal state cells 82 82
Firms 4,544 5,944 2,495 7993 2,495 7993
Std indep. var. 0.452 0.479 0.447 0.259 1.367 0.997

Notes: This table reports coefficients from bivariate regressions of the variable in the column header on the variable
in the row. Column 1: Regression of the log of the average number of yearly employees 1996-2003 on the firm value
1996-2003. Column 2 same as column 1 for 2004-2011. Columns 3 and 4: Regression of the change in log-average
number of yearly employees 1996-2003 to 2004-2011 on the firm value 1996-2003. Columns 5 and 6: Regression of
the change in firm value 1996-2003 to 2004-2011 on the log-average number of employees 1996-2003. The observa-
tional unit in columns 3 and 5 is the firm, limiting the sample to firms belonging to the sample in the 1996-2003 and
the 2004-2011 period. Columns 4 and 6 are based on a repeated cross section with firms aggregated on the federal
state by industry level. Both regressions are weighted using the sum of the number of people-years in both periods
as analytical weights.

* p<0.05, ** p<0.01, *** p<0.001
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Table A.13: FIRM VALUE AND A SHARE FOREIGN NATIONALS

A share foreigners A firm value
1996-2003 to 2004-2011  1996-2003 to 2004-2011
ey @) 3) “)
Firm value 1996-2003 -0.015%** -0.026*
(0.002) (0.014)
A share foreigners 1996-2003 to 2004-2011 -0.552%%*  -1.563%%*
(0.188) 0.611)
Person-years 7,239,585 9,994,734 7,239,585 9,994,734
Industry-Federal state cells 82 82
Firms 2,495 7,993 2,495 7,993
Share foreigners 1996-2003 0.101 0.106 0.101 0.106
Share foreigners 2004-2011 0.132 0.140 0.132 0.140

Notes: This table reports regression results on the relationship between the change in workforce with
foreign nationality and firm value. Columns 1 and 2 show results from regressing the change in the
share of the workforce with foreign nationality on the firm value 1996-2003. Columns 3 and 4 show
results from regressing the change in firm value 19962003 to 2004-2011 on the change in the share
of the workforce with foreign nationality. Nationality is measured at labor market entry. The observa-
tional unit in columns 1 and 3 is the firm, limiting the sample to firms belonging to the sample in the
19962003 and the 2004—2011 period. Columns 2 and 4 are based on a repeated cross section with
firms aggregated on the federal state by industry level All regressions are weighted using the sum of
the number of people-years in both periods as analytical weights.

* p<0.05, ** p<0.01, *** p<0.001

Table A.14: RESULTS FROM ESTIMATING THE MODEL UNDER ALTERNATIVE OFFER

INTENSITIES
1996 - 2003 2004-2011
Non-emp. All Non-emp. All
hires hires Constant hires hires Constant
A. Summary stats on offers
Mean # of offers per firm 60 119 59 123
Std # of offers per firm 134 236 132 263
Corr(Non-employment hires, all hires) 0.94 0.87
B. Model results
Correlation firm wage, firm non-wage -0.12 -0.13 -0.12 0.05 0.03 0.03
Correlation person wage, firm non-wage 0.21 0.19 0.18 0.22 0.21 0.20

Note: Panel A of this table reports summary statistics on offers made by firms to other firms’ employees, when of-
fers are estimated under two different assumptions on the process generating them. Non-emp. Hires refers to the
baseline approach using all hires from non-employment to estimate firms’ offer intensity. All Hires refers to the al-
ternative approach of using all workers hired in the corresponding sample period to estimate firms’ offer intensity.
Constant keeps offer distribution and employer size constant across employers. Panel B reports the correlation of
job value components obtained when estimating the model using the offer distribution indicated in the correspond-
ing column.
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Table A.15: ROBUSTNESS — PREFERENCE HETEROGENEITY AND ASYMMETRIC
LEARNING

Strongly  Transitions Transitions

Estimate 0 hected (Restricted) (AlD)

Panel A: Preference Heterogeneity — Low-Wage vs. High-Wage Workers

1996-2003
Using low-wage workers’ SC set
Corr. low-wage’s In(a), all’s In(a) 0.81 1,303 11,986 21,548
Corr. high-wage’s In(a), all’s In(a) 0.89 1,792 25,697 36,135

Offer distributions
Corr. low-wage’s, high-wage’s offer dist. 0.48

2004-2011
Using low-wage workers’ SC set
Corr. low-wage’s In(a), all’s In(a) 0.87 2,092 18,775 34,660
Using high-wage workers’ SC set
Corr. high-wage’s In(a), all’s In(a) 0.90 2,449 33,422 45,986
Offer distributions

Corr. low-wage’s, high-wage’s offer dist. 0.63

Panel B: Asymmetric Learning — Young vs. Old Workers

1996-2003
Using young workers’ SC set
Corr. young’s In(a), all’s In(a) 0.95 2,908 30,316 46,417
Offer distributions
Corr. young’s, old’s offer dist. 0.83
2004-2011
Using young workers’ SC set
Corr. young’s In(a), all’s In(a) 0.95 4,012 42,841 60,344
Offer distributions
Corr. young’s, old’s offer dist. 0.83

Note: This table reports the correlation between firms’ non-wage values from the model estimated using the
restricted sample of workers and from the model estimated using the full sample of workers (weighted by the
number of person-year observations), on the subsample of firms strongly connected by employer-to-employer
transitions of workers from restricted sample. The statistic reported on Offer distributions is the correlation
between the number of offers all firms in sample (columns 2 and 4 of Table 1) make to the two subgroups of
Panel A and B of this table. The samples are split by median age/wage. Median age 1996-2003: 38.04; Me-
dian age 2004-2011: 40.30; Median monthly wage (2012 €) 1996-2003: 3048.13; Median monthly wage
(2012 €) 2004-2011: 3195.62. Example of how to read the table: The 1st row Corr. low-wage’s In(a), all’s
In(a) shows that the firm non-wage value estimates estimated using transitions of low-wage workers, and the
set of firms strongly connected by at least 5 transitions of low-wage workers, is .81 correlated with non-wage
values estimated on the set of firms strongly connected by at least 5 transitions of low-wage workers, but using
transitions of low-wage & high-wage workers. The 3rd row Corr. low-wage’s, high-wage’s offer dist. shows
that the distribution from which high-wage workers are estimated to receive offers is .048 correlated with the
distribution from which low-wage workers are estimated to receive offers (estimated using firms’ hires from
non-employment).
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Figure A.1: 90-10 AND 50-10 WAGE GAP 1995-2012
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Notes: Figure a shows the gap between the 90th and the 10th percentile of the wage distribution in a given year for
full-time working men. Figure b shows the gap between the 50th and the 10th percentile of the wage distribution
in a given year for full-time working men. The dashed line reports the gap among workers that were hired in the
previous year. The gap is reported relative to the gap in year 2002.

Source: Austria: Own calculations; USA, EU-27 and OECD: OECD (2013).

Figure A.2: SHARE MEN EMPLOYED FULL-TIME 1995-2012
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Notes: This figure shows the evolution of the share of all male employees that is working full-time. It is based on
data from the Austrian Mikrozensus (Austrian labor force survey). I classify a worker as full-time employed if he
reports working at least 36 hours in a normal work week. The discontinuity in year 2004 is due to a reform of the
Mikrozensus, which included a change in the definition of employment status (Lehmann, 2019).
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Figure A.3: SHARE MEN AND WOMEN EMPLOYED FULL-TIME 1995-2012
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Notes: This figure shows the evolution of the share of all employees that is working full-time separately for men
and women. It is based on data from the Austrian Mikrozensus (Austrian labor force survey). I classify a worker as
full-time employed if he reports working at least 36 hours in a normal work week. The discontinuity in year 2004

is due to a reform of the Mikrozensus, which included a change in the definition of employment status (Lehmann,
2019).
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Figure A.4: DESCRIPTIVE EVIDENCE ON RELATIONSHIP BETWEEN EMPLOYER
ATTRACTIVENESS AND EMPLOYER WAGE PREMIUM FROM 1996-2003 1O 2004-2011
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Notes: This figure reports the relationship between the log of employer-to-employer quits and the log of

o e ey b . Firms for 1996-2003 (column 2 of Table 1) and 2004-2011 (column 4
of Table 1) are separately grouped into 20 firm-size (measured by the number of people-years) weighted bins by
A log-wage of EE hires —A log-wage of EE quits. The regression lines 