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Abstract

Outside options play a central role in models of wage determination, yet the employ-
ment opportunities available to individual workers are not directly observable. I de-
velop an individual-level measure of the value of alternative employment, rooted in
a discrete choice model of labor supply estimated from observed job-to-job transitions
using neural networks to account flexibly for differences in workers” preferences and
their compatibility with potential employers. I validate the measure in linked employer—
employee data from the Veneto region of Italy, showing that workers with higher mea-
sured outside options recover more quickly from mass layoffs. Improvements in outside
options lead to greater job-to-job mobility and higher wages within ongoing employ-
ment spells: a one standard deviation increase raises wages by approximately 1.4%. An
instrumental variable design based on large-firm openings confirms the causal reading
of these results. The findings replicate in Portuguese linked employer-employee data,
where increases in employers’ value added also pass through more strongly to the wages
of workers with better outside options. Taken together, these findings support wage bar-
gaining as an empirically relevant mechanism of wage determination.
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1 Introduction

In standard models of wage determination, a worker’s outside option plays a central role.
Whether wages are set through bargaining, where outside options serve as the threat
point in negotiations, or through competitive forces that push compensation toward the
value of the next-best alternative, what a worker could earn elsewhere shapes what they
earn today. Workers whose skills are demanded by a broad range of employers have
greater scope to seek favorable employment terms than those whose skills are valued by
only a few firms. Geography also matters: workers in areas with several relevant employ-
ers have more alternatives to their current job than those whose employment opportuni-
ties are concentrated within a few local employers. In a broad class of models, outside
options determine bargaining power, constrain employer wage-setting, and ultimately
affect the distribution of surplus between workers and firms.

Yet, despite their theoretical importance, outside options are not directly observable.
Employment records reveal the jobs workers hold and the transitions they make, but not
the full set of employers they could have joined, or how they value those alternatives.
Broad measures based on geographical and industry categories can miss differences in
the opportunities available to individual workers. A nearby employer may have no jobs
suited to a worker s skills, or may offer pay and working conditions that the worker finds
unattractive. A fine-grained measure of outside options therefore requires reconstructing
the value of alternative employment for each worker, accounting for the accessibility and
relevance of potential employers, as well as differences in preferences.

This paper addresses this issue by developing an individual-level measure of out-
side options and uses it to test the empirical relevance of wage bargaining. Drawing on
observed employer-to-employer transitions, I estimate the attractiveness of potential al-
ternative destinations to each worker, allowing valuations to depend flexibly on worker
and employer characteristics, so as to incorporate rich heterogeneity. I then aggregate
these destination utilities into a measure of the expected value of alternative employment,
grounded in discrete choice theory. I use the derived measure to test firms” wage setting
conduct, showing that improvements in labor market outside options raise wages even
within an ongoing employment spell, providing evidence that workers use opportunities
elsewhere to negotiate higher pay from their current employer.

To construct this measure, I develop and flexibly estimate a simple nested-logit model
of labor supply, drawing on the tradition of modelling workers’ choices among differen-
tiated employers (Manning, 2003; Card, Cardoso, et al., 2018). In the upper nest, work-
ers choose between remaining with their current employer and leaving, and, conditional



on leaving, choose a destination employer in the lower nest. Under standard distribu-
tional assumptions on utility shocks, this structure yields a closed-form inclusive value
summarising the expected maximum utility available from employers other than the in-
cumbent (Train, 2009). The resulting measure, which I use as a proxy for outside options,
captures the value of alternative employment by considering each potential destination
employer individually, accounting for its geographical proximity, compatibility with the
worker, and the value the worker attaches to its characteristics.

I apply the model to linked employer-employee data from the Veneto region of north-
eastern Italy over 1995-2000. I estimate destination choices using a neural multinomial
logit model (Hruschka, Fettes, and Probst, 2004), replacing the standard linear utility
specification with a neural network, while retaining the standard logit choice probabil-
ities. This preserves the structural advantages of discrete choice models, including a
closed-form expression for the expected maximum utility available from an individual’s
choice set. Further, to capture compatibility with potential destinations, I assign work-
ers to eight types using a clustering approach based on their demographic and employ-
ment characteristics. This follows a growing literature in labor economics that reduces
the dimensionality of worker and firm heterogeneity by representing it through a finite
number of types (Bonhomme, Lamadon, and Manresa, 2019; Lentz, Piyapromdee, and
Robin, 2023). For each worker and potential destination employer, I include the number
and share of the destination’s employees who belong to the same cluster as the worker.
These measures help address an important difficulty in discrete choice models of labor
supply: an employer may offer attractive jobs and be geographically close without being
willing to hire a particular worker. The presence of employees with similar characteristics
at a potential destination provides a proxy for the employer’s demand for the worker’s
skill profile. Incorporating this information helps distinguish relevant employment op-
portunities from nearby firms whose workforce composition suggests a poor match, al-
lowing the inclusive value to reflect both workers” preferences and employers” demand,
and significantly improves predictive accuracy. I show that, in held-out data, the neural
specification outperforms both a parametric multinomial logit with type-specific prefer-
ence heterogeneity and a gradient-boosted tree classifier in ranking workers” destination
employers.

To validate the measure, I then turn to examining workers’ recovery from mass
layoffs. Having been forced to leave their employer, displaced workers must draw on
the alternative employment opportunities available to them, making their subsequent
outcomes informative about the quality of their outside options. Workers with higher
pre-displacement inclusive values return to employment more quickly and experience



smaller losses in earnings and employment. Their subsequent jobs are also closer to their
former employer and more often in the same industry. These findings support inter-
preting the inclusive value as a measure of access to relevant alternative employment
opportunities.

I then use my measure of outside options to analyse workers’ reactions to changes in
their external labor market prospects, as well as firms” wage-setting conduct. Better out-
side options predict greater employer mobility and higher wages, even within ongoing
employment relationships. A one standard deviation improvement in outside options
corresponds to a 1.8 percentage-point increase in the probability of changing employers
in the following year, approximately 12.5% relative to the baseline rate. This finding is
consistent with the nested logit structure of the model. Turning to wages, in my preferred
specification, a one standard deviation improvement in outside options corresponds to
approximately 1.4% higher wages. This specification includes worker—-employer match
tixed effects, which absorb permanent characteristics of the employment relationship,
and employer—year fixed effects, which absorb common changes in the employer’s wage
policy and other shocks common to its workforce. The estimate therefore exploits dif-
ferential changes in coworkers’ outside opportunities while their respective employment
relationships continue. The positive wage response provides evidence of wage bargain-
ing: workers obtain higher pay as their alternatives improve, even after accounting for
changes in their employer’s wage policy. Estimated wage and mobility responses are
larger for men than for women, complementing the evidence in Caldwell and Danieli
(2024) on the role of outside opportunities in gender pay differences. Wage responses are
also stronger among workers with shorter tenure and at growing firms, whereas mobility
responses are larger among longer-tenure workers and at shrinking firms, suggesting that
the scope for renegotiation depends on both the stage of the employment relationship and
the incumbent employer’s capacity to share rents.

To strengthen the causal interpretation of these findings, I then develop an instru-
mental variable strategy based on large-firm openings. I construct a shift-share instru-
ment combining employment at newly opening firms with worker-type-specific transi-
tion probabilities between industry—province cells, computed on the five years preceding
the beginning of my analysis sample. Openings thus receive greater weight when they
occur in destination cells that historically attracted more workers of a given type from
the same origin industry and province. The design thus exploits differences in how rele-
vant the same openings are to different workers, with exposure weights fixed before the
analysis period. With worker, employer and year fixed effects, the 25LS estimates imply
approximately 2.2-2.3% higher wages per standard deviation improvement in outside op-



tions, reinforcing the evidence of a causal wage increase in response to an improvement
in a worker’s external labor market prospects. The corresponding mobility estimates are
also positive, although somewhat less precisely estimated, and close to the OLS coeffi-
cients in the preferred specification.

I then replicate the analysis using Portuguese linked employer—-employee data for
2013-2019. The wage results extend to this different institutional setting and period:
in the specification with worker—-employer match and employer—year fixed effects, a
one standard deviation improvement in outside options corresponds to approximately
1.4% higher wages, almost identical to the Veneto estimate. Linking these records to
tirm accounts also allows me to examine rent sharing more directly. Workers with
better outside options obtain larger wage gains when their employer’s value added per
worker increases, providing further evidence that alternative employment opportunities
strengthen workers’ ability to share in the rents stemming from improvements in em-
ployer performance. This provides further evidence that outside options shape workers’
bargaining power, and that bargaining plays a role in wage determination.

The remainder of the paper proceeds as follows. Section 2 reviews the related lit-
erature and highlights this paper’s contributions, and Section 3 describes the data and
sample construction. Sections 4 and 5 present the conceptual framework and estimation
procedure. Section 6 describes the estimated outside option measure, and Section 7 val-
idates it using mass layoffs. Section 8 presents the wage and mobility results, Section 9
develops the instrumental-variable strategy, and Section 10 presents the Portuguese repli-
cation and extension. Section 11 concludes.

2 Related Literature

This paper contributes to several strands of the literature. I organize my discussion
around three main themes: the measurement of outside options and their pass-through to
wages, the role of bargaining and wage posting in determining wages, and methodolog-
ical approaches combining discrete choice models with network-based analysis of labor

markets.

2.1 Measuring Outside Options

A small but growing literature has sought to quantify workers” employment opportu-
nities outside their current job. The most closely related paper is Caldwell and Danieli
(2024). They develop an “outside options index” (OOI) that measures workers’ alter-



natives based on the cross-sectional concentration of similar workers across job types,
grounding their measure in a two-sided matching model. Their approach uses the distri-
bution of workers with comparable characteristics to infer the breadth of each worker’s
option set, finding that differences in outside options explain approximately 20% of the
gender earnings gap in Germany. My approach complements theirs by recovering out-
side opportunities from observed employer-to-employer transitions rather than cross-
sectional employment patterns. I bring the analysis to the level of individual destination
firms, estimating each worker’s probability of choosing a particular employer conditional
on a job-to-job move. Flexible neural estimation of destination utilities accommodates
rich individual heterogeneity in labor market transition choices, allowing worker char-
acteristics to interact with firm attributes and mobility frictions. The resulting inclusive
value summarizes the attractiveness of alternative employers at the worker-year level.

Schubert, Stansbury, and Taska (2024) measure outside opportunities across occupa-
tions using observed occupational transitions. Their outside-occupation option index
combines transition patterns with wages in alternative occupations, capturing opportu-
nities that conventional occupation-specific labor market definitions exclude. Dodini et
al. (2024) take a complementary task-based approach, measuring employer concentration
across jobs with similar skill requirements rather than within conventional industry or
occupation boundaries.

More recently, Barrela (2026) identifies labor markets from observed job mobility and
measures the pay quality of outside opportunities through an employment-weighted av-
erage of alternative employers” wage premia, excluding the current employer. My ap-
proach instead estimates the attractiveness of individual destination firms to each worker,
allowing worker characteristics to interact flexibly with firm attributes and mobility fric-
tions. Thus, a given firm’s attractiveness as a potential destination need not depend solely
on its wage policy, but can reflect any dimension of the worker—firm match captured by

the observed characteristics and their interactions.

2.2 Pass-Through of Outside Options to Wages

A key question in labor economics is whether improvements in workers’ outside options
translate into higher wages at their current employer. The theoretical prediction from
bargaining models is clear: better outside options should strengthen workers” bargain-
ing position and raise wages. However, the empirical relevance of bargaining for wage

setting has been called into question.



Jager, Schoefer, et al. (2020) provide a direct test using quasi-experimental variation
from unemployment insurance reforms in Austria. Surprisingly, they find that wages
are largely insensitive to changes in the value of nonemployment: a $1 increase in Ul
benefits translates to less than $0.01 in wage gains for employed workers. This finding
presents a puzzle for standard Nash bargaining models, which would predict much larger
elasticities. In my context, I define outside options based on transition probabilities to
other employers, so that the value of unemployment does not enter the choice set of a
worker.

Earlier evidence from Beaudry, Green, and Sand (2012) shows that changes in local
industrial composition affect wages across sectors through the employment opportunities
available to workers.

Caldwell and Harmon (2019) demonstrate that information about outside options
flows through coworker networks. When former coworkers experience increased labor
demand at their current firms, incumbent workers see higher wages and greater job-to-
job mobility, suggesting that workers who have better information about their outside
options are able to capture some of their value.

Lachowska, Mas, Saggio, et al. (2022) use dual jobholders to show that improvements
in outside options raise separations among lower-paid workers but incumbent wages
among workers in the highest wage quartile. Caldwell, Haegele, and Heining (2025)
provide linked survey and administrative evidence that individual wage bargaining is
widespread and that differences in bargaining behavior contribute to within-firm wage
inequality. Ek et al. (2025) show that better outside opportunities increase the wage return
to match quality among incumbent workers, consistent with workers using outside offers
to extract a larger share of match-specific surplus.

Jager, Roth, et al. (2024) offer a complementary perspective: using linked survey-
administrative data from Germany, they show that workers systematically underestimate
their outside options, particularly at low-wage firms. This suggests that incomplete pass-
through may partly reflect workers’ failure to leverage options they objectively possess,
and grants employers monopsony power.

A related literature examines how labor market concentration affects wages - a very
concentrated labor market is one in which workers have fewer outside options, all things
equal. Azar, Marinescu, and Steinbaum (2022) document substantial employer concen-
tration in U.S. labor markets using online vacancy data, finding that the average market
has an HHI of approximately 4,378 - well above thresholds typically considered concen-
trated. They show that higher concentration is associated with lower wages. Jarosch,
Nimczik, and Sorkin (2024) develop a theoretical framework where large employers ex-



ercise market power by effectively removing their own vacancies from workers” outside
options. In their “granular search” model, firm size directly translates into bargaining
power, and they estimate that this mechanism depresses wages by approximately 10%
in Austria. My measure incorporates a related mechanism by excluding the current em-
ployer from the set of alternative destinations. Holding the worker’s characteristics and
the rest of the opportunity set fixed, employment at a larger firm removes a larger poten-
tial source of outside employment from that set; the effect on the inclusive value depends
on how attractive that employer would otherwise be to the worker.

My contribution to this literature is to show that employment-to-employment outside
options do causally raise wages. Using mass layoffs as a validation exercise and large
firm openings as an instrumental variable, I find that workers with better job-to-job mo-
bility prospects earn significantly higher wages at their current employer, thus implying
that bargaining does matter for wage setting, although the effect - one standard devia-
tion higher outside option leads to a 1.4% higher wage in my preferred specification - is

economically relatively small.

2.3 Bargaining, Wage Posting, and the Role of Firms

The seminal work of Abowd, Kramarz, and Margolis (1999) demonstrated the importance
of firms for wage dispersion through a decomposition of log wages into additive worker
and firm components. Outside options, in my framework, depend jointly on individual
characteristics and the current employer, thus varying at the worker—firm (ij) level in a
way that need not decompose into separate worker and firm effects. The positive im-
pact of this measure on wages therefore calls into question log additive separability as
an accurate description of wage determination. This relates to the broader discussion of
the AKM restrictions reviewed by Kline (2024), and to Sorkin and Warwar (2026), whose
paired-mover tests provide evidence against additive separability. My analysis identifies
worker-specific outside opportunities as an economic source of such nonseparable wage
variation. Nevertheless, the modest economic magnitude of the estimated wage response
suggests that log additive separability may remain a useful first approximation to wage
determination.

Postel-Vinay and Robin (2002) and Cahuc, Postel-Vinay, and Robin (2006) develop
equilibrium models of on-the-job search in which competition over outside offers shapes
wages and workers’ progression across employers. These models provide a theoretical
foundation for the role of alternative employment in wage determination. My analysis
shares their emphasis on employment opportunities beyond the current match, but fo-



cuses on measuring their value from observed destination choices rather than estimating
a full dynamic model of search and wage bargaining.

A recent contribution by Di Addario et al. (2023) extends the AKM framework to in-
clude “origin effects”—fixed effects for the firm from which a worker was hired. Using
Italian administrative data, they find that origin effects explain only 0.7% of the variance
in hiring wages, while destination effects explain over 23%. This suggests that where a
worker comes from is relatively inconsequential compared to where they currently work.
In a sense, my paper asks the opposite question: I look at how wages are impacted by
where one can go.

Bonhomme, Lamadon, and Manresa (2019) develop a framework for matched
employer-employee data that allows for two-sided unobserved heterogeneity and com-
plementarities in earnings, combining a first-stage classification of firms with latent
worker types. My approach also uses a discrete classification of workers, but for a differ-
ent purpose: worker types help characterize potential destinations through the presence
of workers with similar characteristics. Their employment at a destination provides a
proxy for that employer’s demand for workers like the individual considering a move,
or for the compatibility between the worker’s characteristics and the jobs available there.
Types therefore enter the construction of destination attributes without restricting outside
options to vary only at the type level.

In a related paper, Abowd, McKinney, and Ian M Schmutte (2019) address endoge-
nous mobility directly: using U.S. LEHD data and a Bayesian latent-type framework, they
show that the exogenous mobility assumption underlying AKM is rejected and that cor-
recting for it increases the share of earnings variance attributed to worker heterogeneity
while reducing the role of firm effects.

2.4 Discrete Choice Models of Labor Markets

Discrete choice models provide a framework for understanding labor supply when work-
ers view employers as imperfect substitutes. Manning’s (2003) Monopsony in Motion es-
tablishes the broader role of labor market frictions and employer differentiation in giv-
ing firms wage-setting power, a perspective developed further in Manning (2011). Card,
Cardoso, et al. (2018) present a discrete choice framework in which heterogeneous prefer-
ences over employers generate upward-sloping labor supply to individual firms, linking
tirm productivity and wage policies to wage inequality. Drawing on the differentiated-

product demand estimation tradition, Azar, Berry, and Marinescu (2022) estimate work-



ers’ choices among job vacancies using application data, recovering own-wage applica-
tion elasticities and their implications for labor supply to individual employers.

A related literature incorporates employer choice into equilibrium models with het-
erogeneous workers and firms. Berger, Herkenhoff, and Mongey (2022) study how imper-
fect substitution across employers and strategic interaction between granular firms shape
wages and labor market power. Berger, Herkenhoff, Jeong, et al. (2026) explicitly incor-
porate discrete employer choice alongside heterogeneity in worker characteristics and la-
bor supply elasticities, showing how workforce composition and sorting influence firms’
wage setting. Lamadon, Mogstad, and Setzler (2022) estimate an equilibrium model with
two-sided heterogeneity in which workers’ preferences over nonwage job characteristics
make employers imperfect substitutes, allowing them to quantify compensating differen-
tials, rent sharing, and labor market rents.

Closely related work by Friederiszick, Malmcrona, and Sunuwar (2026a) and
Friederiszick, Malmcrona, and Sunuwar (2026b) models workers’ labor supply to in-
dividual jobs, defined as occupations within firms, and uses the resulting substitution
patterns to characterize workers” alternative employment opportunities. Their frame-
work allows them to study how mergers and mass layoffs affect both directly affected
workers and other workers whose relevant employment alternatives change.

Observed mobility provides information about how workers value these differen-
tiated employers. Sorkin (2018) uses employer-to-employer transitions to recover a
revealed-preference ranking of firms, showing that wage differences alone do not ac-
count for their attractiveness to workers. This approach establishes a link between the
structure of worker flows and the valuation of employment opportunities. Roussille and
Scuderi (2025) similarly recover firms’ nonwage attractiveness from workers’ choices
over observed job menus, using the resulting amenity rankings to distinguish between
models of wage-setting conduct.

Drawing on this discrete choice tradition, I shift the focus from labor supply to a given
employer to the value of employment at alternative firms. Under the standard assump-
tions of the model, the discrete choice structure implies a welfare measure of the available
alternatives—the inclusive value. I use this implication to recover a worker-specific mea-
sure of the value of outside employment and study its role in wage determination and

mobility.



2.5 Mobility Networks and Labor Market Boundaries

A final strand of literature uses observed mobility to recover the structure and bound-
aries of labor markets. Ian M. Schmutte (2014) applies community detection methods
to job transitions to identify labor market segments, while Nimczik (2020) uses stochas-
tic block models to group firms according to their mobility patterns. These approaches
allow relevant labor markets to emerge from observed connections between jobs rather
than imposing boundaries based on conventional geographic, industry, or occupational
classifications.

A complementary approach emphasizes that workers’ opportunities can overlap
without belonging to a single, mutually exclusive market. Manning and Petrongolo
(2017) develop a spatial job-search model in which the attractiveness of employment
opportunities declines with distance, generating overlapping local labor markets. Datta
(2024) develops and estimates a spatial job-search model in which commuting costs
generate probabilistic, overlapping labor markets, highlighting substantial variation in
relevant employment alternatives within conventional geographic boundaries.

Network connections also shape access to subsequent employment opportunities.
Bocquet (2024) models skill-related mobility frictions through an occupational network
constructed from expert assessments of skill transferability, showing how bridge occu-
pations connecting distinct skill clusters shape workers” opportunities and the speed
of labor reallocation. Del Prato (2024) studies how firms’ connectivity in the employer-
to-employer mobility network affects external offer arrival, generating a “springboard”
value that workers trade off against current pay.

My approach shares this literature’s emphasis on employment opportunities that de-
pend on workers’ characteristics and their position in the labor market. I use observed
employer-to-employer choices to estimate the attractiveness of alternative firms to each
worker, allowing workers employed at the same firm to face different valuations of out-

side employment rather than assigning them a common market-level measure.

3 Data and Sample

The main analysis uses the Veneto Worker Histories (VWH), a matched employer—
employee dataset constructed from the administrative records of the Italian Social

Security Institute (INPS).! The data cover private-sector employees outside agriculture

!Dataset developed by the Economics Department in Universita Ca’ Foscari Venezia under the supervi-
sion of Giuseppe Tattara.
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who worked at establishments located in Veneto, northeastern Italy, during 1975-2001,
regardless of their place of residence. VWH has been used extensively to study wage
determination, worker—firm sorting, and labor mobility, including by Card, Devicienti,
and Maida (2014), Bartolucci, Devicienti, and Monzo6n (2018), Serafinelli (2019), Kline,
Saggio, and Selvsten (2020), and Kline (2024). The records link workers to employers
and report employment spells, earnings, paid weeks, worker demographics, and em-
ployer characteristics, including industry and location. I use records from 1990 to 2001
to construct employment histories and estimation variables. The main analysis covers
1995-1999, with employment outcomes observed through 2000. Transitions during 1990-
1994 provide pre-period measures of mobility between industries, while transitions in
2000 are held out to assess the model’s predictive performance.

Manufacturing accounts for approximately 59% of employment among eligible em-
ployers in the Veneto sample during 1995-1999. Appendix Table Al reports the employ-
ment distribution across the ten largest industries, alongside employer-year counts and
average employer size. Small employers are prevalent: the median employer has 10 em-
ployees, approximately 76% of employer-year observations have fewer than 20, and only
6.9% have at least 50. Nevertheless, employers with more than 100 employees account for
33% of employment, despite representing only 2.7% of employer-year observations (Ap-
pendix Figure Al). Employment opportunities also extend beyond workers” municipal-
ities of residence. Among Veneto-resident worker-year observations, the share working
outside their municipality ranges from approximately 59% in the province of Rovigo to
72% in the province of Padova. The share with a residence-to-workplace distance exceed-
ing 30 km ranges from 5.5% in the province of Verona to 15.7% in the province of Rovigo
(Appendix Figure A2). These patterns motivate accounting for both employer size and
geographic proximity when characterizing alternative employment opportunities.

The raw data comprise linked worker, employer, and annual employment records.
Worker records report gender, date and place of birth, nationality, and municipality and
province of residence. Employment records identify the employer and contribution year
and report earnings, paid months, weeks and days, contract type, contractual grade, em-
ployment qualification, and the cessation date where applicable. Employment qualifica-
tion identifies broad categories such as blue-collar workers, white-collar workers, man-
agers, and apprentices, rather than educational attainment. Importantly, the data do not
contain detailed occupational codes identifying the specific occupation performed within
a firm. Reported earnings are gross of taxes, include cash benefits, exclude benefits in
kind, and are supplied at constant 2003 prices. Employer records contain industry clas-
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sifications, address and municipality, and information on establishment, suspension, and
cessation of activity.

I reconstruct employment histories at monthly frequency using the months of activ-
ity reported in the employment records. When a worker holds multiple jobs in a month,
I designate the job with the highest weekly wage as the primary job. I measure wages
as average real weekly earnings, calculated by dividing the supplied annual job earn-
ings at 2003 prices by reported paid weeks, and winsorize this measure at the 0.5th and
99.5th percentiles. For the wage and mobility analysis, I construct an annual panel with
one observation per worker and year, assigning each worker to the employer paying the
highest weekly wage; ties are resolved by tenure and then employer identifier. This an-
nual primary-job panel identifies the worker’s current employer and wage, while the
monthly histories distinguish employer transitions with and without intervening months
of observed nonemployment.

To estimate workers’ choices among alternative employers, I use employer transitions
between adjacent calendar months, without intervening months of observed nonemploy-
ment. I restrict the sample to workers residing in Veneto for whom the worker and origin-
employer characteristics used in estimation are available. Potential destination employers
must have at least five employees, and the realized destination must be eligible in both
the origin and arrival years. These restrictions yield 449,335 transitions: 358,412 with ar-
rival years between 1995 and 1999, used for model estimation, and 90,923 with arrival
year 2000, reserved for predictive validation. This sample captures destination choices
conditional on an observed employer transition; the annual panel used to study wages
and mobility also includes workers who remain with their employer. Appendix Table A2
details the sample restrictions.

From the linked employment records, I construct measures of workers” employment
histories to capture differences in labor market attachment and accumulated experience
that may shape their destination choices. I measure tenure as the number of years since
the worker’s first observed employment at the current firm. Prior employment history is
summarized by an indicator for any month without recorded employment in the preced-
ing two years, the number of such months in the preceding five years, and cumulative
months of recorded employment, all measured before January of the worker’s first ob-
served year at the current employer. Since absence from the records does not distinguish
unemployment from inactivity or employment outside the data’s coverage, I restrict the
destination-choice sample to employer-to-employer transitions identified by observing
a worker at two different employers in consecutive calendar months. At the employer
level, I construct employment, employment growth, and workforce composition from

12



the linked worker records. I also use geographic information to measure distances be-
tween workers’ residences and potential employers, and transitions during 1990-1994 to
characterize historical mobility between industries.

Drawing upon a growing literature that represents worker and firm heterogeneity
through a finite number of types (Bonhomme, Lamadon, and Manresa, 2019; Bonhomme,
Lamadon, and Manresa, 2022; Lentz, Piyapromdee, and Robin, 2023), I group workers
into eight types to characterize employers” workforce composition. I use the k-prototypes
algorithm of Huang (1998), which accommodates both numerical and categorical char-
acteristics. The clustering uses age, gender, nationality, contract category, employment
qualification, tenure, log wages, and wage growth, with each worker represented by their
tirst usable observation during 1995-2001. I select eight types using the elbow criterion,
balancing a reduction in within-group dissimilarity against the complexity of a finer par-
tition. I then construct the number and share of workers of each type employed at each
firm in each year. These measures describe how closely a potential destination’s work-
force resembles the worker considering that destination, providing a proxy for employers’
demand for different worker profiles. The types supplement the individual characteris-
tics entering the destination-choice model; they do not restrict workers of the same type
to have identical destination preferences. Table 1 summarizes the characteristics of the
eight types, while Table 2 describes their observed mobility patterns.

The resulting types distinguish workers at different stages of their careers and with
different employment qualifications. Table 1 identifies two young groups, types 4 and
8, whose modal employment qualifications are apprentice and blue-collar, respectively,
alongside older workers with longer tenure, particularly type 5. Gender also differen-
tiates the groups: types 6 and 7 are almost exclusively female and male, respectively.
These profiles are accompanied by differences in observed mobility. In Table 2, average
distances between origin and destination employers range from approximately 12 to 17
km, while the share of transitions within the same two-digit industry ranges from ap-
proximately 32% for types 3 and 8 to 61% for type 5. These differences motivate allowing
destination choices to vary flexibly with individual characteristics and their interaction
with potential employers.

These patterns also illustrate, in this context, the limitations of defining workers” op-
portunities through coarse labor market boundaries. Studies linking labor market char-
acteristics, such as employer concentration, to workers” outcomes often define markets
by combining occupational and geographic categories, as in Marinescu, Ouss, and Pape
(2021). In the absence of detailed occupational codes, an analogous definition here would
combine industry and province. Yet, in the destination-model training sample, 57.6% of

13



employer transitions cross two-digit industry boundaries, even before imposing a geo-
graphic restriction. An industry—province definition would therefore place more than
half of realized transitions outside the worker’s origin market. Treating that market as the
worker’s choice set would exclude many employers that workers demonstrably move to,
misrepresenting the set of relevant alternative employers.

The Portuguese analysis uses Quadros de Pessoal (QP), an annual matched employer—
employee dataset reporting employment and remuneration in October. The data link
workers to firms and establishments and provide information on workers” demographics,
education, occupation, contractual status, hours, and pay, alongside employer character-
istics such as industry and employment. Unlike VWH, QP contains detailed occupational
codes. Geographic information is considerably coarser, however: the available extract
identifies establishment and employer locations at the NUTS II regional level, rather than
providing the municipality-level information available for Veneto. I use records from
2010 onward to construct employment histories and pre-period mobility patterns, with
the main analysis covering 2013-2019. When a worker has multiple jobs in the October
snapshot, I retain the job with the highest total monthly earnings, breaking ties by nor-
mal working hours and then employer identifier. Monthly earnings comprise base pay,
regular bonuses and allowances, and overtime remuneration. The wage comparison with
Veneto uses log monthly earnings in nominal euros, winsorized at the pooled 0.5th and
99.5th percentiles. Employer transitions are identified by changes in the primary em-
ployer between consecutive annual observations; these may include intervening periods
without employment. For the rent-sharing analysis, I link QP to firm accounts from the
Sistema de Contas Integradas das Empresas (SCIE), which provide information on value

added, employment, and capital.
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Table 1: Summary Statistics by Worker Type

Mean tenure Mean log Mean changein Meanage \gle Modal employment Transitions per
Type Workers (years) weekly earnings  log earnings (years)  share qualification employment record
1 166,695 43 6.42 0.019 37 015 2 0.11
2 238,505 43 6.60 0.016 43 083 1 0.13
3 116,132 2.8 6.58 0.036 28 0.69 2 0.17
4 99,916 1.8 6.15 0.050 22 007 5 0.26
5 154,663 4.5 6.56 0.019 54 071 1 0.09
6 209,916 3.2 6.21 0.005 28 0.00 1 0.18
7 316,525 32 6.49 0.025 29  1.00 1 0.20
8 93,382 1.8 6.21 0.061 20 098 1 0.30

Notes: Statistics use reference employment records in 1995-1999 with an assigned worker type. The Workers
column counts distinct individuals; means and shares weight employment records, which may include
multiple employers within a worker-year. Tenure is the observation year minus the first observed year
at the employer. Weekly earnings are reported job-year earnings at constant 2003 prices divided by paid
weeks, winsorized at the 0.5th and 99.5th percentiles; the table reports the mean natural logarithm. The
change in log earnings is the difference from the worker’s preceding record after sorting by worker and
year. It is not restricted to adjacent years and can compare records within the same year; it should not
be interpreted as annual wage growth. Male share is a proportion. Modal employment qualification is
the most frequent broad qualification category: 1 = blue-collar, 2 = white-collar, 5 = apprentice; these are
not detailed occupational codes. The final column divides observed employer transitions, including those
with intervening months without covered employment, by reference employment records for the type. It
does not identify voluntary quits or the probability of quitting. Worker types are constructed using the
characteristics and clustering procedure described in the text.
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Table 2: Mobility by Worker Type: Destination-Model Training Sample

Mean employer-to- Same 2-digit Same 1-digit Firms in Directed network
Type Transitions employer distance (km) industry share industry share mobility network density

1 28,460 13.84 0.497 0.669 17,036 0.000064
2 57,530 13.70 0.508 0.660 26,082 0.000058
3 29,409 16.78 0.322 0.573 16,611 0.000084
4 24,647 12.78 0.364 0.555 19,052 0.000059
5 19,349 14.52 0.607 0.736 12,701 0.000074
6 53,094 12.89 0.467 0.659 22,668 0.000075
7 116,258 14.00 0.380 0.541 36,005 0.000071
8 29,665 11.51 0.321 0.496 20,613 0.000063

Notes: The sample is the 358,412 employer-to-employer transitions used to estimate destination choices,
with arrival years 1995-1999. It includes Veneto residents observed at different primary employers in adja-
cent calendar months, with the worker and employer information required by the model. Origin employers
must be eligible in the origin year; realized destinations must be eligible in both the origin and arrival years.
Eligible employers have at least five employees. Worker types are assigned using the clustering described
in the text. Mean distance is the great-circle distance between origin employer coordinates in the origin
year and destination employer coordinates in the arrival year; 347,839 transitions have usable coordinates.
Industry shares are fractions of transitions within the same two-digit or one-digit ATECO 1981 industry,
using employer attributes at these respective dates. Firms in the mobility network counts distinct origin
or destination employers for each type over the sample period. Directed network density is m/[n(n — 1)],
where 7 is this firm count and m is the number of distinct directed origin-destination pairs, excluding self-
links. Repeated transitions along a pair count once for density and separately for transition means and
shares. Firms can appear in multiple type-specific networks; their union contains 55,106 firms. Shares and
densities are proportions, not percentages.
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4 Conceptual Framework

Consider a worker i employed at firm ¢ in period t. Let J; denote the set of all firms in
the economy, and J;; = J; \ {¢} the set of alternative employers. I represent the worker’s
employment choice using a nested-logit structure. At the upper level, the worker chooses
between remaining with the current employer (Stay) and moving to another firm (Leave).
At the lower level, conditional on leaving, the worker chooses a destination j € J;;. This
sequential representation does not require the decisions to occur sequentially in time.
Figure 1 illustrates this structure.

While encompassing standard multinomial logit as a special case, this framework can
capture unobserved switching costs through shocks shared across alternative employ-
ers, distinguishing staying with the incumbent from joining an otherwise observationally

identical firm.

‘ Worker i at employer ¢, period ¢ ’

/\

Upper level:
Stay or Leave =T | ‘ Leave |
v
Lower level: Curlr ent Employer Employer Employer
employer choice emp goyer 1 j2 i

Feasible alternative employers: j € Ji, j # ¢

Figure 1: Nested Structure of Employer Choice
Within the Leave nest, utility associated with destination j is
Uigjt = Wijt + €itjts (1)

where u;; is systematic utility and ¢;4;; is an idiosyncratic random utility shock. I as-
sume that utility shocks follow the joint generalized extreme-value distribution under-
lying nested logit, with type-I extreme-value marginals (Train, 2009). The dissimilarity
parameter ¢ governs dependence within the Leave nest: smaller values imply stronger
correlation across alternative employers’ utility shocks, while ¢ = 1 corresponds to in-
dependence. These shocks remain independent of the shock associated with staying at
the current firm. With the upper-level scale normalized to one, the standard random-

utility specification requires 0 < ¢ < 1. I estimate the inclusive-value coefficient without
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imposing this restriction. In Section 8, I show that the estimates lie within this interval,
consistent with the nested-logit structure of the decision problem.

Following the discrete choice approach to employer differentiation discussed by Card,
Cardoso, et al. (2018), systematic utility can reflect remuneration, amenities, mobility
costs, and other determinants of employment choices. At this stage, I impose no restric-
tion on how u;y;; depends on the worker 7, destination employer j, current employer ¢,
or period t. Section 5 describes how I reconstruct these utilities from observed employer
transitions.

Conditional on Leave, destination probabilities take the multinomial-logit form

exp(vigjt)  Uigj
Piﬁjt\Leave = Z eXp(U'gk )/ Oitjt = v (2)
ikt
kE.j{t
kLl

The discrete choice structure also provides a welfare measure of the value of alterna-
tive employment. Under this generalized extreme-value assumption, expected maximum

utility over alternative employers is, as shown by McFadden (1981),

Vout = E | max Ujy;
ilt e, iljt
j#L
3)
=clog| Y exp(vigt) | +7Em,
j€Tit
j#L
where ypm >~ 0.5772 is the Euler—Mascheroni constant. Define the inclusive value in

within-nest utility units as

lip = log | Y exp(vigge) | - 4)

j€Tit

j#t
The expected maximum provides a model-based measure of the worker’s employment
outside option. The inclusive value I;;; summarizes this object in within-nest utility units,
with Vi%“ = 0liyt + vEm. The Euler-Mascheroni constant remains part of the expected-
maximum expression. However, because the inclusive value is standardized in the sub-

sequent empirical analysis, this common additive constant will effectively drop out. The
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measure reflects both the availability and the attractiveness of alternative employers and
depends on individual characteristics and the current employer, whose identity affects
destination utilities and determines which employer is excluded from the Leave nest.

I interpret observed direct employer-to-employer transitions as choices among alter-
native employment opportunities, maintaining that these transitions reflect voluntary
mobility. Accordingly, I define outside options over alternative employment opportu-
nities. Unemployment and inactivity are excluded from the destination set, and I do not
estimate their utility or their contribution to the value of leaving the current employer.
The resulting measure therefore characterizes the employment component of workers’
outside options.

With the upper-level error scale normalized to one, the probability of Leave is

Pr(Leave | i,4,t) = A(Ajp + 0liy), ©®)

where A(-) is the logistic distribution function and A;y; collects the systematic compo-
nents common to Leave relative to Stay, potentially including common switching costs.

This structure admits sequential estimation: conditional destination choices are esti-
mated first, and the resulting inclusive value enters the upper-level Stay /Leave equation.
Under the maintained model assumptions, this procedure is consistent, although less
efficient than joint maximum likelihood (Train, 2009). The objective of this paper, how-
ever, is not the full joint structural estimation of the mobility decision. Rather, I use the
destination-choice structure to measure the value of alternative employment and exam-
ine how changes in this value influence workers’ subsequent labor market trajectories.
Section 5 describes the construction, normalization, and calibration of the estimated in-
clusive value.

The framework yields an unambiguous prediction for employer mobility, holding the
value of the current employment relationship and switching costs fixed: an increase in
the value of alternative employment raises the probability of leaving. Writing p;;; =
A(Aj + 7 lipy),

IPiet
aIiﬁt A

= opip(1 — pier) > 0. (6)

ilt
The corresponding prediction for wages depends on the model of wage determination.
To illustrate this distinction, consider two simple wage-setting benchmarks.

Under wage posting, the employer specifies a wage schedule that does not respond to
individual workers’ outside opportunities. Conditional on this schedule and the worker’s

pay-relevant characteristics, an improvement in the worker’s outside option therefore
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leaves their wage unchanged. Adjustment occurs through the worker’s decision to re-
main with or leave the employer.

Under wage bargaining, outside opportunities can instead affect the wage within the
current employment relationship. Suppressing indices, suppose that the worker’s util-
ity from agreement is aw + a, where « > 0 and a captures nonwage value, while dis-
agreement delivers the expected value of alternative employment, Vo' = ¢ + yg\. Let
match revenue be y, normalize the employer’s disagreement payoff to zero, and denote
the worker’s bargaining weight by g € (0,1). The Nash bargain solves
max (aw +a — Vout)ﬁ(y —w)!7F, 7)

w

For a match with positive surplus, this yields

out __ N _
N =pyraop WU, ®)

Holding productivity, nonwage value, and bargaining power fixed, better outside op-
tions therefore raise negotiated wages. I use the estimated inclusive value to test these
contrasting predictions about wage-setting conduct.

5 Estimating Outside Options

To construct an empirical counterpart to the value of alternative employment defined in
Section 4, I first predict workers” destination choices conditional on leaving their current
employer. This corresponds to estimating the lower nest of the decision problem. The
prediction task is to assign a probability to each potential destination firm, allowing these
probabilities to depend flexibly on the worker’s characteristics, their current employer,
and the attributes of alternative employers. I estimate a neural multinomial-logit model

using observed employer-to-employer transitions, with predicted destination probabili-

ties
P . exp(@\ifjt) 9
iljt|Leave — Z exp(@\iﬁkt)’ )
keJi
Py

where 0;/;; denotes the model’s fitted destination utility in within-nest units, correspond-
ing to vjyjy = ujyjt/ 0 in Section 4.
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I then aggregate these predicted utilities into an inclusive value,

o~

Liy = log | Y exp(Tiji) | - (10)
j€Jit
j#t
The sum is taken over all employers except the current one, so as to reconstruct the ex
ante expected maximum utility from leaving one’s current employer, as characterized in
Section 4. The resulting inclusive value provides an individual measure of the value of
alternative employment for each worker-year.

To model destination utilities, I replace the usual linear index of the multinomial logit
with a neural network. This follows a growing literature combining discrete choice mod-
els with neural utility specifications, including Aouad and Désir (2025) and S. Wang, Q.
Wang, and Zhao (2020). The network learns a flexible mapping from observed charac-
teristics to destination utilities, while retaining the multinomial-logit formula for condi-
tional choice probabilities. This approach preserves the familiar discrete choice structure,
including the welfare interpretation of the inclusive value under the maintained assump-
tions, while allowing substantially greater flexibility in the functional form of utility.

Figure 2 provides a schematic overview of the neural destination-choice model. Con-
sider first the vector x;; of nineteen destination-employer characteristics, including firm
size, employment growth, industry indicators, and the AKM firm wage effect. Appendix
Table A3 lists all inputs and details their construction. These characteristics are common
to all workers considering the same employer in a given year.

Next, consider the vector m;j; of five characteristics linking the worker and their cur-
rent employer to a potential destination. These include geographic distance, an indicator
for whether the origin and destination employers are in the same province, historical
flows between their industries, and the number and share of workers of the individual’s
type employed at the destination. Historical industry flows are constructed from transi-
tions observed in 1990-1994, before the estimation period. Unlike destination characteris-
tics alone, these inputs describe how a given destination relates to the worker considering
it.

Type compatibility helps address a general concern in discrete choice models of labor
supply: observed employment choices reflect both workers” preferences and employers’
willingness to hire them. An attractive employer need not be an attainable destination,
because workers may face hiring constraints that are unobserved in employment records

(see the discussion in Hirsch et al., 2022). The number and share of same-type workers
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at each destination provide proxies for this compatibility: they indicate whether the firm
employs workers with similar observed characteristics. Including these measures allows
the model to assign lower utility scores to destinations with weaker compatibility, reduc-
ing their contribution to the inclusive value. Worker types thus help capture differences in
employment opportunities arising from labor demand, alongside differences in workers’
preferences.

Stacking x;; and m;sj; produces a vector of twenty-four observed destination and pair
characteristics. Workers may value these characteristics differently depending on their
own attributes and their current employment relationship. The vector z;s;, containing
forty-four worker and current-employer characteristics, allows the model to capture this
heterogeneity. It includes demographic characteristics, employment qualification, earn-
ings, reconstructed employment histories, and attributes of the current employer.

Allowing z;/; to enter an unrestricted utility network directly could introduce a com-
ponent common to every destination considered by the same worker. To see the problem,
suppose that

Vijt = W(Ziet) + Gitjt- (11)

The common component cancels from destination probabilities:

b ow (#(zier) +gitt) —_ ©P(Sitjt) (12)
iljt|Leave Z eXp(]/l(ZiEt) +gi£kt) Z eXP(giEkt)
kEtZ‘t ke%t

It nevertheless enters the inclusive value:

Ligt = p(zigr) + log ( Y. eXp(&'éjt)) : (13)

JETit

Consequently, the model could assign different values of alternative employment to
workers without changing any predicted destination probability. Destination-choice
tit alone therefore cannot discipline this common component, although it affects the
measure subsequently related to wages and mobility.

If T allowed worker and current-employer characteristics to enter the neural network
freely, it could therefore learn worker-specific utility components that leave destination
probabilities unchanged but shift the inclusive value. To tackle this issue, I channel these
characteristics through a bilinear matching layer, drawing on the low-rank bilinear pool-
ing approach of Kim et al. (2017). The model maps the worker/current-employer vector

and the stacked destination/pair vector into two twelve-dimensional representations, /7,
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b
and hi(jt'

components are then multiplied:

each formed from learned weighted combinations of its inputs. Corresponding

litjty = Mgy hﬁ’gﬁm, r=1,...,12. (14)
This architecture captures heterogeneity in the valuation of destination attributes through
a compact set of learned interactions, rather than estimating a separate coefficient for ev-
ery worker—destination characteristic pair. Worker and current-employer characteristics
thus enter through their interactions with destination attributes, without entering the fi-
nal utility network directly. For example, women may place greater weight on geographic
proximity, consistent with the evidence in Le Barbanchon, Rathelot, and Roulet (2021),
while workers” industry of origin may influence the attractiveness of destinations with
related skill requirements. The network learns these patterns from observed transitions
without prespecifying how the valuation of each destination attribute varies across work-
ers.

Finally, the nineteen destination characteristics, five pair characteristics, and twelve
matching interactions form a thirty-six-dimensional input to fs. This function is a mul-
tilayer perceptron: a neural network that passes its inputs through successive layers of
learned weighted combinations and nonlinear transformations. Here, two hidden layers
of twenty units, using exponential linear unit activations, map the thirty-six inputs into a

single predicted destination utility:
Vieir = fo(Xje, Migje, ticjt) - (15)

I estimate the network parameters by minimizing a regularized cross-entropy loss for
observed destination choices. For computational tractability, each training choice set con-
tains the realized destination and 199 sampled alternatives, with a correction for their
unequal sampling probabilities, following the importance-sampling approach to neural
probability models of Bengio and Sénécal (2003). The loss penalizes the model when it
assigns a low probability to the observed destination. The worker and destination pro-
jections, matching interactions, and final utility network are learned jointly from this pre-
diction objective. Appendix E.1 details the sampling procedure, training objective, opti-
mization, and model selection.

My objective is to reconstruct destination utilities and the value of alternative em-
ployment they imply, rather than to identify a separate effect of every observed char-
acteristic. In fact, it is easy to prove (see Appendix E.2) that, for a given destination

set, |Tl~gt — Lyl < maX;e 7, |5l~gjt — Z)l'g]'t|. The difference between the estimated and true
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inclusive values cannot exceed the largest destination-utility prediction error. Accurate
reconstruction of the utility function would therefore deliver an accurate approximation
to the value of the lower nest, without requiring a unique or causal interpretation of every
network parameter.

The emphasis on prediction motivates the flexible neural specification, which allows
nonlinear relationships and heterogeneous valuations of destination attributes to be
learned from observed transitions. I assess its predictive performance using held-out
employer transitions in year 2000, excluded from the data used to train the model. Fig-
ure 3 compares the neural model with a type-specific multinomial logit and an XGBoost
classifier. The type-specific multinomial logit accommodates preference heterogeneity by
allowing each worker type to have its own coefficients on destination and pair charac-
teristics. XGBoost provides a flexible prediction benchmark based on boosted decision
trees, without imposing the bilinear matching architecture of the neural specification.
Performance is measured by Recall@K: the fraction of transitions for which the realized
destination appears among the K highest-ranked employers. Appendix E.3 details how
the two benchmark models are trained and evaluated.

Across the 4,932 validation transitions, the neural model places the realized destina-
tion among its ten highest-ranked employers in 23.0% of cases, compared with 18.3%
for the type-specific multinomial logit and 17.9% for XGBoost. At fifty employers, these
shares rise to 39.6%, 32.6%, and 32.1%, respectively. The neural model achieves higher
recall throughout the range of rank cutoffs shown in Figure 3, indicating that its utility
specification captures patterns in destination choices that improve the ranking of realized
employers relative to both benchmarks.

Appendix Figure A3 reports predictive accuracy separately by worker type. Destina-
tion choices are easier to predict for more experienced workers with longer tenure (types 1
and 5), and harder for early-career blue-collar workers (type 8). Recall at ten employ-
ers (the share of observed transitions for which the realized destination is among the ten
firms assigned the highest predicted probabilities) ranges from approximately 19% to 37%
across worker types.

The inclusive value is a generated regressor, constructed from an estimated destina-
tion utility function. Following the cross-fitting approach of Chernozhukov et al. (2018),
I divide workers into five groups, keeping all observations of a given worker together.
Let f(i) € {1,...,5} denote worker i’s group, and let 8(~f) denote parameters estimated
after excluding group f from the training sample. The utilities assigned to worker i are
then vy = Uig]'t(é\(_f (i))). This separates the observations used to train the utility func-
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tion from those for which it generates predictions, preventing a worker’s own transitions
from entering the parameter updates used to construct their outside-option measure.

Because the five networks are estimated separately, their utility scores can have differ-
ent numerical levels and spreads. Before combining their predictions, I shift and rescale
each network’s scores to match a common reference model estimated on the full training
sample. I calculate these adjustments on a shared sample of worker-year observations,
matching the average utility and its dispersion across destinations. This places the five
sets of predictions on a comparable numerical scale before they are aggregated into inclu-
sive values. Appendix E.4 details the calculation.

I construct the yearly, worker-specific inclusive value I;; for both workers who change
employer and those who remain with their incumbent, writing I;; for the value associ-
ated with worker i and their current employer in year . Applying a model estimated on
transitions to stayers requires an additional assumption: conditional on observed worker,
current-employer, and destination characteristics, the same systematic destination-utility
function applies to both groups. I assume that the flexible neural specification approxi-
mates this common function sufficiently well to reconstruct the expected value of alterna-
tive employment for stayers using the preferences revealed by observationally equivalent
leavers. For each worker-year, I then score the eligible destination employers, as defined
in Appendix E.1, exclude the incumbent, and aggregate the adjusted utilities using the
log-sum expression defined above.

I attach the resulting inclusive value to each worker’s annual primary employer. This
produces an analysis panel containing 4,143,521 worker-year observations for 1,134,186
workers over 1995-1999, before outcome-specific restrictions. For the annual wage and
mobility regressions, I standardize the index using its mean and standard deviation across

this pooled panel, so coefficients are expressed per standard deviation of outside options.

25



Figure 2: How We Estimate: the DeepMNL Architecture
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Notes: Worker/origin features enter only through interactions. Parameter counts: A: 540; B: 300; f: 1,181;
total: 2,021.
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Figure 3: Destination-Choice Validation
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Notes: Recall at K is the share of observed transitions for which the realized destination is among the K
highest-ranked employers. All three models are evaluated on the same 4,932 held-out transitions in 2000,

ranking destinations among eligible employers and excluding the current employer. The horizontal axis
uses a logarithmic scale. Appendix E.3 describes the benchmark models.
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6 Inside the Outside Option

This section sheds light on what outside options, as measured by the inclusive value, look
like in the data. To build intuition about the variation captured by this measure, consider
a simpler multinomial logit, without any of the neural network architecture described in
Section 5, with common coefficients and no interactions. Destination utility is then writ-
ten as vy = o Xj + B migjt, where xj; is the vector of destination-employer characteristics
and m;j; is the vector of dyadic features capturing geographical proximity and compat-
ibility between the worker, their current employer, and a potential destination. Worker
and current-employer characteristics do not enter the model as separate covariates.
Define Z; = Y e exp(a’xy) and q;; = exp(a’xj;)/Z;. Factoring Z; out of the sum

over alternative employers gives

Ligp = log Zi +1og | Y qirexp(Bmigt) | - (16)

JET:

j#t
The first term is common to all workers in a given year. Variation across workers there-
fore stems from heterogeneous access and compatibility with employers, as measured by
the dyadic features—geography, same-type employment shares, and historical industry
flows—weighted by those employers” attractiveness, as well as the exclusion of the cur-
rent employer. Having many attractive employers in the economy offers little benefit if

they are distant or poorly suited to the worker.

Allowing valuations to vary with individual characteristics in a flexible way, through
the neural network-augmented MNL, extends this intuition: access along each dimen-
sion matters more for workers who place greater weight on it, while the attractiveness of
employer characteristics can also differ across workers.

In our data, these differences have a clear geographical dimension. Figure 4 shows
the average standardized inclusive value among workers living in each municipality of
Veneto. Outside options are generally weaker in the mountainous north and stronger
across the central plain, where manufacturing activity is concentrated in industrial dis-
tricts and around the region’s main cities.

These municipality averages reflect differences in the composition of workers and
their current employers, as well as the opportunities available nearby. Nevertheless, the
map illustrates how unevenly economic opportunities are spread across the territory: mo-

bility is highly local, with average distances between origin and destination employers of
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approximately 12-17 km across worker types (Table 2), and access to attractive employers
depends on where workers live.

Figure 5 describes which employers contribute to workers” outside options. For each
worker-year and a group of alternative employers G C 7}, I calculate the probability
share s;;(G) = YjeG ﬁiejt\Leaver using the destination probabilities defined in Section 5.
The figure reports averages of these shares across sampled worker-years, grouping em-
ployers by distance, wage premium, province, and industry. Approximately two-thirds
of this probability lies within 10 km of residence, and employers with higher AKM wage
premiums generally account for larger shares. Opportunities are also concentrated in the
current employer’s province and industry, but these boundaries leave substantial alterna-
tives outside: approximately 41% of predicted destination-choice probability is assigned
to employers outside the current employer’s two-digit industry.

These patterns suggest that coarse market definitions, such as province-by-industry
cells, can exclude a substantial share of relevant employment alternatives. Concentration
measures constructed within such boundaries may therefore misrepresent the employers
competing for a worker’s labor. My approach is closer to the notion of continuous, over-
lapping labor markets developed by Manning and Petrongolo (2017), Datta (2024), and
Nimczik (2020): employers’ relevance varies with their proximity and compatibility with
each worker, rather than being determined by membership in a common geographical
and industry category.

To describe how concentrated these opportunities are, I calculate the effective number
of alternative employers, Nl.’stff = [Zje T P\i%jﬂLeave} !, This equals N when destination-
choice probability is evenly distributed across N employers. The effective number is the
inverse of a worker-specific Herfindahl-Hirschman index (HHI), with employer shares
given by predicted destination probabilities conditional on leaving.

This allows me to measure the concentration of alternative employment opportuni-
ties at the worker level, rather than assigning a common concentration measure to all
workers within a province-by-industry market. Employers outside these boundaries can
contribute to the measure, while workers within the same cell can face different levels of
concentration because their proximity and compatibility with potential employers differ.
Appendix Figure A4 shows that, in the diagnostic sample, the median effective number
is approximately six, and 63% of worker-years have an effective number no greater than
ten.

Figure 6 examines how destination utilities respond to changes in the model’s inputs.
Let 51(2() denote utility after increasing continuous input k by one standard deviation, or

]
reversing it if binary, while holding the estimated network and all other inputs fixed. For
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each input, I calculate Sy = N~ Y, Yie Ty 1/5i€jt|Leave lﬁfz)t — Djsjt|, averaging absolute utility
changes across destinations using their original predicted choice probabilities, and then
across the N sampled worker-years. These coefficients are weighted averages of absolute
utility changes: they are strongly informative about the model’s sensitivity to each input,
but they do not indicate whether that input raises or lowers utility.

Geography and the number of same-type workers at the destination produce the
largest responses. The importance of same-type employment supports the use of worker
types as a proxy for compatibility and labor demand: whether a firm already employs
workers with similar characteristics is informative about its relevance as a potential desti-
nation. This complements the geographical dimension of access. A nearby employer may
offer few relevant opportunities if its workforce is poorly matched to the worker, while
an employer with many similar workers may represent a more plausible alternative. The
model picks up this dimension of compatibility and uses it to predict workers’ destination
choices.

Validating the intuition from the previous results, Appendix Figure A5 shows that out-
side options are higher where more employers are located within 10 or 25 km of residence.
The relationship is stronger when counting employers that already employ workers of
the same type, consistent with the importance of compatibility alongside proximity. Ap-
pendix Figure A6 complements this evidence by considering worker, current-employer,
and local-market characteristics separately and then jointly. Older workers and workers
with longer tenure also tend to have higher measured outside options. Strikingly, women
have higher outside options as well. Although explaining this difference is beyond the
scope of the analysis, one hypothesis is that geographical selection into employment plays
arole: differences in female labor-force participation between urban and rural areas could
affect which employment opportunities are available to the women observed working.

Appendix Figure A7 relates the inclusive value to realized outcomes among workers
who change employers. When changing jobs, workers in the top decile by outside op-
tions move directly between employers in approximately 69% of cases, while workers in
the lowest decile do so in approximately 55% of cases. Average nonemployment before
the next job falls from about 2.5 months in the lowest decile to 1.5 months in the highest.
This difference reflects both the greater frequency of direct transitions and shorter spells
among workers who experience nonemployment: within the latter group, average du-
ration falls from approximately 5.4 to 4.7 months. Workers with higher inclusive values
also find their next employer closer to home. The median residence-to-destination dis-
tance declines from approximately 12.5 km in the lowest decile to 7.2 km in the highest,

with similar patterns for direct transitions and moves involving nonemployment. These
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patterns are consistent with the measure capturing access to employment opportunities

that workers can draw upon when changing jobs.

Figure 4: Outside Options Across Veneto

4

Verona

—0.6 -0.3 0.0 0.3 0.6
Mean inclusive value (worker-year standard deviations)

Notes: Municipality means of the cross-fitted inclusive value, standardized using the mean and standard
deviation across mapped worker-year observations in 1995-1999. The map covers 563 municipalities and
4,625,612 worker-years. Historical residence codes are matched to current municipal boundaries; workplace
location is used when residence coordinates are unavailable. Thin lines mark municipal boundaries, thicker
lines mark province boundaries, and dots identify provincial capitals. The colour scale is centred at zero,
with symmetric endpoints determined by the second and ninety-eighth percentiles of municipality means;
values beyond these endpoints receive the endpoint colours.
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Figure 5: What's Inside the Inclusive Value?
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Notes: Each bar reports the average share of predicted destination-choice probability assigned to a group
of employers, using the cross-fitted model and a sample of 1,000 worker-year observations. For each ob-
servation, the share is the sum of exponentiated destination utilities within the group divided by the cor-
responding sum over all eligible alternative employers, excluding the current employer. The left panel
groups employers by distance from the worker’s residence; the middle panel groups them by AKM firm
wage-effect decile, from lowest to highest; the right panel reports shares in the current employer’s province

and one- and two-digit industries. The three groups in the right panel overlap. Vertical scales differ across
panels.

32



Figure 6: Local Sensitivity of Destination Ultilities
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Notes: Bars show the average absolute change in predicted destination utility following a change in one
input, weighted across alternative employers by the worker’s original predicted destination-choice proba-
bilities. Results use the full-training-sample network and 800 worker-year observations. Continuous inputs
are increased by one standard deviation of their values in the evaluated destination arrays; binary inputs
are flipped between zero and one. The network parameters, worker characteristics, and other inputs remain
fixed. Utilities are recalculated through the full network, including its matching interactions. The current
employer is excluded.
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7 Validation Using Mass Layoffs

Next, I turn to a test of whether the inclusive value does indeed capture the quality of
workers” outside options. To validate my measure, I look at displaced workers who lose
their job in a mass layoff, and track whether their recovery from job loss varies by the
level of their pre-displacement outside option. The reasoning is that, having been forced
to leave their employer, these workers must draw on the alternative employment oppor-
tunities available to them, making their subsequent labor market trajectories informative
about the quality of those opportunities. A good measure of outside options should there-
fore predict better recovery from displacement for workers with higher measured outside
options.

Appendix Figure A8 describes the timing of re-employment following displacement.

Appendix Figure A9 provides a first descriptive comparison using Kaplan-Meier sur-
vival curves for the broader displacement sample. Workers with higher pre-displacement
inclusive values return to employment more quickly: after twelve months, approximately
36% remain without observed re-employment, compared with 40% among workers be-
low the median. This pattern provides initial support for the measure. To further explore
whether workers with better outside options recover relatively better from job loss, I turn
to the matched event-study design.

I investigate this question using event studies, following a long tradition of research
on the consequences of job displacement (Jacobson, LaLonde, and Sullivan, 1993; La-
chowska, Mas, and Woodbury, 2020; Brandily, Hémet, and Malgouyres, 2022). I identify
mass layoffs as employment contractions of at least 50% at Veneto employers with at least
ten employees, excluding events in which workers move together to a common employer.
I match each displaced worker to a worker who remains with their employer, matching
exactly on calendar year, worker type, gender and qualification, and selecting the nearest
neighbour in pre-displacement age, tenure, wages and the employer’s AKM wage effect.
The resulting sample contains 11,595 matched pairs. I follow their outcomes from three
years before to three years after the event, comparing recovery separately for displaced
workers with above- and below-median pre-displacement inclusive values. Appendix F.1
provides the full sample-construction and matching procedure.

I then estimate, within the matched sample, the following regression separately for

workers with above- and below-median pre-displacement inclusive values:

3
Yipk =ap+ O + Z ﬁth‘ 1{k = h} + Eipks (17)
h=-3
-1
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where Yj is the outcome of worker i, belonging to matched pair p, at event time k,
and D; indicates the displaced member of the pair. Matched-pair fixed effects a, absorb
differences in outcome levels across pairs, while event-time fixed effects J; capture the
common evolution of outcomes around the event. The year preceding the event, k = —1,
is the omitted reference period.

Figure 7 presents the event-study estimates, with 95% confidence intervals based
on heteroskedasticity-robust standard errors. Following displacement, workers in both
groups experience substantial earnings losses relative to their matched controls. How-
ever, workers with higher pre-displacement outside options recover more strongly, and
their earnings shortfall is smaller throughout the subsequent three years. Employment
follows a similar pattern: in the first year after the event, the employment shortfall is
approximately 43 percentage points for workers above the median inclusive value, com-
pared with 60 percentage points for those below it. By the third year, these gaps narrow
to approximately 31 and 50 percentage points, respectively. Workers with higher outside
options also experience smaller reductions in days worked: the third-year shortfall is
approximately 95 days, compared with 149 days for workers below the median.

The characteristics of subsequent employment help interpret these differences.
Among those observed in employment, workers with higher pre-displacement inclusive
values work closer to their original employer and are more likely to remain in its two-
digit industry. These patterns are consistent with interpreting the measure as capturing
access to compatible employers: workers with better outside options appear able to find
alternative employment without moving as far geographically or changing industry as
frequently.

Interestingly, this stronger recovery does not appear to reflect access to employers with
higher wage policies, as measured by their AKM fixed effects.

Taken together, these results support interpreting the inclusive value as a measure
of access to alternative employment: workers with higher pre-displacement outside op-
tions recover more strongly from job loss, finding employment closer to their previous

employer and more often within the same industry.
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Figure 7: Labor-Market Outcomes Around Mass Layoffs

--§-- Below-median outside option —4— Above-median outside option

0 4= 0.0 5%== 0
& 50
(=1 - = _ 4
€~ 11 g _ —02- 3,
5z 2 8¢
L3 °e 2 2 -100 -
s o2 2.8
< 727 ~150 -
~0.6 - 200 1
T T T T T T T T T T T T T T
3 =2 -1 0 1 2 3 3 =2 -1 0 1 2 3
0.0
0.00 - ;\’/'
7
5 0.1 ®---g
& 002 10 1
i < —02 - g
£ g £§E
& -0.04 S 034 2
5 ~ U, Q 5 -
< —0.06 —0.4 -
~0.08 0.5 0
T T T T T T T T T T T T T T T T T T T T T
3 =2 -1 0 1 2 3 3 =2 -1 0 1 2 3 3 2 -1 0 1 2 3

Years relative to mass layoff

Notes: Event-study coefficients for displaced workers relative to matched controls, estimated separately for
workers with above- and below-median pre-layoff inclusive values. Specifications include matched-pair
and event-time fixed effects; the year before displacement (t = —1) is the reference period. Bars show 95%
confidence intervals based on heteroskedasticity-robust standard errors. The vertical dotted line marks the
layoff year. Annual earnings are transformed as asinh(earnings/1,000), including zeros. The remaining
panels report employment, annual days worked, the employer’s AKM wage effect, employment in the pre-
layoff two-digit industry, and distance to the employer. Vertical scales differ across outcomes.
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8 Outside Options, Mobility, and Wages

The preceding sections have examined what the inclusive value captures about workers’
alternative employment opportunities. I have described how these opportunities vary
across workers and employers, and shown that workers with higher pre-displacement
inclusive values recover more strongly from mass layoffs. This evidence supports inter-
preting the measure as a proxy for workers” outside options. I now use it to investigate
how outside options relate to mobility and wages during the course of workers” employ-
ment relationships. In particular, do workers with better outside options leave their em-
ployer more frequently, and do they receive higher wages while remaining in the same
job?

The conceptual framework in Section 4 guides this analysis. Its prediction for mobility
is unambiguous: holding the value of the current employment relationship fixed, better
outside options make leaving more attractive and increase the probability of changing
employers. The wage response, however, depends on the wage-setting protocol. Un-
der wage posting, improvements in an individual worker’s outside options need not
change the wage offered by their current employer. Under bargaining, those improve-
ments strengthen the worker’s position in the negotiation and can translate into higher
pay within the existing relationship. I first examine the relationship between outside op-
tions and employer mobility, before turning to wages and the evidence they provide on
wage-setting conduct.

I first estimate a logit for changing employers in the following year, conditional on
employment in both years. Individual fixed effects mean that I exploit changes in outside
options over time for the same worker, while employer fixed effects account for persis-
tent firm-specific factors, such as remoteness. Year fixed effects absorb common aggre-
gate changes. Thus, the remaining variation exploits changes in workers” outside options
over time, including differential changes among workers employed at the same firm, as
the surrounding labor market evolves in ways that appeal differently to different work-
ers. Finally, controlling for current wages allows me to examine the relationship between
outside options and mobility holding pay fixed, since outside options may themselves
influence the wage paid by the incumbent.

Column (1) of Table 3 reports a positive coefficient of 0.1409 on the standardized inclu-
sive value, corresponding to an average marginal effect of approximately 1.78 percentage
points for a one standard deviation increase in outside options. Relative to the employer-
change rate of 14.2% in the eligible annual sample, this amounts to an increase of ap-
proximately 12.5%. To compare the estimated coefficient with the nested-logit restriction
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discussed in Section 4, it must be expressed in the units of the unstandardized index.
Writing Ifttd = (I — I) /sy, the corresponding coefficient is E /s1. Since s; = 2.809, the
estimate implies an unstandardized coefficient of approximately 0.1409/2.809 ~ 0.050.
With the upper-level error scale normalized to one, this value lies within the interval
0 < ¢ < 1, satisfying the necessary sign and scale restriction of the nested-logit repre-
sentation. The coefficient remains positive and statistically significant when leaving also
includes workers no longer observed in employment in the following year, at 0.0993 in
column (2).

Appendix Table A4 reports linear probability models with the same controls and fixed
effects. A one standard deviation increase in outside options is associated with a 0.98
percentage-point increase in employer changes and a 0.82 percentage-point increase in
broad leaving. Both estimates are positive and statistically significant.

I now examine whether better outside options are associated with higher wages. The
distinction matters for the wage-setting mechanisms discussed in Section 4: outside op-
portunities may influence workers’ decisions to leave without affecting their incumbent
wage, whereas bargaining allows them to influence pay within an existing employment
relationship. Table 4 examines this relationship using progressively richer controls for
worker, employer, and match heterogeneity. The worker and employer fixed-effects spec-
ification takes the form

log Wi = ,Blisttd + Xllté + o+ l/)g + )\t + €4, (18)

where w;; denotes real weekly wages, Il-sfd is the standardized inclusive value, and Xj;
contains the observed worker covariates. The fixed effects capture persistent worker
characteristics, persistent employer differences, and common year effects, respectively.
Throughout the table, the inclusive value uses the same standardization over the annual
panel. Standard errors are clustered by employer.

Column (1) includes employer and year fixed effects, alongside observed worker char-
acteristics. Employer fixed effects account for persistent differences in firms” wage poli-
cies and other characteristics that might influence both pay and workers” outside oppor-
tunities. Year effects absorb aggregate wage movements. The coefficient implies that a
one standard deviation increase in outside options is associated with approximately 2.5%
higher wages. Adding worker-type fixed effects in column (2), which account for aver-
age wage differences across the groups constructed in Section 3, yields a slightly larger
estimate of approximately 2.8%.
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Columns (3) and (4) introduce individual fixed effects. These absorb persistent differ-
ences between workers, including unobserved characteristics associated with both their
wages and their access to alternative employers. Once I include individual fixed effects,
the variation I exploit comes from changes in outside options over time for the same
worker. Appendix Figure A10 sheds light on how much of this variation is left. Most
variation in outside options is, of course, across workers, but a substantial share—around
17% in the balanced panel—comes from changes within workers over time. The correla-
tion between inclusive values four years apart is 0.729: this is high, but still leaves a fair
degree of variation. This reflects, in part, how the outside labor market evolves in ways
that appeal differently to different workers.

The coefficient is 0.0175 without additional worker covariates and 0.0133 when these
are included. The positive relationship thus persists after accounting for individual het-
erogeneity, with the latter estimate corresponding to approximately 1.3% higher wages
per standard deviation of outside options.

Columns (3) and (4) correspond to augmented AKM specifications. Appendix Fig-
ure All provides a graphical illustration of column (3): after residualizing both log
weekly wages and the inclusive value on worker, employer and year fixed effects, the
remaining variation in outside options is positively associated with the remaining varia-
tion in wages. Outside options therefore account for wage variation beyond the additive
worker and employer components of the AKM model.

Because the inclusive value depends jointly on worker characteristics and the current
employer, and need not decompose into additive worker and employer components, its
positive coefficient can be interpreted as evidence of match effects in wage determination.
Their modest economic magnitude nevertheless suggests that log-additive separability
may remain a useful first approximation to wages.

Column (5) introduces worker—employer fixed effects, giving each pair its own inter-
cept. These absorb persistent match characteristics and let me ask whether wages change
as the same worker’s outside options change while employed at the same firm, in a spe-
cific match. The coefficient remains positive and statistically significant at 0.0103, corre-
sponding to approximately 1.0% higher wages per standard deviation of outside options.

Column (6) adds employer-year fixed effects, a very demanding fixed-effects specifi-
cation: the only variation left is the change in outside options within a match, netting out
the average changes for workers at that particular firm. Employer-year effects absorb, for
example, changes in the employer’s wage policy, or local shocks that affect all workers
at a firm equally. The result survives this specification, with a positive and statistically
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significant coefficient of 0.0139, corresponding to approximately 1.4% higher wages per
standard deviation of outside options.

Taken together, these results provide evidence of wage bargaining within ongoing em-
ployment relationships: improvements in a worker’s outside options go along with wage
growth. My preferred specification, column (6), shows that this relationship survives af-
ter accounting for changes common to workers at the same firm: workers whose labor
market prospects improve differentially more also see larger wage gains, within the same
match, consistent with wage bargaining.

To shed light on where bargaining plays a greater role, I next turn to heterogeneity.
Table 5 summarizes the wage and mobility responses across worker characteristics, col-
lective agreements and employer growth, with detailed results in the appendix. The wage
regressions follow the specification in column (4) of Table 4, including worker, employer
and year fixed effects alongside worker covariates.

First, men appear to respond more strongly to better outside opportunities, both
through higher wages and through a greater probability of leaving their current em-
ployer. The gender difference is particularly pronounced for wages, suggesting that men
are better able to translate outside opportunities into higher pay. This is consistent with
Caldwell and Harmon (2019), who also find smaller earnings responses to improvements
in outside opportunities among women.

For age and tenure, a different pattern emerges across the two margins. Younger work-
ers and workers with shorter tenure show larger wage responses, whereas older workers
and those with longer tenure show larger mobility responses. One possible explanation
is that workers earlier in their careers or employment relationships remain further from
the wage they could obtain within their current match. Better outside opportunities may
therefore give them leverage to negotiate higher pay without changing employers. Con-
versely, workers closer to their earning ceiling within a match may need to leave to obtain
turther gains. This interpretation echoes the mechanism in Postel-Vinay and Robin (2002):
outside offers can induce wage increases when the incumbent can match them, while of-
fers exceeding what the incumbent can offer lead to mobility, though a formal test of this
mechanism is beyond the scope of this analysis.

A similar pattern appears across employment grades. Among apprentices, blue-collar
workers and white-collar workers, the wage response is strongest for apprentices, fol-
lowed by blue-collar and then white-collar workers. The ranking of mobility responses is
reversed. These results are consistent with apprentices having greater scope to use out-
side opportunities to raise their pay within their current employment relationship, while
white-collar workers more often respond by changing employers.
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Finally, employer growth reveals an interesting difference between wage and mobil-
ity responses. At firms classified as growing on the basis of headcount changes, the wage
response to outside options is roughly twice that observed at shrinking firms, while the
mobility response is small and statistically insignificant. At shrinking firms, by contrast,
better outside opportunities are associated with a larger increase in departures. This pat-
tern is consistent with bargaining over rents. Growing firms may have more rents to
share and a stronger incentive to retain workers, allowing employees to use better out-
side opportunities to renegotiate their pay and take home a larger share of those rents.
At shrinking firms, where there may be less room to raise wages, workers instead make
greater use of the mobility margin. The distinction suggests that the way outside options
translate into workers” outcomes depends on the incumbent employer’s rents, and its
ability and willingness to respond. A more formal test of this hypothesis will appear in
Section 10.
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Table 3: Outside Options and Leaving the Current Employer

1) @
Employer Broad
change leaving
Inclusive value (std.) 0.1409*** 0.0993***
(0.0096) (0.0083)
Average marginal effect 0.0178 0.0123
Odds ratio 1.151 1.104
Current wage and worker covariates Yes Yes
Worker FE Yes Yes
Employer FE Yes Yes
Year FE Yes Yes
Eligible observations 3,807,791 4,143,521
Logit sample 1,356,661 1,954,829
Numerical estimation sample 1,308,686 1,911,727
Outcome mean (eligible sample) 0.142 0.212
Outcome mean (logit sample) 0.321 0.337

Notes: Logit estimates. An employer change equals one when annual primary employers differ between ¢
and t + 1, conditional on observed employment in both years. Broad leaving also includes no recorded
employment in t + 1. Years are 1995-1999. The inclusive value is cross-fitted and standardized over the
annual worker-year panel. Both columns control for current log weekly wages, age squared, log tenure
and log prior employment experience, with worker, employer and year fixed effects. Linear age is omitted
with worker and year effects; worker-invariant characteristics are absorbed by worker effects. Standard
errors in parentheses are heteroskedasticity-robust. Fixed-effect groups that perfectly predict the outcome
are removed recursively. Extended maximum likelihood additionally treats 47,975 and 43,102 separated
observations in columns (1) and (2) as having limiting predicted probabilities of zero or one. These
observations remain in the logit sample but do not enter numerical estimation. Average marginal effects
are Eﬁ (1 — p), averaged over the logit sample with zero contributions from separated observations, and
expressed as probability changes. Odds ratios equal the exponential of the logit coefficient. *p < 0.10,

**p < 0.05, ***p < 0.01.
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Table 4: Outside Options and Current Wages

(1) (2) ®) (4) ®)
Employer | worker Workerand +worker  Match
FE type FE  employer FE covariates FE

(6)
Match and
employer-year FE

Dependent variable: Log weekly wages in ¢

Inclusive value (std.)  0.0249***  0.0279*** 0.0175%** 0.0133***  0.0103*** 0.0139***
(0.0007) (0.0007) (0.0009) (0.0010) (0.0010) (0.0006)
Worker covariates Yes Yes No Yes Yes Yes
Worker type FE No Yes No No No No
Employer FE Yes Yes Yes Yes No No
Worker FE No No Yes Yes No No
Worker-employer FE No No No No Yes Yes
Employer-year FE No No No No No Yes
Year FE Yes Yes Yes Yes Yes No
Outcome mean 6.500 6.500 6.500 6.500 6.500 6.500
Observations 4,143,153 4,143,153 3,968,053 3,968,053 3,588,982 3,584,307

Notes: OLS estimates; the dependent variable is log real weekly wages in the current primary job. The
inclusive value is cross-fitted and standardized over the annual worker-year panel. Worker controls are
age, age squared, gender, non-Italian nationality, log tenure and log prior employment experience;
controls absorbed by fixed effects are omitted. Worker-employer fixed effects identify matches;
employer-year fixed effects absorb common wage changes within each employer and year. Singleton
fixed-effect groups are removed recursively. Standard errors in parentheses are clustered by employer.
*p < 0.10, **p < 0.05, ***p < 0.01.
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Table 5: Heterogeneity in Wage and Mobility Responses to Outside Options

Wage response Mobility response
Dimension Group (1008) (percentage points) Appendix
Gender Men 1.92%** 1.53*** Table A5
Women 0.55*** 0.94***
Age Younger 1.80"** 0.95%** Table A6
Middle 0.95%** 1.55%**
Older 0.96*** 1.57***
Tenure Less than 2 years 2.45%** 0.58 Table A7
2—4 years 0.94*** 1.38***
5 or more years 0.75%** 1.55"**
Employment grade Blue-collar 0.89*** 1.15%** Table A8
White-collar 0.67*** 1.79***
Apprentice 1.06"** 1.07*
Other 0.57** 2,717
Collective agreement Metalworking 1.01%** 0.25 Table A9
Commerce/Services 1.10*** 2.04*
Textile/Clothing 0.20 1.14***
Wood /Furniture 1.18%** 1.34***
Construction 2.63*** 2.40"**
Footwear 0.46 2.21
Other 1.25%** 1.78***
Employer growth Shrinking 1.25%** 1.58** Table A10
Stable 1.37%%* 1.07*
Growing 251 0.16

Notes: Entries report 100 times the coefficient on the inclusive value from separate subgroup regressions.
The index uses the same pooled standardization across groups, so responses correspond to a one standard
deviation increase in outside options. The wage outcome is log real weekly wages; entries in the wage
column are approximately percentage wage differences. Mobility responses are percentage-point changes
in the probability of changing annual primary employer, conditional on employment in both years. Wage
specifications follow column (4) of Table 4. All regressions include worker, employer and year fixed effects
and worker covariates where not absorbed. Mobility is estimated using linear probability models without
current wages as a control. Standard errors are clustered by employer. The linked appendix tables report
full coefficients, standard errors, observation counts and group definitions. Cross-group comparisons
describe point estimates; no formal tests of coefficient equality are reported. *p < 0.10, **p < 0.05,

**p < 0.01.
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9 Identification Using Large-Firm Openings

The demanding fixed-effects specifications presented above provide clear evidence of
wage bargaining. I now turn to an instrumental-variable approach to validate the causal
interpretation of these results. The strategy exploits large-firm openings, which expand
employment opportunities differently across workers depending on their access to the
opening employers. I use historical mobility patterns to measure this differential expo-
sure and instrument changes in workers” outside options, allowing me to estimate their
causal effect on wages and mobility.

The opening of a large employer close to a worker expands the set of alternative em-
ployers they can consider and should therefore improve their outside options. Never-
theless, the opening employer need not be equally relevant to all nearby workers. How
valuable this new opportunity is depends on the compatibility between workers’ charac-
teristics and the employer’s labor demand.

I capture this differential exposure using a shift-share design (Bartik, 1991), in which
the shifts come from employment at large opening firms and the shares reflect historical
mobility patterns. The strategy is similar in spirit to Schubert, Stansbury, Taska, and Dey
(2026).

Let k denote worker type, as defined in Section 3, s the current employer’s two-digit
industry, and p its province. Let ¢ index destination cells, also defined by two-digit in-
dustry and province. Denoting by N]?S e the number of direct employer-to-employer
transitions from origin group (k,s, p) to destination cell ¢ in 1990-1994, I define the his-
torical mobility share as

N?
k
Whpe = = (19)
ZC/ Nksp—>c’

These shares measure which destinations have historically attracted workers of a given
type from the same origin industry and province, providing weights for the relevance of
subsequent openings. In practice, a worker is more exposed to an opening when workers
of their type have historically moved more often from their current employer’s industry
and province to the opening employer’s industry and province. Using pre-period flows
keeps these shares fixed during the analysis period, so that changes in exposure within
an origin group are driven by openings rather than workers” contemporaneous mobility
responses.

I classify a firm as an opening in year ¢ if it is active in that year but was inactive in the
preceding year. For each threshold g € {50,100,200}, let O, denote total opening-year

employment at firms in destination cell ¢ with at least g employees. Employment is mea-
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sured by the number of distinct workers observed at each firm during the year. Appendix
Table A1l reports the annual number of openings and total employment at these firms for
each size threshold. The annual exposure of worker i to large-firm openings is then

q __ 0 q
Zif - Zwkizsitrpitrc Oct (20)
C

where k; is the worker’s type and s;; and p;; identify their current employer’s industry and
province. This exposure increases when large employers open in destinations historically
connected to the worker’s origin group. I standardize each exposure measure over the
worker-year panel and use it as an excluded instrument for the standardized inclusive
value, estimating the model separately for each threshold.

I estimate the effects of outside options on wages and mobility by two-stage least
squares. For each opening-size threshold g, the first stage takes the form

I = 7 Ziy + X + Fiy + vie 21)
where Zf’t is standardized opening exposure. The outcome equation is
Yie = Polif® + Xipd + Fif + e 22)

with the inclusive value instrumented by ZZ. The outcome Yj; is either current log real
weekly wages or an indicator for changing annual primary employer between t and ¢ + 1.
The mobility equation is a linear probability model estimated among workers observed
in employment in both years.

Both stages use the same sample, controls and fixed-effects structure for each outcome.
The controls include age, age squared, gender, non-Italian nationality, log tenure and log
prior employment experience, where not absorbed by the fixed effects. For mobility, both
stages additionally control for current log weekly wages. I report two specifications: one
with employer, worker-type and year fixed effects, and another with worker, employer
and year fixed effects. The terms F} and F) collect the corresponding fixed effects in
each equation. Standard errors are clustered by current employer.

The exclusion restriction is that, conditional on the controls and fixed effects, large-
firm openings affect wages and mobility only through the value of outside options. Iden-
tification relies on differences in workers” exposure to the same openings, measured us-
ing historical mobility patterns. These differences must be unrelated to other changes
that independently affect wages or mobility. Using historical flows prevents contempo-

raneous mobility responses from determining the exposure weights. In the specification
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with worker, firm and year fixed effects, persistent differences across workers and firms
are absorbed, while year fixed effects account for common macroeconomic shocks. This
alleviates concerns that these sources of heterogeneity drive the results: the remaining
variation comes from changes in exposure over time, net of persistent worker and firm
differences and common yearly shocks.

Table 6 reports positive and significant first stages in all cases, with F-statistics be-
tween 11.7 and 25.7, above the conventional benchmark of 10. The implied 2SLS wage
effects range from approximately 4-5% per standard deviation of outside options with
employer, worker-type and year fixed effects. Including worker fixed effects brings the
coefficients to 0.0218-0.0231, corresponding to approximately 2.2-2.3% higher wages and
broadly consistent with the OLS coefficient of 0.0139 in column (6) of Table 4. For leaving,
the 2SLS coefficients are also positive, although larger and less precisely estimated than
the OLS estimate, which nevertheless lies within their 95% confidence intervals. Taken
together, these results support the view that better outside options, instrumented by new
employment opportunities weighted by their accessibility to each worker, raise wages
and encourage mobility, consistent with the bargaining mechanism and the OLS evidence.
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Table 6: Instrumental-Variable Estimates Using Large-Firm Openings

Log weekly wages Employer change
@ ) ©) 4)

Panel A: Openings with at least 50 employees
Inclusive value (2SLS) 0.0409*** 0.0218* 0.0165 0.0536

(0.0144) (0.0120) (0.0299) (0.0379)
Opening exposure (first stage) 0.0506*** 0.0518*** 0.0498*** 0.0511***

(0.0100) (0.0113) (0.0102) (0.0116)
First-stage F 25.7 20.8 23.8 19.4
Panel B: Openings with at least 100 employees
Inclusive value (2SLS) 0.0469*** 0.0219* 0.0184 0.0572

(0.0168) (0.0131) (0.0324) (0.0411)
Opening exposure (first stage) 0.0464*** 0.0479*** 0.0458*** 0.0474**

(0.0102) (0.0115) (0.0104) (0.0118)
First-stage F 20.8 17.3 19.3 16.1

Panel C: Openings with at least 200 employees

Inclusive value (2SLS) 0.0494** 0.0231 0.0241 0.0685

(0.0195) (0.0151) (0.0369) (0.0489)
Opening exposure (first stage) 0.0401*** 0.0412%** 0.0396*** 0.0409***

(0.0103) (0.0117) (0.0106) (0.0119)
First-stage F 15.0 12.5 14.0 11.7
Worker covariates Yes Yes Yes Yes
Current log weekly wage No No Yes Yes
Employer FE Yes Yes Yes Yes
Worker type FE Yes No Yes No
Worker FE No Yes No Yes
Year FE Yes Yes Yes Yes
Eligible worker-years 4,112,858 4,112,858 3,780,325 3,780,325
Outcome mean (eligible sample) 6.503 6.503 0.142 0.142

Notes: Each panel reports separate 2SLS regressions. The excluded instrument is standardized annual
opening-employment exposure, defined in equation (20). Thresholds count distinct workers at each firm
during its opening year. Columns (1)—(2) use log real weekly wages in the current primary job. Columns
(3)—(4) use a linear probability model for an annual primary-employer change between t and t + 1,
conditional on employment in both years. Years are 1995-1999. The inclusive value is cross-fitted and
standardized over the annual worker-year panel. Worker controls are age, age squared, gender,
non-Italian nationality, log tenure and log prior employment experience; controls absorbed by fixed effects
are omitted. Mobility regressions additionally control for current log weekly wages. Controls and fixed
effects enter both stages. Standard errors in parentheses are clustered by current employer. First-stage
coefficients are on standardized opening exposure, with the standardized inclusive value as the dependent
variable. The first-stage F is the squared employer-clustered t-statistic on opening exposure. Eligible
counts and outcome means refer to complete-case samples before recursive removal of singleton
fixed-effect groups. *p < 0.10, **p < 0.05, ***p < 0.01.
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10 Portugal: Replication and Extensions

I now turn to replicating my main results in a different country and time frame: Portugal
in 2013-2019. Alongside the linked employer—employee records of Quadros de Pessoal
(QP), I have access to firm balance-sheet data from the Sistema de Contas Integradas das
Empresas (SCIE). This allows me to examine whether the wage results extend beyond
Veneto and, further, to test whether workers with better outside options obtain larger
wage gains when their employer’s value added increases. In a bargaining framework,
the value of alternative employment serves as the worker’s threat point. Better outside
options may therefore allow workers to bring home a larger share of the firm’s rents and
benefit more from improvements in their employer’s performance.

I construct outside options using the same destination-choice framework, adapting
the inputs to the Portuguese data. Precise details on the implementation can be found
in Appendix I. Occupational and educational information allows me to measure com-
patibility through the composition of employment at potential destinations. Geography
is considerably coarser, however, with locations identified only at the NUTS II regional
level. I therefore supplement regional indicators and historical flows with a latent dis-
tance estimated from firm-to-firm transitions, capturing proximity in observed mobility.

The intuition behind this application is straightforward. Latent-space models repre-
sent connections in a network through distances in an unobserved space (Hoff, Raftery,
and Handcock, 2002). In my application, firms exchanging more workers, conditional on
their overall propensity to send and receive workers and their observed characteristics,
tend to be placed closer together. The model thus finds a system of coordinates that ratio-
nalizes the observed pattern of flows, assigning a position to each firm. These positions
form a map of mobility connections: for example, two firms that draw workers from,
and send workers to, a similar set of employers may be placed close together even if few
workers move between them directly. I then measure the distance between the position
of a worker’s current employer and that of each potential destination, and include this
distance among the dyadic features in the destination-choice model. Appendix 1.3 details
the latent-space specification and the construction of these distances.

Predictive performance is close to that of the Veneto comparison specification, as
reported in Appendix Table A12. This suggests that the richer Portuguese covariates—
including occupation, education, contractual status, and workforce composition—
together with information from the mobility network can compensate for the lack of
detailed geography, despite the central role of geographical proximity in predicting
mobility in Veneto.
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Table 7 shows that the wage results extend to Portugal. The coefficient on outside
options is positive and statistically significant across all four specifications. In the most
demanding specification, column (4), worker-employer match effects account for per-
manent differences within employment relationships, while firm-by-year effects absorb
changes common to workers at the same employer, including changes in its wage policy,
mimicking column (6) of Table 4. The remaining variation therefore compares workers
whose outside options evolve differently within the same firm. A one standard deviation
improvement in outside options is associated with approximately 1.4% higher wages, al-
most identical to the corresponding estimate of 1.4% for Veneto.

I next turn to how outside options affect workers” participation in their employer’s
rents. The heterogeneity results in Section 8 suggest that workers at growing firms re-
spond to better outside options more through wage gains, whereas those at shrinking
firms respond more through mobility. One interpretation is that workers use their out-
side options to negotiate higher wages when their employer has rents to share. The Por-
tuguese firm accounts allow me to investigate this mechanism more directly: do workers
with better outside options obtain larger wage gains when their employer’s value added
increases? Such a finding would be consistent with outside options strengthening work-
ers’ bargaining position and allowing them to bring home a larger share of improvements
in their employer’s performance.

To investigate this question, I estimate a wage equation allowing the response to em-
ployer value added to vary with workers’ outside options:

log wipy = B1(Vyy — V) + Balig + B3(Viy — V) Iy
+ xlog Kyt + Xijo, 70 + Figr + eigt, (23)

where Vy; denotes log value added per worker, V is its common-sample mean, and Ij; is
the standardized inclusive value. Capital per worker, Ky;, and the worker and employer
characteristics collected in Xj/; account for other determinants of wages. The fixed effects
Figt vary across the specifications reported in Table 8, with the most demanding specifi-
cation including worker—-employer match and year effects.

The coefficient of interest is 3. The wage response to log value added per worker
is B1 + B3li;: a positive interaction therefore means that workers with better outside op-
tions receive larger wage gains when their employer’s performance improves. Match
effects allow me to examine this relationship within ongoing employment relationships,
accounting for permanent differences across matches that could otherwise influence both

wages and access to alternative employment.
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Following Card, Devicienti, and Maida (2014), I instrument log value added per
worker with the log of average revenue per worker at firms in the same four-digit indus-
try but outside the incumbent employer’s NUTS II region. I instrument its interaction
with outside options using the interaction between this revenue measure and I;;. The
identifying assumption is that, conditional on the controls and fixed effects, revenue
changes at firms in the same industry outside the incumbent’s region affect workers’
wages through their employer’s value added. Appendix L.5 provides further details on
the sample, instrument construction, and estimation; Appendix Table A13 reports the
tirst-stage estimates.

Table 8 shows that workers with better outside options obtain larger wage gains when
their employer’s value added increases. In Panel A, the interaction is positive and statis-
tically significant across all four OLS specifications. This relationship survives worker—
employer match effects, with a coefficient of 0.0044 in column (4). The 2SLS estimates in
Panel B point in the same direction and, once worker effects are included, imply larger
responses. In the match-effects specification, the interaction coefficient is 0.0163. For a
10% increase in value added per worker, the point estimates imply a wage response of
approximately 0.15% at I[;; = 0 and 0.31% at I;; = 1—a response approximately twice as
large, or an additional 0.16 percentage points of wage growth.

These findings strengthen the bargaining interpretation of the wage results. Better
outside options are associated with higher wages within ongoing employment relation-
ships and with a larger wage response to improvements in employer performance. The
Portuguese evidence thus suggests that the value of alternative employment matters for
how firms share rents with their workers.
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Table 7: Portugal: the Bargaining Gradient Replicates

1) 2) 3) 4)
Veneto (log weekly wage) 0.0133*** 0.0103*** 0.0193*** 0.0139***
(0.0010) (0.0010) (0.0006) (0.0006)
Portugal (log monthly wage) 0.0083*** 0.0064*** 0.0098*** 0.0139***
(0.0008) (0.0016) (0.0006) (0.0011)
Worker controls Yes Yes Yes Yes
Worker FE Yes No Yes No
Worker x Firm (match) FE No Yes No Yes
Firm FE Yes No No No
Firm x Year FE No No Yes Yes
Year FE Yes Yes No No
Obs. (Veneto) 3.97M 3.59M 3.97M 3.58M
Obs. (Portugal) 17.6M 15.8M 17.0M 15.3M

Notes: Entries report the coefficient on the standardized outside-option index; standard errors are in
parentheses. For Portugal, the outcome is log total monthly earnings, winsorized at the pooled 0.5th and
99.5th percentiles. The cross-fitted index is standardized over the pooled annual panel before selecting
each regression sample. Controls are age squared, log one plus tenure, fixed-term status, and part-time
status, where not absorbed. Match effects are worker-by-employer effects; firm-by-year effects absorb
separate firm and year effects. Portuguese standard errors are clustered by the current employer.

*p < 0.01, **p < 0.05, *p < 0.10.
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Table 8: Rent Sharing: VA Pass-Through Rises with Outside Options

) ) ®) )
Panel A: OLS
Log VA /worker (B1) 0.2845%** 0.0272%** 0.0187*** 0.0183***
(0.0132) (0.0029) (0.0027) (0.0027)
Outside options (B2) 0.0465*** 0.0101*** 0.0090*** 0.0089***
(0.0064) (0.0018) (0.0023) (0.0028)
Log VA /worker x Ij; (B3) 0.0377*** 0.0037** 0.0043*** 0.0044**
(0.0101) (0.0016) (0.0016) (0.0019)
Panel B: 2SLS
Log VA /worker (B1) 0.4109*** 0.1186*** 0.0112 0.0151
(0.0441) (0.0314) (0.0868) (0.0879)
Outside options (B2) 0.0385*** 0.0115*** 0.0086*** 0.0074**
(0.0064) (0.0021) (0.0026) (0.0031)
Log VA /worker x Ij; (B3) 0.0352 0.0111* 0.0134* 0.0163*
(0.0226) (0.0065) (0.0069) (0.0091)
Worker and employer covariates Yes Yes Yes Yes
Worker FE No Yes Yes No
Employer FE No No Yes No
Worker-employer match FE No No No Yes
Year FE Yes Yes Yes Yes
Observations 6,007,659 5,643,155 5,641,338 5,464,130

Notes: Panel A reports ordinary least-squares estimates and Panel B two-stage least-squares estimates of
equation (23). The dependent variable is log total monthly earnings. Both panels use the same
observations in each column. Standard errors, clustered by four-digit industry, are in parentheses.

VA /worker is value added at factor cost per employee; its logarithm is centered at the common-sample
mean. The outside-option index I; is standardized within year before selecting the rent-sharing sample. In
Panel B, log VA /worker and its interaction with outside options are instrumented by the log mean
revenue per employee of firms in the same four-digit industry outside the incumbent’s NUTS II region,
and its interaction with I;;. All columns control for log tangible capital per employee; age, tenure, firm age
and log employment and their squares; and a broad occupation indicator, where not absorbed. Match
effects are worker-by-employer effects. Appendix L.5 gives the sample restrictions, instrument
construction, and specifications; Appendix Table A13 reports the first stages. Stars use two-sided cluster-¢
p-values: ***p < 0.01, **p < 0.05, *p < 0.10.
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11 Conclusion

This paper develops a worker-specific measure of outside options and uses it to study
how alternative employment opportunities affect wages and mobility. I model employ-
ment choice using a nested-logit structure: at the upper level, workers decide whether to
stay with their current employer or leave; at the lower level, they choose a destination
employer conditional on leaving. I estimate the destination-choice model using a neu-
ral network, allowing tastes for destination characteristics to vary flexibly across workers
while retaining the structural advantages of discrete choice models. I rely on a cluster-
ing approach to reconstruct latent worker types and measure compatibility with each
potential employer using the number and share of same-type workers in its workforce.
These measures proxy employers” demand for workers with similar skill profiles, help-
ing distinguish relevant employment opportunities from firms that are nearby but poorly
suited to the worker. Together with the flexible neural specification, they improve pre-
dictive accuracy relative to a parametric logit. The discrete choice structure also provides
a closed-form measure of the expected maximum utility available from alternative em-
ployment: the inclusive value of the set of employers other than the incumbent. This
worker-specific measure reflects which employers are within reach, how compatible they
are with the worker, and how the worker values their characteristics.

I estimate the model using linked employer—-employee data from the Veneto region of
northeastern Italy over 1995-2000. The resulting inclusive value of each worker’s choice
set, which I use as a proxy for outside options, predicts recovery from job loss. Following
mass layoffs, workers with better pre-displacement outside options return to employ-
ment more quickly and experience smaller losses in earnings and employment. Their
subsequent employers are also closer to their original workplace and more often in the
same industry. These findings support interpreting the inclusive value as a measure of
access to relevant employment opportunities.

Better outside options also encourage mobility and raise wages within ongoing
employment relationships. The wage response survives demanding specifications with
worker-employer match and employer-year fixed effects, which absorb permanent
match characteristics and changes common to workers at the same firm. The estimates
therefore exploit changes in the expected utility of alternative employment during an
ongoing match, net of firm-wide and aggregate changes. In my preferred specification, an
improvement of one standard deviation in outside options corresponds to approximately
1.4% higher wages. I then develop an instrumental-variable approach using a shift-share
instrument that combines large-firm openings with historical transition probabilities into
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the industry—province cells where these openings occur. The instrumental-variable esti-
mates provide further support for a causal wage response. These results provide evidence
that workers use alternative employment opportunities to bargain over pay, consistent
with models of wage bargaining and rejecting the simple wage-posting benchmark.

Workers’ responses to changes in the quality of their outside options vary with their
own characteristics and those of their incumbent employer. Younger workers and work-
ers with shorter tenure show stronger wage responses, while older workers and those
with longer tenure respond more through mobility. At growing firms, improvements in
outside options translate more strongly into wage gains; at shrinking firms, departures
are the more important margin.

I then replicate the analysis by estimating the destination-choice model using Por-
tuguese linked employer—employee data for 2013-2019. In the most demanding spec-
ification, an improvement of one standard deviation in outside options corresponds to
approximately 1.4% higher wages. Firm accounts also allow a more direct investigation
of rent sharing. Workers with better outside options obtain larger wage gains when their
employer’s value added increases, consistent with alternative employment strengthen-
ing their bargaining position and allowing them to benefit more from improvements in
employer performance.

In this paper, I argue that a detailed characterisation of a worker’s outside options
requires accounting for how their individual characteristics and current employer shape
access to alternative employment, compatibility with potential destinations, and the value
they attach to those opportunities. Taken together, my results show that improvements in
these outside options affect both mobility and wage setting: workers respond by moving
between employers and by using better alternative opportunities to negotiate higher pay,
even within ongoing employment spells.
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D Data, Worker Types, and Geography

Table Al: Employment by Industry: Ten Largest Industries, 1995-1999

ATECO 81 Industry Average annual Employment Employer-years Mean employer

employment share (%) size
31 Metal products (excluding machinery) 132,602 13.2 27,151 244
45 Footwear and clothing 88,223 8.8 20,553 215
50 Construction 59,460 5.9 23,492 12.7
66 Hotels and catering 51,719 5.1 15,999 16.2
46 Wood products and wooden furniture 50,709 5.0 13,441 18.9
43 Textiles 47,646 4.7 7,114 335
32 Mechanical machinery and equipment 47,211 4.7 7,166 329
83 Business services 41,717 4.2 9,608 21.7
34 Electrical machinery and equipment 39,010 3.9 6,383 30.6
61 Wholesale trade 37,835 3.8 11,704 16.2
- Other industries 408,884 40.7 80,356 25.4
- All industries 1,005,016 100.0 222,967 22.5

Notes: Industries are ranked by employment using the two-digit ATECO 1981 classification; industry de-
scriptions are abbreviated. The sample comprises eligible employer-year observations in the seven Veneto
provinces during 1995-1999, with at least five employees and a valid industry code, matching the sample
used in Appendix Figure Al. Employer size counts distinct workers recorded at an employer during the
year. Average annual employment is the sum of these annual headcounts divided by five; employment
shares use the corresponding sum across all industries as the denominator. Workers employed at multi-
ple firms within a year can enter multiple employer headcounts. Employer-years count annual employer
observations; mean employer size is total headcount divided by employer-years. Figures are not full-time
equivalents or employment on a particular reference date. Other industries groups all industries outside
the top ten. Average annual employment is rounded to the nearest worker.
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Figure Al: Employer Size and Employment Concentration
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Notes: Panel A shows the distribution of annual employer headcounts, expressed as shares of all 222,967
employer-year observations. The sample includes active employers in the seven Veneto provinces in
1995-1999. Employer size counts distinct workers recorded during the year. Panel A displays sizes up to
100; the 2.7% of employer-years above 100 account for 33.1% of employment. Panel B includes all
employers and plots the cumulative employment share against the cumulative employer-year share,
ordered by size. The dashed diagonal represents equal employer sizes.
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Figure A2: Residence and Workplace Geography
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Notes: Veneto-resident worker-year observations in 1995-1999. Panel A shows municipality-level median
residence-to-workplace distances, weighted by the number of worker-years in each municipality. It is a
distribution of municipality medians. Panel B reports the share working outside their municipality of
residence, among observations with an identified workplace municipality. Panel C shows the 75 largest
inter-municipality flows; arrows point from residence to workplace and become thicker with the number
of worker-years. Boundaries are municipal and provincial boundaries. Panel D reports the
worker-year-weighted share with distance above 30 km. Distances are straight-line distances. The
province ordering is the same in panels B and D.
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Table A2: Sample Construction

Stage Rows  Workers
Raw contracts, 1990-2001 23,134,946 2,663,270
Reference employment records, 1995-2000 7,386,393 1,502,093
Annual primary jobs, 1995-2000 6,240,752 1,502,093
Strict E2E transitions, raw 617,417 -
Valid origin characteristics 546,138 -
Residence in Veneto 518,710 -
Eligible destination in both years 449,335 -
Training transitions, 1995-1999 358,412 -
Validation transitions, 2000 90,923 -
Worker-year panel with IV 4,143,521 1,134,186
Employed at f and t + 1 3,807,791 -
Change-on-change sample 2,944,142 -
Displaced worker-events, employer size > 20 28,338 -
Displaced worker-events, employer size > 10 45,018 -

Notes: Rows describe distinct samples rather than a single sequential funnel. Raw contracts are annual
employment records used in preparation. Reference employment records retain multiple jobs within a
worker-year; annual primary jobs select the highest weekly wage, breaking ties by tenure and then em-
ployer identifier. Strict employer-to-employer (E2E) transitions are employer changes between adjacent
calendar months, without intervening months of observed nonemployment. Valid origin characteristics
require an eligible origin firm-year and matching worker characteristics; usable worker coordinates and
residence in Veneto are then required. Eligible destinations must be present in the candidate-firm data
in both the origin and arrival years. The resulting transitions are split into training and validation sam-
ples by arrival year. These transition counts are separate from the annual primary-job counts above. The
worker-year panel with IV matches the estimated inclusive value to the worker’s annual primary employer
in 1995-1999. Employment at f and f + 1 requires an observed job in both years, including stayers and em-
ployer changers; the change-on-change sample additionally requires the index at both dates. The final two
rows count displaced worker-events before restrictions on index or outcome availability. They use mini-
mum pre-layoff employer sizes of 20 and 10, respectively, an employment decline of at least 50%, and a
screen requiring that the most common first post-layoff employer receive less than 30% of displaced work-
ers. They are not the matched event-study samples. The Workers column counts distinct individuals within
the indicated sample; dashes denote counts not reported.
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E Measurement and Model Diagnostics

E.1 Estimation of the Neural Destination-Choice Model

Estimation sample and destination pools. I use the 358,412 employer-to-employer
transitions with arrival years 1995-1999 described in Section 3. Transitions with arrival
year 2000 are reserved for predictive validation. Worker and origin-employer charac-
teristics refer to the origin year, while destination attributes refer to the arrival year.
Appendix Table A3 gives the complete input definitions and transformations. Standard-
ization moments are fitted on the 1995-1999 observations and then applied to validation
observations.

The empirical pool contains employers with at least five employees. Their two-digit
industry must either belong to the origin employer’s one-digit industry group or receive
observed transitions from the origin industry during 1990-1994. This industry restriction
defines the empirical pool before computational sampling. Sampling employers from
that pool during training is a separate operation; the 200 alternatives used in a training
observation do not define the set subsequently used for prediction and inclusive-value

scoring.

Prediction objective and sampled alternatives. Index observed transitions by #, let j,
denote the realized destination, and let v,;() denote the neural utility assigned to em-
ployer j. Without sampling and regularization, the negative conditional log-likelihood

over the empirical pools C, would be

Nir
Len(0) = Nitr M [log( Y. exp(vnj(e))> — vnjn(G)] : (24)

j€Cn

Evaluating every employer for every transition at each parameter update is computa-
tionally expensive. I therefore always include the realized destination and draw M = 199
alternative employers with replacement. The draw probability is proportional to destina-
tion employment plus ten. Conditional on drawing an employer other than the realized

destination, the proposal probability is
N i +10

2 (Nk,tﬁ + 10),
keCn\{jn}

j€Cu\{jn}, (25)

an(j) =
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where #4 is the arrival year and N 4 1 employer size. The positive offset gives smaller
employers positive sampling mass while directing more computation toward larger em-
ployers. Repeated draws of an employer remain separate sampled entries.

Sampling alternatives for logit estimation has a long history: McFadden (1978) estab-
lishes the conditional-likelihood approach with adjustments for the sampling protocol.
The neural implementation here uses an importance-adjusted sampled softmax, follow-
ing the computational approach of Bengio and Sénécal (2003). Sampled negative scores
are adjusted using their log proposal probabilities and the number of draws, while the
realized destination is always included. This accounts for the unequal frequency with
which employers enter the numerical sample. With finitely many draws, sampled soft-
max is an approximation to the full-softmax objective rather than an exact evaluation of
equation (24); see Blanc and Rendle (2018).

Let ju1,. .., jum denote the sampled alternatives. The adjusted scores are

On0(0) = vy, (0), Onc(0) = vyj,.(0) —log(Mqu(juc)), c¢=1,...,M. (26)

Applying softmax to these scores gives the sampled probability assigned to the realized

destination:
exp (v, (0))
1 M eXp(Unjnc (9))

exp(vy;, (0)) + M C:Zl Gn(jnc)

The realized destination enters the denominator exactly, while the remaining sum is ap-

Pno(6) = (27)

proximated by the average of the importance-weighted draws. The sampling adjustment
is used for training, not for the utility scores subsequently aggregated into the inclusive

value.

Training loss and optimization. Let p,c(0) = exp(uc(0))/ L)L, exp(7,4(0)) denote
the sampling-adjusted softmax probability for entry c, with ¢ = 0 denoting the realized
destination and ¢ = 1,..., M the sampled alternatives. To discourage excessively confi-
dent predictions, I use label smoothing: the training target assigns 99% of its weight to
the observed destination and distributes the remaining 1% uniformly across all 200 en-
tries in the sampled choice set. Writing y;l. for these training targets, with 7 = 0.01, the

cross-entropy contribution is

M
En(g) == Z ch log ﬁnc(g)- (28)
c=0
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Gradients are computed by backpropagation through both projection layers and the final
utility network, so all network parameters are updated jointly. I use Adam with a learning
rate of 103, weight decay of 104, batches of 128 transitions, and gradient-norm clipping
at one. Weight decay discourages large parameter values, while clipping limits unusually
large optimization steps. The architecture has rank twelve, two hidden layers of twenty
units with exponential linear unit activations, and a scalar output, giving 2,021 trainable

parameters.

Validation and selection of the fitted model. After each training epoch, I evaluate des-
tination rankings on a fixed sample of 500 year-2000 validation transitions. For these ob-
servations, the realized destination is ranked against the full empirical pool rather than
199 sampled employers; no training-sampling adjustment is applied to the predicted util-
ity scores. Recall@K is the fraction of observations for which the realized destination is
among the K highest-ranked employers. I retain the parameter values with the highest
Recall@10. Training allows at most fifty epochs and stops after eight epochs without im-
provement in this criterion. This validation rule selects the fitted parameters; it differs

from minimizing the training cross-entropy loss.
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E.2 Utility Approximation and the Inclusive Value

Fix a worker, current employer, and year, and a common nonempty finite destination set
Jit. Suppress the worker, origin-employer, and time subscripts, and/\write vj and 0; for
two vectors of destination utilities. Define I = log} ;exp(v;) and I = log}_;exp(;).
Then
T— 1| < max|5; — vj]. 29
T—1] < max 5, — o 29)

Proof. Letd = maX;e 7, |z’7] — v]-|. For every destination, vj — o< z’?] <vj+ 6. Exponenti-

ating and summing over the common destination set gives
e d Zevi < Zeﬁf <é Zevi,
j j j

Taking logarithms yields I — § < T < I + 8, which proves equation (29). U
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E.3 Estimation of the Benchmark Destination-Choice Models

The two benchmarks in Figure 3 use the same source transition files, annual covariate
definitions, and historical-industry destination-pool construction as the neural model.
Training observations have arrival years 1995-1999; year-2000 observations are used for
validation. The model-specific inputs and numerical training procedures are described

below.

Type-specific multinomial logit. Let c(i) denote the worker’s type, as defined in Sec-
tion 3. The benchmark assigns each type a coefficient vector on the nineteen destination
and five pair characteristics:

ot = Bl [ ! ] - (30)

Migjt

The conditional choice probabilities are the softmax of these utilities. Each type can there-
fore attach different weights to employer size, distance, industry, and the other inputs.
Individual characteristics enter through type membership and the worker-specific pair
characteristics; the forty-four worker/current-employer inputs do not enter the linear
score separately.

Each training observation contains the realized destination and 199 alternatives drawn
with replacement, with probabilities proportional to employer size plus ten. I use the
sampling correction in equation (26) and label smoothing of 0.01. Coefficients are ini-
tialized at zero and updated using AdamW, with learning rate 10-3, weight decay 1074,
batches of 256 transitions, and gradient-norm clipping at one. Alternative draws are re-
freshed on successive passes through the data.

XGBoost. The tree-based benchmark assigns a score s;sj; = g(zist, Xjt, mijr) using all
sixty-eight observed inputs. The function g is an additive ensemble of decision trees,
which can capture nonlinearities and interactions without the neural model’s bilinear
matching restriction. Scores are converted to probabilities by softmax within each transi-
tion’s candidate group.

I construct one sampled training dataset containing the realized destination and fifty
alternatives for each usable transition, using the same size-weighted sampling proposal.
This gives 358,196 transition groups and 18,267,996 worker—destination rows. The ob-

served destination receives target one and the sampled alternatives target zero. Trees are
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titted using a custom grouped-softmax cross-entropy loss,

¢XCB — —Snj, + 10g< ) exp(sn]')) , (31)

j€Dy

Here, D, denotes the sampled group; repeated draws remain separate entries. Scores
enter this grouped loss without a proposal-probability offset or label smoothing. The tree
benchmark is thus trained directly on the sampled prediction groups.

I use histogram-based tree construction with a maximum depth of eight and a learn-
ing rate of 0.05. The row and feature subsampling fractions are both 0.8. The minimum
child weight is ten and the leaf-weight penalty is one. Training allows up to 800 boosting
rounds, with early stopping after fifty rounds without improvement in grouped valida-

tion cross-entropy, evaluated on 50,000 sampled year-2000 transition groups.

Full-pool evaluation. For the comparison in Figure 3, I evaluate both fitted benchmarks
on the same 4,932 year-2000 transitions used for the neural-model comparison. Each
model scores eligible employers in the corresponding arrival-year pool, requiring des-
tination coordinates for construction of the geographic inputs.
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E.4 Alignment of Utility Scores Across Worker Folds

Cross-fitting produces five separately estimated networks. Their utility scores may differ
in their average level and in how widely they vary across employers. Before combin-
ing their predictions, I adjust each network’s scores to match a common reference: the
model estimated on the full training sample. The adjustment has two parts. Multiplica-
tion changes the spread of the scores; addition changes their average level.

To calculate these adjustments, I draw a sample of 10,000 worker—-employer—year ob-
servations from the reference model’s scoring panel. For each observation, I obtain utility
predictions from two models: the reference model and the network trained without that
worker’s group. Both models score the same employers for that observation. Let Sy be
the observations in this sample whose workers belong to group f. I use h = 0 to denote
the reference model and i1 = — f to denote the network trained without group f.

First, consider one observation r. For each of the two models, I calculate the average

utility across employers and the standard deviation around that average:

1/2
1
Hrh = |C’ | Z Uy Sth = [W 2(”’;]' - P‘rh)zl : (32)
jeCy 'l jec,
Here, v is model I’s predicted utility for employer 7, and C, is the employer pool scored
rj p y ployer j ployer p

for observation r. This calculation includes the current employer. The mean y,;, measures
the level of the scores, while s,;, measures how much they differ across employers for this
worker-year.

Next, I average these worker-year means and standard deviations within each group:

Hnfp = ’S | Z Hrhs Shf = |S | Z Srh-
T’ESf rESf
Thus, I first measure the spread across employers separately for each worker-year, then
average those spreads. I do not calculate a single standard deviation by pooling all work-
ers’ destination scores.

These averages determine one multiplier by and one shift a; for each group:

bp=g— & =Ho bty (33)

The multiplier makes the group’s average standard deviation equal to the reference

model’s. After this rescaling, the shift makes the average utility equal as well.
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Finally, I apply these two adjustments to the predictions used to construct the inclusive
value:

Tigjt = as(i) + by(iyvige (0. (34)

Every worker in group f receives the same multiplier and shift, for all years and all des-
tination employers. I then exclude the current employer and aggregate the adjusted utili-
ties into the inclusive value using the log-sum formula. The later standardization of I;; for
the wage and mobility regressions is a separate step, applied to the resulting worker-year

index.
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Table A3: Inputs to the Neural Destination-Choice Model

Input Construction No.

A. Destination-employer characteristics: x;; (19 inputs)

AKM firm wage effect Firm component from the worker—firm fixed-effect fit to log weekly 1
earnings residualized on year indicators and cubic age, using 1995-2000.
Missing effects are replaced by the training firm-year mean. Standardized.

Employer size log(1 + Nj;), where Nj; is the number of distinct workers recorded at the 1
employer during the year. Standardized.

Mean workforce tenure ~ Mean reconstructed tenure in years across the employer's annual panel 1
records. Standardized.

Employment growth log(Nj:/Nj;-1), requiring consecutive years. Winsorized at the training 1
1st and 99th percentiles; missing values replaced by the training median.
Standardized.

Industry indicators One-digit ATECO 81 categories 1-9, derived from the first digit of the 10
two-digit industry code, plus an unknown-category indicator.

Female employment Fraction of annual employer panel records classified as female; missing 1

share shares use the reconstructed panel share, then 0.5 if unavailable.

Growth-category Indicators for the bottom and top training growth terciles; the middle 2

indicators tercile is omitted. Cutoffs use nonmissing training firm-years. These are
relative growth categories.

Missing-value indicators ~ Separate indicators for unavailable employment growth and unavailable 2

AKM firm effects before imputation.

Continued on next page
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Table A3: Inputs to the Neural Destination-Choice Model (continued)

Input Construction No.
B. Worker and current-employer characteristics: z;o; (44 inputs)
Age and age squared Age in years, and its square, each standardized separately. Age is 2
reconstructed as calendar year minus birth year, with a lower bound of 16.
Current-employer tenure log(1 + tenure in years), with tenure equal to the current year minus the 1
first observed year at this employer, bounded below by zero.
Standardized.
Prior employment log(1 + recorded employed months) accumulated before January of the 1
experience first observed year at the current employer. Standardized; see history
timing below.
Current-employer Log real weekly earnings in the origin worker-employer year, 1
earnings® standardized. Annual earnings in 2003 prices are divided by paid weeks,
with the wage treatment described in Section 3.
Sex and nationality Female identifies women. Foreign nationality equals one for a reported 2
indicators nationality other than I (Italy). Blank fields are grouped with Italian
nationality because an unreported nationality is not evidence of foreign
nationality: the indicator measures recorded foreign nationality. Both
indicators are zero for unmatched demographic records.
Any recent Indicator for at least one month without recorded employment in the 24 1
nonemployment months before January of the first observed year at the current employer.
Recent nonemployment  log(1 + months without recorded employment) in the corresponding 1
duration preceding 60-month window. Standardized.
History-coverage Two indicators flag insufficient coverage before the start of the monthly 3
indicators dataset to reconstruct the 24- and 60-month histories. A third flags entry
at the current employer before any pre-entry history is observable in that
dataset. Unavailable earlier cumulative counts are set to zero; the
indicators identify this coverage limitation.
Qualification indicators ~ First-character indicators pool contract variants within broad 12
employment categories (e.g., 1FI and 1FD both enter category 1). Codes
1/6 denote blue-collar workers; 2, white-collar workers; 3/Q, managers;
5/R/W, apprentices; and O/Y, part-time blue-/white-collar workers.
Other pools remaining or missing prefixes; a separate indicator covers
categories absent from training. These describe employment status, not
detailed occupations.
Current-employer Origin-employer counterparts of the four standardized continuous inputs 18
attributes in panel A, female share, two growth-category indicators, growth-missing
indicator, and ten industry indicators, using the same transformations.
Every eligible employer has an AKM estimate in this sample, so an origin
AKM-missing indicator would be constant at zero. Unmatched
origin-feature entries are set to zero.
Own-type share at Share of employment records associated with the worker's cluster at the 1
current employer origin employer, constructed as described below; unavailable matches are
Zero.
Own-type employment  log(1 + 124 (;)), where n counts annual panel records of the worker's type. 1

at current employer

Unavailable matches are zero before standardization over training
worker—employer years.

Continued on next page
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Table A3: Inputs to the Neural Destination-Choice Model (continued)

Input Construction No.

C. Worker—destination characteristics: mjqj; (5 inputs)

Geographic distance log(1 + d;;), where d;; is great-circle distance in kilometres between 1
reconstructed worker and destination-employer coordinates. Worker
coordinates use residence municipality /postal matches. If residence
information is missing or cannot be matched to coordinates after name
repairs and municipality-code matching, I use the average coordinates of
the worker's geocoded workplaces, weighted by paid days across
employment records. Missing or nonpositive day weights are replaced by

one.
Same province Indicator that the origin employer and destination employer have the 1

same province code.
Historical industry log(1 + F 0),50) ), where F counts observed employer-to-employer 1
mobility transitions between the origin and destination two-digit ATECO 81

industries in 1990-1994. Unobserved industry pairs have count zero.
Own-type employment  log(1 + 1 .(;)), using the annual panel-record count for the worker's type 1
at destination at the destination. No additional standardization; unavailable

firm—year—type matches or unavailable worker types are assigned zero.
Own-type share at min{1, max{0, 1 .(;/ Nj:} }, with the numerator counting annual panel 1
destination records and the denominator distinct workers. Unavailable matches or

worker types are assigned zero.

Notes: The table covers all 68 scalar inputs of the deep neural network model: 19 destination inputs, 44
worker/current-employer inputs, and 5 pair inputs. Indicator and share inputs are not standardized.
“Standardized” means subtracting the 1995-1999 training mean and dividing by its sample standard deviation:
firm features use eligible firm-years; personal features and origin own-type employment use eligible
worker—employer years. Origin counterparts retain the firm-feature scaling. Pair inputs receive only the
transformations shown.

For training transitions, worker and current-employer attributes refer to the origin year and destination
attributes to the arrival year; annual inclusive-value scoring evaluates destination attributes in the year being
scored. The employment-history inputs are anchored before January of the first observed year at the employer
and remain fixed within that worker-employer spell, rather than being rolling histories. Months without
recorded employment indicate absence from covered employment, not registered unemployment.

Type composition uses the clustering described in Section 3. The code counts panel records by employer, year,
and type, whereas total firm size counts distinct workers; shares are bounded to [0, 1]. The current-employer
share uses the same construction as the destination share. Worker type is a lookup key for these composition
measures, not a separate input indicator. Province indicators constructed upstream are excluded from this
specification.

@ In unreported specifications, I exclude workers” own earnings from the construction of the inclusive value to
avoid potential leakage into wage regressions. The wage-regression results remain qualitatively unchanged.
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Figure A3: Destination-Choice Prediction by Worker Type
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Notes: Recall at K is the share of validation transitions whose realized destination appears among the K
highest-ranked outside employers. The curves reproduce the saved worker-type diagnostic for the neural
destination model, based on 4,932 transitions arriving in 2000. For each worker type, the plotted values are
unweighted averages of recall across the seven origin-province cells; they therefore use a different
aggregation from the pooled recall in Figure 3. Types are the eight clusters described in Section 3. Markers
show the observed cutoffs K = 1, 5, 10, 50; the horizontal axis is logarithmic.
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Figure A4: Effective Number of Alternative Employers
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Notes: For each worker-year, the effective number of employers is Nl-etff = [Zje T Pi%jt|Leave] , using

predicted destination probabilities and excluding the current employer. It equals N when N employers
each receive probability 1/N. The figure uses the original diagnostic sample of 800 worker-years and the
full-training reference network. Panel A plots the empirical cumulative distribution on a logarithmic
horizontal axis, retaining the complete right tail. The median is 6.0 and 62.8% of observations have an
effective number no greater than ten. Panel B shows arithmetic means by province of residence. Province
means are means of individual inverse concentration indices, rather than inverses of average
concentration.
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Figure A5: Outside Options and Nearby Employers

(A) (B) ©
031 Slope = 0.182 3 031 Slope = 0.200 031 Slope = 0.090
a []
&£
E 0.0 - L3
g )
o f
2 -0.3 1
3 i
o
S|
—0.6 1
4 5 6 7 8 4 6 8 2 4 6
All employers, 10 km Employing same type, 10 km Hiring same type, 10 km
log(1 + count) log(1 + count) log(1 + count)
(D) (E) (F)
031 Slope = 0.203 0.3 Slope = 0.229 0.3 - Slope = 0.041
a { ‘ﬁ
L [} it
]
E % 00 Ea 7
> ¥ t 3
: tyt
5 -031
=
o
=
0.6 1
6 7 8 9 6 7 8 9 4 5 6 7 8
All employers, 25 km Employing same type, 25 km Hiring same type, 25 km

log(1 + count)

log(1 + count)

log(1 + count)

Notes: The sample contains 75,000 worker-year observations from the saved cross-fitted diagnostic. The
inclusive value is standardized using the mean and population standard deviation of this diagnostic
sample. Horizontal axes measure log one plus the number of employers within 10 km (panels A-C) or 25
km (D-F) of residence. Panels A and D count all employers; B and E count employers with at least one
employee of the worker's type; C and F count employers with at least one observed direct transition hiring
that type in the corresponding year. Counts include the incumbent when it meets these conditions. Green
points are means within up to 30 quantile bins; capped vertical bars show 95% confidence intervals,
calculated as the bin mean plus or minus 1.96 times its standard error. Dark lines are the original
full-sample linear fits, with their slopes reported in each panel. All panels use the same vertical scale.

These are descriptive relationships.
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Figure A6: Who Has Good Outside Options?
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Notes: Coefficients from regressions of the standardized cross-fitted inclusive value on worker, current-
employer, and local-market characteristics. Grey squares include one characteristic at a time; green circles
include all displayed characteristics jointly. Every specification includes year fixed effects. Continuous
characteristics are standardized, so coefficients correspond to a one standard deviation difference; indica-
tors enter in their original units. Whiskers show 95% confidence intervals, with standard errors clustered
by current employer. Local-market measures count employers within 10 km of residence and the share em-
ploying workers of the individual’s type. The sample contains 4,124,450 worker-years, 1,128,941 workers,
and 63,314 employers during 1995-1999. The joint specification has R? = 0.33.
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Figure A7: Outside Options and Employer Transitions
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Notes: Workers changing employers are grouped into deciles of their cross-fitted inclusive value; decile 1
has the lowest values. The sample contains 95,444 switches for which the intervening monthly employment
history can be reconstructed. Panel A reports the shares moving directly to another employer or experienc-
ing intervening months without covered employment. Panel B reports average months without covered
employment before the next employer, including direct switches as zeros and separately conditioning on
intervening nonemployment. Panel C reports the median distance from the worker’s residence to the next
employer, for all switches and separately by transition path.
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F Displacement Validation
FE1 Construction of the Matched Displacement Sample

I identify mass layoffs from changes in employers” annual employment, measured by the number
of workers for whom the firm is their primary employer. A candidate event occurs when a firm
located in Veneto employs at least ten workers in year T and its employment falls by at least 50%
between T and T + 1. Workers employed at the firm in T are classified as displaced if it is no longer
their primary employer in T + 1, including when they have no recorded employment. Event year
T therefore denotes the year preceding the observed employment contraction.

To distinguish displacement from changes in firm identifiers or collective transfers, I examine
where departing workers subsequently find employment. Using the monthly histories, I identify
each worker’s first observed employer after their last month at the origin firm in year T. I ex-
clude an event if at least 30% of its displaced workers subsequently appear at the same employer,
including returns to the origin firm. The denominator includes all displaced workers, whether
or not subsequent employment is observed. This screen reduces 6,683 candidate events to 2,127
events, involving 45,018 displaced worker-events over 1995-1999. An inclusive value is available
for 38,958 of these worker-events.

For the matched event study, I retain each worker’s earliest displacement with an observed
inclusive value and restrict event years to 1996-1998. This leaves 23,955 workers. I require non-
missing matching characteristics in T — 1 and observed employment in both T —2 and T — 1,
leaving 12,405 eligible displaced workers. The comparison pool comprises workers who remain
with the same employerin T —1, T, and T + 1, are observed in the annual reference panel through-
out T —2to T + 2, and are not identified as displaced in the relevant year. These restrictions yield
1,103,705 eligible comparison worker-years.

I match each displaced worker to one comparison worker in the same event year, worker
type, gender and administrative qualification category. Within these groups, matching selects the
nearest neighbour in age, tenure, log weekly wages and the employer’s AKM wage effect, all
measured in T — 1. Each continuous variable is divided by its standard deviation in the pooled
eligible displaced and comparison samples. A match is retained when the Euclidean distance
between these standardized characteristics does not exceed 0.4. Matching permits replacement,
so a comparison worker can be matched to more than one displaced worker.

The resulting sample contains 11,595 matched pairs, covering 93.5% of eligible displaced work-
ers and using 10,218 distinct comparison worker-years. The final displacement cohorts are 1997
and 1998, with 6,700 and 4,895 displaced workers respectively, drawn from 856 employers. I di-
vide displaced workers according to whether their inclusive value in T lies above or below the
median among the 23,955 candidates, before imposing the matching restrictions. The matched
sample contains 5,982 workers above the median and 5,613 below it; each comparison worker is
assigned to the group of their matched displaced worker.

I follow both members of each pair from T — 3 through T + 3, producing 162,330 pair-member-
year observations. Displaced workers are retained regardless of subsequent employment. Years
without recorded employment contribute zero earnings and days worked, while wage and
employer-characteristic outcomes use observations for which those measures are available.
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Figure A8: Nonemployment and Re-employment After Displacement
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Notes: The figure uses the original descriptive displacement sample of 23,769 observations dated
1996-1999. This sample is distinct from the matched event-study sample. Panel A distinguishes observed
re-employment from the end of follow-up without observed re-employment. Durations are grouped into
one-month bins; the final bin pools observed durations of 36 months or more. Direct transitions appear in
the first bin. Both components use all displacement observations as the denominator. Panel B reports the
unadjusted cumulative share observed re-employed within each number of months, also using all
displacement observations as the denominator. It does not adjust for right-censoring. Nonemployment
denotes absence from covered employment, rather than registered unemployment. Kaplan-Meier
estimates by pre-displacement outside options are shown separately in Figure A9.
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Figure A9: Re-employment After Mass Layoffs by Pre-Displacement Outside Options
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Notes: Kaplan-Meier estimates of the share of displaced workers not yet observed in re-employment, split
at the median pre-displacement inclusive value in the full displacement sample. The sample comprises
38,958 worker-events from 2,119 mass-layoff events at employers with at least ten employees over 1995-
1999, before the restrictions defining the matched event-study sample. Each group contains 19,479 worker-
events. Duration is measured from the last month at the origin employer to the first subsequent observed
employment spell; workers without observed re-employment are right-censored at the end of their obser-
vation window. Shaded bands show pointwise 95% confidence intervals. Curves are displayed through 60
months.
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G Mobility, Wages, and Heterogeneity

Table A4: Outside Options and Mobility: Linear Probability Models

@ 2
Employer Broad
change leaving
Inclusive value (std.) 0.0098*** 0.0082***
(0.0004) (0.0005)
Current log weekly wage 0.1505*** 0.1642***
(0.0014) (0.0014)
Age squared (std.) -0.1366*** 0.4257***
(0.0048) (0.0057)
Log tenure (std.) 0.0708*** 0.1117***
(0.0008) (0.0008)
Log prior employment experience (std.) -0.0802*** -0.0491***
(0.0011) (0.0011)
Worker FE Yes Yes
Employer FE Yes Yes
Year FE Yes Yes
Eligible observations 3,807,791 4,143,521
Estimation observations 3,639,030 3,968,053
Workers 878,884 961,225
Employers 58,126 59,344
Outcome mean (estimation sample) 0.136 0.192

Notes: Linear probability models estimated by OLS. An employer change equals one when annual primary
employers differ between t and t + 1, conditional on observed employment in both years. Broad leaving
also includes no recorded employment in t 4- 1. Years are 1995-1999. The inclusive value is cross-fitted and
standardized over the annual worker-year panel. The coefficient on the inclusive value is the probability
change associated with a one standard deviation increase in the index. Age squared, log tenure and log
prior employment experience use the stored standardized covariates. Worker, employer and year fixed
effects are included. Standard errors in parentheses are heteroskedasticity-robust. Only recursive
singleton removal reduces the eligible sample; observations with perfectly predicted binary outcomes are
retained. The samples therefore differ from the logit samples in Table 3. *p < 0.10, **p < 0.05, ***p < 0.01.
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Figure A10: Variation in Outside Options Within and Between Workers
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Notes: The figure uses the cross-fitted inclusive value in its original units during 1995-1999. Multiple ob-
servations for a worker in the same year are averaged. Panel A shows the distribution of within-worker
standard deviations among the 558,258 workers observed in all five years: each is the sample standard
deviation of one worker’s five annual inclusive values. The histogram ends at the 99.5th percentile. The
dashed line marks the median within-worker standard deviation (0.97), approximately 35% of the pooled
standard deviation of the inclusive value across all worker-years in the full panel (2.78, dotted line). Panel
B reports the variance of worker-specific mean inclusive values and the mean squared deviation from those
means, for the full and balanced panels. The first gives equal weight to workers, while the second gives
equal weight to worker-years; the components need not sum to the pooled variance in the unbalanced
panel. Panel C reports Pearson correlations across years among balanced-panel workers. The full panel
contains 4,182,765 worker-years and 1,139,984 workers.
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Figure A11: Outside Options and Wages Net of AKM Fixed Effects
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Notes: Both log real weekly wages and the standardized, cross-fitted inclusive value are first residualized
on worker, employer and year fixed effects, using the same 3,968,053 worker-year observations from 1995
1999. Points report mean residual wages against the mean residual inclusive value in 25 equally sized bins
of the latter variable. Vertical bars equal the bin mean plus or minus 1.96 times its within-bin standard
error, calculated as the standard deviation of residual wages divided by the square root of the number
of observations in the bin. The solid line uses the linear regression slope estimated on the full, unbinned
sample (0.0175), corresponding to column (3) of Table 4.
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Table A5: Wages and Mobility by Gender

ey 2 ©) (4)
Log weekly Employer change Wage Mobility
Subsample wages (LPM) observations observations
Pooled 0.0133*** 0.0116*** 3,968,053 3,639,030
(0.0010) (0.0028)
Men 0.0192*** 0.0153*** 2,427,855 2,233,121
(0.0013) (0.0044)
Women 0.0055*** 0.0094*** 1,534,330 1,400,226
(0.0010) (0.0020)

Notes: Columns (1) and (2) report the coefficient on the standardized inclusive value from separate OLS
regressions within each subsample. The wage outcome is log real weekly wages in ¢; mobility is an annual
employer change between ¢ and ¢ 4 1, conditional on employment in both years, estimated as a linear
probability model. Both regressions include worker, employer and year fixed effects and worker
covariates; the mobility regressions in these tables do not include current wages. Worker controls are age,
age squared, gender, non-Italian nationality, log tenure and log prior employment experience; controls
absorbed by fixed effects are omitted. The inclusive value is cross-fitted and standardized over the annual
worker-year panel. Regressions are estimated separately for men and women; the gender indicator is
omitted. The pooled row uses the full sample, including observations outside any displayed subgroup.
Columns (3) and (4) report estimation observations for the respective outcomes. Standard errors in
parentheses are clustered by the origin employer. *p < 0.10, **p < 0.05, ***p < 0.01.
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Table A6: Wages and Mobility by Age

ey 2 ®) (4)
Log weekly Employer change Wage Mobility
Subsample wages (LPM) observations observations
Pooled 0.0133*** 0.0116*** 3,968,053 3,639,030
(0.0010) (0.0028)
Younger 0.0180*** 0.0095*** 1,286,631 1,179,496
(0.0010) (0.0018)
Middle 0.0095*** 0.0155%** 1,283,818 1,193,116
(0.0012) (0.0031)
Older 0.0096*** 0.0157*** 1,256,105 1,134,488
(0.0015) (0.0046)

Notes: Columns (1) and (2) report the coefficient on the standardized inclusive value from separate OLS
regressions within each subsample. The wage outcome is log real weekly wages in ¢; mobility is an annual
employer change between t and ¢ + 1, conditional on employment in both years, estimated as a linear
probability model. Both regressions include worker, employer and year fixed effects and worker
covariates; the mobility regressions in these tables do not include current wages. Worker controls are age,
age squared, gender, non-Italian nationality, log tenure and log prior employment experience; controls
absorbed by fixed effects are omitted. The inclusive value is cross-fitted and standardized over the annual
worker-year panel. Age groups are terciles of standardized age in the annual panel. The pooled row uses
the full sample, including observations outside any displayed subgroup. Columns (3) and (4) report
estimation observations for the respective outcomes. Standard errors in parentheses are clustered by the
origin employer. *p < 0.10, **p < 0.05, ***p < 0.01.
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Table A7: Wages and Mobility by Employer Tenure

1) 2 (©) (4)
Log weekly Employer change Wage Mobility

Subsample wages (LPM) observations observations

Pooled 0.0133*** 0.0116*** 3,968,053 3,639,030
(0.0010) (0.0028)

< 2 years 0.0245*** 0.0058 876,319 769,133
(0.0018) (0.0038)

2—4 years 0.0094*** 0.0138*** 879,231 813,299
(0.0014) (0.0046)

5 or more years 0.0075*** 0.0155*** 1,719,685 1,603,622
(0.0015) (0.0048)

Notes: Columns (1) and (2) report the coefficient on the standardized inclusive value from separate OLS
regressions within each subsample. The wage outcome is log real weekly wages in ¢; mobility is an annual
employer change between t and ¢ + 1, conditional on employment in both years, estimated as a linear
probability model. Both regressions include worker, employer and year fixed effects and worker
covariates; the mobility regressions in these tables do not include current wages. Worker controls are age,
age squared, gender, non-Italian nationality, log tenure and log prior employment experience; controls
absorbed by fixed effects are omitted. The inclusive value is cross-fitted and standardized over the annual
worker-year panel. Groups are defined by tenure at the current employer. The pooled row uses the full
sample, including observations outside any displayed subgroup. Columns (3) and (4) report estimation
observations for the respective outcomes. Standard errors in parentheses are clustered by the origin
employer. *p < 0.10, **p < 0.05, ***p < 0.01.
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Table A8: Wages and Mobility by Employment Grade

) @ ) 4)
Log weekly Employer change Wage Mobility

Subsample wages (LPM) observations observations

Pooled 0.0133*** 0.0116*** 3,968,053 3,639,030
(0.0010) (0.0028)

Blue-collar 0.0089*** 0.0115*** 2,516,488 2,302,576
(0.0012) (0.0032)

White-collar 0.0067*** 0.0179*** 953,714 893,595
(0.0020) (0.0046)

Apprentice 0.0106*** 0.0107* 102,614 91,279
(0.0026) (0.0058)

Other 0.0057** 0.0271*** 226,265 201,741
(0.0022) (0.0047)

Notes: Columns (1) and (2) report the coefficient on the standardized inclusive value from separate OLS
regressions within each subsample. The wage outcome is log real weekly wages in t; mobility is an annual
employer change between t and ¢ + 1, conditional on employment in both years, estimated as a linear
probability model. Both regressions include worker, employer and year fixed effects and worker
covariates; the mobility regressions in these tables do not include current wages. Worker controls are age,
age squared, gender, non-Italian nationality, log tenure and log prior employment experience; controls
absorbed by fixed effects are omitted. The inclusive value is cross-fitted and standardized over the annual
worker-year panel. Groups use administrative qualification codes: 1 (blue-collar), 2 (white-collar), 5
(apprentice), and all other codes. These are employment grades, not occupations. The pooled row uses the
full sample, including observations outside any displayed subgroup. Columns (3) and (4) report
estimation observations for the respective outcomes. Standard errors in parentheses are clustered by the
origin employer. *p < 0.10, **p < 0.05, ***p < 0.01.
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Table A9: Wages and Mobility by Collective Agreement

) ) 3) 4)
Log weekly Employer change Wage Mobility

Subsample wages (LPM) observations observations

Pooled 0.0133*** 0.0116*** 3,968,053 3,639,030
(0.0010) (0.0028)

Metalworking 0.0107*** 0.0025 723,442 678,350
(0.0017) (0.0070)

Commerce / Services 0.0110*** 0.0204* 414,966 384,157
(0.0024) (0.0104)

Textile / Clothing 0.0020 0.0114*** 302,205 277,406
(0.0016) (0.0043)

Wood / Furniture 0.0118*** 0.0134*** 165,843 154,920
(0.0019) (0.0038)

Construction 0.0263*** 0.0240*** 118,433 105,532
(0.0023) (0.0049)

Footwear 0.0046 0.0221 51,610 47,925
(0.0032) (0.0189)

Other 0.0125*** 0.0178*** 1,997,589 1,819,848
(0.0018) (0.0047)

Notes: Columns (1) and (2) report the coefficient on the standardized inclusive value from separate OLS
regressions within each subsample. The wage outcome is log real weekly wages in t; mobility is an annual
employer change between t and t + 1, conditional on employment in both years, estimated as a linear
probability model. Both regressions include worker, employer and year fixed effects and worker
covariates; the mobility regressions in these tables do not include current wages. Worker controls are age,
age squared, gender, non-Italian nationality, log tenure and log prior employment experience; controls
absorbed by fixed effects are omitted. The inclusive value is cross-fitted and standardized over the annual
worker-year panel. Collective agreement groups use the administrative contract code of the
worker-employer-year record with the most reported months: metalworking (113, 116),
commerce/services (042, 051), textile/clothing (003, 001), wood /furniture (100, 101), construction (068,
071), footwear (026), and other codes. Unmatched contract records are excluded from subgroup
regressions. The pooled row uses the full sample, including observations outside any displayed subgroup.
Columns (3) and (4) report estimation observations for the respective outcomes. Standard errors in
parentheses are clustered by the origin employer. *p < 0.10, **p < 0.05, ***p < 0.01.
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Table A10: Wages and Mobility by Employer Growth

) @ ®) )
Log weekly Employer change Wage Mobility

Subsample wages (LPM) observations observations

Pooled 0.0133*** 0.0116*** 3,968,053 3,639,030
(0.0010) (0.0028)

Shrinking 0.0125*** 0.0158** 674,629 611,493
(0.0030) (0.0076)

Stable 0.0137*** 0.0107* 1,528,909 1,419,380
(0.0016) (0.0060)

Growing 0.0251*** 0.0016 798,603 725,196
(0.0034) (0.0042)

Notes: Columns (1) and (2) report the coefficient on the standardized inclusive value from separate OLS
regressions within each subsample. The wage outcome is log real weekly wages in ¢; mobility is an annual
employer change between t and t + 1, conditional on employment in both years, estimated as a linear
probability model. Both regressions include worker, employer and year fixed effects and worker
covariates; the mobility regressions in these tables do not include current wages. Worker controls are age,
age squared, gender, non-Italian nationality, log tenure and log prior employment experience; controls
absorbed by fixed effects are omitted. The inclusive value is cross-fitted and standardized over the annual
worker-year panel. Groups use standardized employer employment growth: shrinking below —0.3, stable
between —0.3 and 0.3, and growing above 0.3. These cutoffs are in standard deviation units, not
percentage growth rates. The pooled row uses the full sample, including observations outside any
displayed subgroup. Columns (3) and (4) report estimation observations for the respective outcomes.
Standard errors in parentheses are clustered by the origin employer. *p < 0.10, **p < 0.05, ***p < 0.01.
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H Opening-Based Instruments

Table A11: Firm Openings and Employment, 1995-1999

All

Year  openings At least 50 employees At least 100 employees At least 200 employees

Openings Employment Openings Employment Openings Employment
1995 12,653 70 8,463 27 5,483 5 2,624
1996 12,102 59 13,191 29 11,054 16 9,244
1997 11,365 73 10,887 29 8,030 13 5914
1998 12,667 81 12,104 34 8,940 14 6,144
1999 14,170 110 18,012 51 14,029 21 10,005
Total 62,957 393 62,657 170 47,536 69 33,931

Notes: An opening is a firm active in a given year but inactive in the preceding year; activity in 1994 is
used to classify openings in 1995. Employment is measured as the number of distinct workers observed at
each firm during its opening year. The all-openings column counts opening events regardless of firm size.
For each size threshold, the table reports the number of qualifying opening events and the sum of
employment at these firms. Thresholds are nested. The total row sums the annual figures over 1995-1999,
the estimation period for the opening-based instruments.
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I Portugal: Data and Empirical Specifications

I.1 Worker Panel and Estimation Sample

The Portuguese analysis combines the October employment records in Quadros de Pes-
soal (QP) with annual firm accounts from the Sistema de Contas Integradas das Empresas
(SCIE). I use QP records from 2010 onward to construct worker histories and employer
characteristics; the wage and rent-sharing analyses cover 2013-2019. I retain salaried em-
ployees working under an employment contract (employment-status code 3, trabalhadores
por conta de outrem), with a valid worker identifier. When a worker has several October
jobs, the primary job is the one with the highest total monthly earnings, breaking ties
by normal monthly hours and then employer identifier. Monthly earnings include base
pay, regular bonuses and allowances, and overtime remuneration. Monetary variables
are expressed in nominal euros; the regressions include year fixed effects.

An employer transition is a change in primary employer between consecutive Oc-
tober observations. This annual definition does not distinguish a direct employer-to-
employer move from one involving an intervening period without recorded employ-
ment. Destination-choice estimation uses transitions with arrival years 2014-2018, while
transitions arriving in 2019 are reserved for predictive evaluation. Historical region-to-
region and industry-to-industry flows are calculated separately from transitions arriving
in 2011-2013.

Eligible destination firms have at least five employees and a valid two-digit industry
division in the Portuguese Classification of Economic Activities, Revision 3 (CAE Rev.3).
Within this classification, three-digit groups and four-digit classes identify progressively
more detailed industries. For an observed transition to enter estimation, its origin must
belong to the eligible employer pool in the origin year, and its realized destination must
be eligible in both the origin and arrival years. I also require the worker and employer
characteristics needed to construct the model inputs, including the origin establishment’s
region. These restrictions yield 853,643 training transitions and 240,827 validation transi-
tions before imposing the coverage requirements of the latent-distance measure described
below. The final supported samples contain 809,390 training transitions and 213,545 vali-
dation transitions.

The available geography identifies NUTS II regions—the second level of the Euro-
pean Nomenclature of Territorial Units for Statistics—rather than municipalities or pre-
cise workplace coordinates. The worker’s location in the destination-choice model is that
of the origin establishment. Employer location is the region containing the largest share
of its establishments” employment, with the firm-level region used when establishment
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information is unavailable. I therefore use a same-region indicator and historical regional
flows, together with a distance estimated from the mobility network, to describe proxim-
ity between employers.

For each worker-year, I count changes in primary employer and years without an ob-
served primary job in the five-year window ending in that year. This window is truncated
at 2010, the beginning of the available histories, and a separate indicator records this trun-
cation. Years without a recorded primary job measure absence from covered employment,
rather than registered unemployment.

I.2 Inputs and Neural Utility Specification

The destination-choice model retains the multinomial-logit structure and bilinear match-
ing architecture of Section 5, with inputs adapted to the information available in QP. To
describe evaluation of alternative employers for a worker-year, let z;;; collect worker and
origin-employer characteristics, x;; destination-employer characteristics, and m;j; dyadic
characteristics. The input groups are as follows.

Worker characteristics. The worker vector has 42 entries: age, age squared, log one plus
tenure, the number of employer changes and years absent from the five-year history; in-
dicators for gender, foreign nationality, fixed-term contracts, other contract categories,
part-time work, missing age, tenure or contract information, and a truncated history; and
indicators for education, one-digit occupation, and administrative qualification. These
three classifications measure different dimensions: education records schooling, occupa-
tion describes the work performed, and qualification records the administrative employ-
ment grade.’

The education indicators distinguish schooling below primary education (code 1); ba-
sic education, comprising the four-, six-, and nine-year cycles (2); upper-secondary educa-
tion (3); post-secondary non-tertiary education (4); the undergraduate degree categories
bacharelato (5) and licenciatura (6); master’s degrees (7); and doctorates (8).

Occupation indicators use the major, one-digit groups of the Portuguese Classifica-
tion of Occupations (CPP 2010): managers and senior officials (code 1); professionals (2);
technicians and associate professionals (3); clerical support workers (4); service and sales
workers (5); skilled agricultural, forestry, and fishery workers (6); craft and related trades

workers (7); plant and machine operators and assemblers (8); and elementary occupations

2Category labels follow the GEP’s Relatério Unico 2019 code tables, especially Tables 14-16 and 21.
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(9). The two-digit occupation groups used in the dyadic inputs subdivide these categories
into more specific fields of work.

Qualification indicators distinguish senior staff (code 1); intermediate staff (2); su-
pervisors, foremen, and team leaders (3); highly skilled workers (4); skilled workers (5);
semi-skilled workers (6); unskilled workers (7); and trainees and apprentices (8). These
are reported employment grades, not educational qualifications. Each of the three sets of
indicators also has a residual category for missing values or values outside its retained
codes.

Employer characteristics. Both origin and destination employers are described by the
same 29 variables. Six continuous inputs measure log employment, employment growth,
mean worker tenure, mean worker age, log one plus firm age, and log number of estab-
lishments. Employer size uses reported October employment, falling back to annual aver-
age employment when necessary. Further inputs record growing and shrinking employ-
ment, missing growth and firm-age information, workforce shares by gender, fixed-term
and part-time status, education and occupation, foreign ownership, and broad industry.
Growth is the change in log employment, clipped to [—2,2]; the growing and shrink-
ing indicators use thresholds of 0.02 and —0.02. The education-composition variable is
the share with higher education—bacharelato, licenciatura, master’s degree, or doctorate
(education codes 5-8). The occupation-composition variable is the share in managerial,
professional, or technical occupations (major occupation groups 1-3). Broad industry is
represented by twelve groups and an unknown category. Adding the 29 origin-employer
inputs to the 42 worker inputs gives z;;; € R”71, while Xjt € R%.

Dyadic characteristics. The eleven dyadic inputs comprise a same-region indicator at
the NUTS II level; log one plus historical flows between the origin and destination re-
gions, two-digit industries, and three-digit industries; the log number and share of des-
tination workers sharing the worker’s one-digit occupation; the corresponding number
and share for two-digit occupation; the destination share with the same education group;
latent mobility distance; and an indicator for an imputed origin coordinate. Education
is grouped into basic education or less (codes 1-2), upper-secondary or post-secondary
non-tertiary education (3—4), and higher education (5-8), with a separate residual group.
Numeric age, tenure and history inputs, the six continuous firm inputs, log flows, log
matched-worker counts, and log latent distance are standardized using fitted training
transformations. Shares and indicators enter in levels. These transformations are held

tixed for validation and scoring. There are no earnings or estimated employer wage ef-
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fects among the Portuguese model inputs, and no clustered worker-type inputs: observed
occupation and education provide the compatibility measures.

Writing b = [xj,, mj, ; . € R¥, the matching representation is
hioip = (Azzigr + az) © (Apbigje + ap) € R, (35)

where © denotes element-wise multiplication. The predicted utility is
it = fo [y, mlp, Hiyit)! (36)
iljt o\ LAt higjer gl ) -

Thus, the final network receives 64 inputs: 29 destination features, eleven dyadic features,
and 24 matching features. It has two hidden layers of twenty units with exponential linear
unit activations and a scalar output. Including the two projections, the specification has
4,453 estimated parameters. Worker and origin characteristics enter through the matching

representation; destination and dyadic inputs also enter the final network directly.

1.3 Latent Mobility Distance and Destination Pools

To capture proximity beyond the coarse regional identifiers, I estimate a latent-space
model of firm-to-firm mobility. Let My, denote the number of observed transitions from
firm f to firm g in the 2014-2018 training-arrival sample. The model is

M, ~ Poisson(ifg), logpre =c+ar+ g+ q}gé —|lrf—rella, rf€ RS, (37)

Here, 7f is the eight-dimensional latent position of firm f. I estimate all firm positions
{rf}s jointly with the sending and receiving effects {af,7f}, the intercept c, and the
coefficients § by maximizing a penalized Poisson log-likelihood.

Origin and destination effects account for differences in sending and receiving flows.
The vector gy, includes indicators for the same broad and two-digit industry, together
with absolute differences in log size, mean tenure, mean age, female share, education
and occupation composition, and foreign ownership. These firm characteristics are sum-
marized over the training-arrival years. The distance is symmetric, while the origin and
destination effects allow flows to be directed. It summarizes proximity in observed mo-
bility, rather than physical distance.

I retain firms with at least three incident training transitions and restrict estimation to
the largest weakly connected component. The model using all training transitions con-
tains 59,166 firms. The penalized Poisson objective includes every positive-flow dyad
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and a weighted sample of zero-flow dyads. Each epoch draws two zero-flow dyads per
positive dyad; their contributions are weighted by the ratio of all zero-flow dyads to sam-
pled zero-flow dyads. The distance coefficient is fixed at minus one. Coordinates are
centered in each dimension and rescaled to a global standard deviation of one after each
optimization step. Estimation uses Adam for eighty epochs, with learning rate 0.03 and
quadratic penalties of 10~ on coordinates, 107 on origin and destination effects, and
10> on covariate coefficients.

For training observations, the distance is estimated after excluding the worker’s group
from a five-way partition of workers. A separate model using all training transitions sup-
plies distances for the 2019 predictive evaluation. When an origin firm has no estimated
coordinate, I assign it the mean coordinate of supported firms in the same region and
two-digit industry. If that cell is unavailable, I successively use region by broad indus-
try, two-digit industry, region, and the overall mean. The model receives an indicator for
this imputation. Destination firms must have estimated coordinates; their coordinates are
not imputed. The distance input is standardized log one plus Euclidean distance, with
standardization moments fitted on sampled training alternatives.

Before sampling alternatives for estimation, I restrict the annual eligible employer pool
to industries in the same broad CAE Rev.3 section as the origin (identified by a letter, such
as section C for manufacturing), or two-digit industries receiving observed flows from
the origin industry in 2011-2013. I then retain destinations covered by the relevant latent-
space model. These restrictions define the empirical destination pool. In particular, the
number of sampled alternatives used to train the neural network does not determine the

pool over which I construct the inclusive value.

I.4 Training, Cross-Fitting, and Predictive Evaluation

For each training transition, I include the realized employer and sample 199 alternatives
with replacement. Approximately half are drawn from the full empirical pool and half
from employers in the origin region; when that regional pool is too small, all draws use
the full pool. Within each component, sampling weights are proportional to employment
plus ten. Draws equal to the realized employer are resampled from the full pool. Let g, (j)
denote the mixture probability before excluding the realized employer j,. The implemen-

tation leaves its score unchanged and subtracts
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from sampled alternative scores. This is the sampling adjustment used in the neural loss;
it is not applied to utilities when scoring the inclusive value. The importance-adjusted
sampled-softmax objective and its relation to sampling alternatives are discussed in Ap-
pendix E.1.

Training uses the same 1% label smoothing described there, Adam with learning rate
10~3 and weight decay 10~*, batches of 128 transitions, and gradient-norm clipping at
one. I allow up to sixty epochs, stop after ten epochs without an improvement, and retain
the network with the lowest unsmoothed, sampling-adjusted negative log-likelihood on
the early-stopping sample.

To construct worker-year outside options, I estimate five networks, each excluding
one group of workers from parameter fitting. A sample of up to 20,000 transitions from
that omitted group is used for early stopping. This neural-model partition is distinct
from the five-way partition used to estimate latent distance. Before aggregation, I align
each network’s utility scores to those of a reference model fitted on the training sample.
The reference reserves a worker-based tenth of the sample for early stopping. Alignment
follows the mean-and-dispersion procedure in Appendix E.4, using 9,000 worker-year
observations from 2016-2018. In particular, for fold f, by = 50¢/5_ ¢ and ay = figr —
befi 5,5, and Lapply ar + bfﬁ(_f) before taking the log sum.

For each worker-year t, I evaluate the fitted utility function over the eligible employer
pool Pi(fh(i)) associated with the worker’s latent-distance fold, after the industry and

coordinate-coverage restrictions and exclusion of the incumbent. The index is

Iiy=log| Y. exp{af(i) + bf(i)ﬁgz;[(i))} . (38)
(=h(i))

J€P;

Subsequent standardization absorbs the common Euler-Mascheroni constant. The index

covers both movers and stayers in 2013-2019 and contains 18,858,572 worker-year obser-
vations.

Predictive performance is measured separately using 12,000 transitions sampled from

the supported 2019 validation observations. Neither those arrival-year transitions nor

their outcomes enter the training network used for this evaluation. Table A12 reports the

ranking results alongside the Veneto comparison specification.
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Table A12: Destination-Choice Prediction in Veneto and Portugal

Recall@10  Recall@50  Medianrank  Mean employer pool

Veneto comparison 0.238 0.407 105 47,600
Portugal 0.237 0.415 100 44,000

Notes: Recall@K is the share of held-out transitions whose realized destination is among the K highest-ranked employers. Portugal
uses 12,000 transitions arriving in 2019, drawn from 213,545 supported validation transitions; Veneto uses 11,886 transitions arriving
in 2000. Ranking uses the full empirical destination pools, excluding the incumbent. Employer-pool sizes are approximate, retaining
the precision of the original comparison. Own earnings are excluded from both prediction specifications; the Veneto comparison
retains its other country-specific inputs, including employer wage effects and clustered worker types. The country-specific menus
and inputs differ, as detailed in Appendix I.2-1.4 and Section 5.

I.5 Firm Accounts and Rent-Sharing Specifications

Accounts linkage and sample. I link QP employers to SCIE using the common firm
identifier recorded in the QP firm file, constructing the bridge by firm and year. Value
added is measured at factor cost. The employment denominator is the SCIE number of
paid employees; when that measure is zero or unavailable, I use the number of employees
in the QP wage-bill file, followed by QP firm employment. Capital is tangible fixed assets
divided by the same employment measure. Log value added and log capital per worker
require positive values.

Following the rent-sharing approach of Card, Devicienti, and Maida (2014), I restrict
the worker sample to firms with at least fifteen employees, require at least one year of
tenure, and retain full-time workers. I exclude construction: property development and
building construction (industry division 41), civil engineering (42), and specialized con-
struction activities (43). I also exclude senior and intermediate staff (qualification grades 1
and 2), trainees and apprentices (grade 8), and observations with unreported qualifica-
tion. The linked panel contains 13,773,956 worker-years, of which 6,308,982 satisfy these
sample restrictions. Requiring the wage, accounts, instrument, outside-option index, firm
age, tenure, and other regression covariates leaves 6,007,659 observations for the specifi-
cation with year effects and controls. After fixed-effect sample selection, columns (2)—(4)
contain 5,643,155; 5,641,338; and 5,464,130 observations, respectively.

For rent sharing, the outcome is log total monthly earnings from the linked pay panel,
without the winsorization used in the wage-comparison table. The outside-option index
is standardized within origin year over all finite scores, before imposing the accounts
linkage and rent-sharing sample restrictions. This normalization differs from the pooled
normalization in Table 7; the index need not have mean zero or unit standard deviation

in the final rent-sharing sample.

103



Regression and instruments. Table 8 reports OLS and 2SLS estimates of equation (23)
in Section 10, using the same observations for both estimators in each column. In that
equation, Vy; = log(VAy;:/Ny), Ky denotes tangible capital per worker, and I; is the
inclusive value, standardized within year for these regressions. The centering mean V
is calculated over the common sample formed before fitting the separate specifications.
Controls include age and age squared, tenure and tenure squared, an indicator for man-
agerial, professional, technical, clerical, and service or sales occupations (major occupa-
tion groups 1-5), firm age and its square, and log employment and its square. The fixed
effects Fjy; are, in columns (1)—(4), year; worker and year; worker, employer, and year;
and match and year. Controls and capital are included in all four columns, where not
absorbed.

I instrument value added per worker with revenue per worker at firms in the same
four-digit industry but outside the incumbent’s NUTS II region. To construct the instru-
ment, I retain firm-years with accounts, positive employment and turnover, and observed
industry and region. Revenue per employee is winsorized at the 0.5th and 99.5th per-
centiles separately by year. Writing H; for these outside-region firms in the same four-

digit industry, the instrument is

1 Revenue,;
Zy = log [— Y. (—g>] , |H | > 10. (39)
g€EMH

|H€t| Ngt

The tilde denotes winsorization. This is the log of an unweighted arithmetic mean of rev-
enue per worker, not an average of its logarithm. The donor firms are selected on accounts
availability and the conditions above; they need not satisfy the restrictions imposed on
the worker regression sample.

There are two endogenous regressors, Vj; — V and (Vj; — V)I;. Their excluded in-
struments are Zy; — Z and (Zy; — Z)I;;, respectively; both enter both first-stage equations
along with the included covariates and fixed effects. The outside-option index itself is an
included regressor. Identification therefore requires the external industry-revenue shifter,
and its interaction with outside options, to affect wages through incumbent value added,
conditional on these covariates and fixed effects.

The implied wage response to log value added per worker is 81 + B3I;;. The interaction
coefficient B3 measures how this pass-through changes with outside options. Standard
errors, clustered by four-digit industry, are in parentheses. Table A13 reports the first-
stage estimates.
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Table A13: Portugal: First Stages for Rent Sharing

D 2) 3) 4
Panel A: Log VA/worker, Vi — V
Zy— 72 0.2827*** 0.1659*** 0.1226*** 0.1228***
(0.0490) (0.0173) (0.0294) (0.0296)
(Zyy—2Z) x I 0.0735** 0.0076 -0.0018 -0.0018
(0.0341) (0.0075) (0.0061) (0.0076)
Joint excluded-instrument F 18.59 46.54 8.70 8.59
Panel B: Log VA/worker x 1y, (Vg — V) I;
Zy— 72 0.1048*** 0.0816*** 0.0958** 0.0892**
(0.0361) (0.0263) (0.0400) (0.0438)
(Zyy—2Z) x I 0.4895*** 0.4599*** 0.4659*** 0.4507***
(0.0909) (0.0859) (0.0980) (0.1120)
Joint excluded-instrument F 16.60 15.80 14.07 10.82
Worker and employer covariates Yes Yes Yes Yes
Worker FE No Yes Yes No
Employer FE No No Yes No
Worker—employer match FE No No No Yes
Year FE Yes Yes Yes Yes
Industry clusters 424 423 422 420
Observations 6,007,659 5,643,155 5,641,338 5,464,130

Notes: First-stage estimates for the 2SLS specifications in Panel B of Table 8. The dependent variable is
centered log value added per worker in Panel A and its interaction with the outside-option index I;; in
Panel B. The excluded instruments are centered Z;, defined in equation (39), and its interaction with I;.
Both instruments enter both equations. All columns include the outside-option index, log tangible capital
per employee, and the worker and employer controls used in the outcome equation, where not absorbed
by fixed effects. The index is standardized within year before sample selection; value added and the
revenue instrument are centered at their common-sample means. Standard errors in parentheses are
clustered by four-digit industry. The F-statistic is the clustered joint Wald test of the two excluded

instruments in the corresponding first stage. Stars use two-sided cluster-t p-values: ***p < 0.01,

**p < 0.05, *p < 0.10.
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