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Abstract
How individuals decide whether and in what jobs to work, how firms decide whom to

hire, and the aggregate wage and employment implications of these decisions are of central

importance to labor economics and labor market policy. This dissertation explores the role

of non-standard variables such as risk aversion, soft skills, and social norms in shaping these

labor market outcomes.

Chapter 2 examines job transition decisions and their wage growth implications over

workers’ careers. Large transitions into higher-skill jobs can boost wage growth, but are

rare. Whereas existing work largely focuses on the (mis)match between worker skills and

job skill requirements to explain this pattern, this chapter presents evidence that, while

skills matter, larger transitions are also riskier. Since workers are risk averse, this risk also

contributes to their hesitance to make bigger career moves. These results carry important

policy implications for the relative efficacy of skills-focused (e.g., training) compared to

risk-focused (e.g., job search assistance) active labor market policies.

Chapter 3 provides experimental evidence on how using information about job ap-

plicants’ soft skills in firms’ hiring decisions affects both firm and workseeker outcomes.

Partnering with the largest recruitment agency in South Africa, the experiment randomizes

the criteria used to shortlist job applicants for job listings at partner firms. Results suggest

that including measures of soft skills in candidate ranking leads to more efficient hiring and

better firm-worker matches.

Chapter 4 explores the relationship between social norms around work and labor mar-

ket outcomes such as labor supply and wages. The analysis employs a novel measure of

work norms in the U.S. over roughly the past decade, constructed using large-scale social

media text data and machine learning methods. Results suggest that there is a meaningful

relationship between social norms and labor supply, particularly for men.
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1. Introduction
This dissertation explores the role of non-standard variables such as risk aversion, soft

skills, and social norms in shaping labor market outcomes. The first essay studies job

transitions and resulting wage growth trajectories, exploring whether the rarity of big ca-

reer jumps is driven by worker risk aversion, in addition to more traditional skills-focused

explanations. The second essay studies hiring criteria, presenting evidence that including

measures of applicants’ soft skills can improve outcomes. The final essay studies social

norms around work, proposing a novel measurement approach and demonstrating a rela-

tionship between work norms and labor supply.

This work is not an indictment of existing labor market models that exclude these

variables. Simplifying assumptions are not only necessary but often quite helpful for any

model of the world, crystallizing the most important components and mechanisms of the

question at hand. Rather, this dissertation builds on and contributes to these existing

models, shedding light on when and how we should expect the non-standard variables in

question to matter.

Chapter 2 examines job transitions and wage growth for young workers using detailed

panel data on work histories, heterogeneous risk preferences, and a task-based measure of

skill distance. It provides new evidence on how “steep” transitions—moves to jobs for which

workers are relatively underskilled—affect short- and long-term wage outcomes. These tran-

sitions yield immediate wage growth premiums, contrary to the expectation that skill mis-

match penalizes wage growth, suggesting productivity benefits that overshadow mismatch

costs. However, it appears that workers struggle to target strictly upward moves (moves to

higher-skill jobs), prompting a proposed framework in which larger transitions are riskier

due to information frictions. Supporting this, risk-tolerant workers are observed to make

more frequent and larger transitions, though many of these transitions are downward. A

model grounded in these findings quantifies the joint implications of risk aversion and skill

alignment concerns in job mobility, showing that the degree to which workers’ hesitance to

make larger occupational transitions is due to risk preferences versus skill deficiency has

1



important policy implications for the efficacy of training and re-skilling programs.

Chapter 3 presents the results of a field experiment testing the use of “soft skills” in

the hiring process.1 Firms often struggle to find suitable workers despite large pools of

applicants. In the absence of other information, they rely on traditional signals—education

and experience—or referrals, potentially excluding suitable candidates without signals of

their skills. This chapter provides experimental evidence on how broadening the information

in firms’ hiring decisions affects both firm and workseeker outcomes. Partnering with the

largest recruitment agency in South Africa, the experiment randomizes the criteria used to

shortlist job applicants for job listings at partner firms. In vacancies in the control group,

firms receive shortlists of candidates ranked on education and experience. In vacancies in

the treatment group, shortlists rank candidates on these criteria and, in addition, measures

of soft skills correlated with labor market outcomes. Broadening firms’ information set

alters which candidates are hired: in treated vacancies, hired applicants have on average

higher soft skills and less work experience than in control vacancies. It also boosts hiring:

in treated vacancies, firms issue more interview invitations and make more actual hires.

Individuals who would have been shortlisted for the job posting if it had been assigned to a

different treatment are not negatively affected, other than by not getting the one job in the

posting. Findings are in line with models where higher match quality raises labor demand.

Chapter 4 explores how work norms may shape the labor market. Media narratives

and existing research suggest such norms are important drivers of worker behavior and,

ultimately, macroeconomic outcomes like labor supply and wages. However, this idea has

not been tested empirically due to the difficulty of measuring norms. This chapter develops a

novel measure of work norms using a large set of unstructured text data from social media,

combined with a custom-built machine learning model to label the text. The measure

construction approach produces time-varying, geographically granular measures of work

norms in the U.S. over roughly the past decade, and could be easily generalized to study

other norms. The resulting measure is used to examine the relationship between work norms

1 Chapter 3 reflects collaborative work with Robert Garlick, Lukas Hensel, and Kate Orkin.

2



and labor market outcomes such as labor force participation, employment, and wages. There

appears to be a meaningful relationship between norms and attitudes toward work and labor

supply, suggesting that any study of labor market outcomes and policies should carefully

consider the social context in which they are operating.
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2. Short n’ Steep: Wage Growth Maximizing Job
Ladders with Heterogeneous Skills and Risk
Preferences

2.1 Introduction

It is well established that job transition patterns play an important role in determining

wage growth over the life cycle, often jointly and in complex interplay with human capital—

a relationship that search and matching models as far back as Ben-Porath (1967) and

Burdett (1978) have been trying to disentangle. At the same time, job transitions are

typically characterized by substantial uncertainty, and hence risk. Therefore, variation

in the riskiness of transitions, combined with heterogeneity in worker risk preferences, is

a potentially meaningful driver of career trajectories and wage dispersion. This paper

uses a longitudinal dataset of detailed labor market histories to document novel empirical

patterns consistent with this idea, leveraging the intuitive proposition that making bigger

occupational jumps (in terms of differences in skill requirements between the source and

destination job) is riskier. I then propose a model of worker mobility decisions incorporating

the worker’s current stock of skills and heterogeneous risk appetite that can explain patterns

in the data that are difficult to square with existing models of skill-based matching.

Worker human capital—or skills—impacts hiring and wages. This is clear from direct

observation of job advertisements and surveys of employers, as well as a large body of

work exploring the returns to increasingly specific formulations of human capital, starting

with general ability or education level to industry-, occupation, or firm-specific human

capital to granular skill bundles based on detailed job tasks.1 Thus, while early matching

models assumed workers were identical in terms of human capital (e.g., Burdett (1978) and

Mortensen and Pissarides (1994)), this restriction was quickly relaxed (e.g., J. J. Heckman

1 Worker human capital impacts hiring and wages as found in, e.g., Brunello and Wruuck (2021), Cap-
pelli (2015), D. Deming and Kahn (2018), Hershbein et al. (2018), and Ziegler et al. (2020). A small sam-
ple of the work exploring reruns to human capital (by level of specificity) includes: J. J. Heckman et
al. (2006), Ingram and Neumann (2006), and Lindqvist and Vestman (2011) (general ability or education
level); Hashimoto (1981), Kambourov and Manovskii (2009), Lazear (2009), Neal (1995), and Sullivan (2010)
(industry-, occupation-, or firm-specific human capital); Autor and Handel (2013) and Gibbons and Waldman
(2004) (granular skills based on detailed job tasks).
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and Sedlacek (1985) and Keane and Wolpin (1997)). Canonical models incorporating human

capital generally posit that workers sacrifice wage growth early in their career in order to

attain more productive matches later in their career, either through investment in human

capital accumulation through training or on-the-job learning or through an “exploration” or

“job shopping” period that enables them to find the jobs that are the best match for their

(initially uncertain) skills.2 These models align with several stylized empirical facts, like

convex wage growth, high rates of occupational switching early in one’s career, and wage

penalties for industry or occupation switching (Eckardt, 2019; Goldsmith and Veum, 2002;

Rubinstein and Weiss, 2006).

This paper examines job transitions by “skill distance” and “direction,” revealing novel

empirical results that both build upon and add nuance to this existing work. Using work

history panel data from the National Longitudinal Survey of Youth (“NLSY”) and detailed

occupational skill requirements from the Occupational Information Network (“O*NET”),

the skill distance of a job transition describes the absolute difference between the worker’s

current skill bundle at the time of transition and the skill requirements of their destination

job (Guvenen et al. (2020), Lise and Postel-Vinay (2020), and Blair et al. (2021) use similar

skill distance measures). To capture the direction of the transition—i.e., whether the move

is up or down the skill ladder—I develop additional distance measures that identify the

extent to which the worker is under- or overskilled for their new job.

Considering job transitions through the lens of these skill distance and direction mea-

sures yields five key results. First, as these existing models would predict, skill mismatch

appears to matter for productivity: workers moving into jobs they are initially underskilled

for face wage level penalties relative to occupation means and are more likely to receive

firm-provided training compared to well-matched or overskilled peers. Second, however,

steep upward transitions yield immediate and sustained wage growth premiums, suggesting

that job quality overshadows skill mismatch in determining wage growth. This is somewhat

2 See, e.g., Bagger et al. (2014), Barron et al. (1989), and Engbom (2022) for explorations of the trade-offs
between short-term wage growth and human capital accumulation, and Antonovics and Golan (2012), Light
(2005), and Neal (1995) for “exploration” or “job shopping” periods.
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in contrast to the results discussed above, many of which would imply that, from a wage

growth perspective, the best-case scenario is to start your career in an occupation you are

already well-matched with and stay in it, or else make only small upward transitions to

jobs with similar skill profiles, thus minimizing skill mismatch penalties. Third, these large

upward transitions are rare, despite being extremely beneficial. While this is likely to re-

flect selection to some extent, the main results are robust to the inclusion of a large set of

demographic and transition context controls, and remain significant after including worker

fixed effects. Fourth, many workers make transitions down the skill ladder, which do not

appear to be driven by compensating differentials, as upward moves correlate with higher

job satisfaction levels and growth after controlling for wages. This suggests that larger job

transitions may be riskier due to information frictions that prevent workers from perfectly

targeting higher-skill jobs.3 Consistent with this idea, risk aversion significantly predicts

the frequency and size of transitions, and larger moves carry more risk in terms of realized

job outcomes.

Motivated by these empirical patterns, I introduce a model of worker transition decisions

that includes heterogeneous risk preferences alongside heterogeneous skills. This model

accounts for the observed wage growth premium associated with steep upward transitions

and the rarity of such moves by emphasizing how information frictions and workers’ risk

tolerance may influence their job mobility strategies. Expanding on existing models that

focus solely on skill alignment, this approach provides a more comprehensive explanation

of job transition patterns, revealing the potentially important role that risk aversion plays

in shaping career trajectories.

In particular, I propose a model of worker mobility decisions in which workers are

heterogeneous in terms of risk aversion, skills, and education level, and larger occupational

transitions are riskier due to a lack of information about skill level and quality for jobs that

3 It is well-documented that various information frictions exist in the labor market and significantly impact
job search behavior and outcomes. For recent examples documenting the presence and implications of such
frictions see, for example: Abebe et al. (2023), Banerjee and Sequeira (2023), Conlon et al. (2018), Mueller and
Spinnewijn (2023), and C. H. Wheeler (2008).
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workers are less familiar with. In the model, workers choose an absolute skill distance range

in which to search for their next job, but are not able to precisely target upward moves.

Intuitively, they decide whether to look for a job very similar to their current job, very

different, or somewhere in between. Given a choice of search strategy, they draw a new job

from a known distribution centered around their current job’s skill level, with higher-skill-

distance search strategies implying higher variance. The model is able to match observed

transition patterns and outcomes in the data, and estimated parameters are consistent with

the idea that skill match may be less important than worker characteristics and job quality

in determining wages. Counterfactual exercises exploring the impact of two different active

labor market policies (skills training and job search assistance) show that considering the

role of risk tolerance in transition decisions has important implications for expected policy

outcomes. In particular, to the extent that workers avoid larger career moves due to risk

aversion rather than skill misalignment, skills training programs may be less effective than

anticipated.

In sum, this paper provides the first empirical examination of the joint relationships

between task-based skills, risk preferences, job transitions, and wage growth. I show that

while existing models capture some elements of these dynamics, it is difficult to fully explain

the nuanced interplay observed in real-world data without considering risk preferences.

By incorporating risk aversion and skill mismatch into a new model of worker transition

decisions, I demonstrate how these factors may jointly influence career trajectories and wage

outcomes. This contribution is crucial for understanding how workers navigate complex

labor markets and for designing policies that support effective job transitions and sustained

wage growth.

This project contributes to a vast corpus of empirical and theoretical work on patterns of

occupational mobility and wage growth over the life cycle. Exploring the wage implications

of job transitions along the vectors of both skill distance and skill direction, as well as

relating transition types to risk preferences, provides a new layer of insight to empirical work

in this area, building on research such as Parent (2000), Light (2005), C. H. Wheeler (2008),
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Munasinghe et al. (2008), Barlevy (2001), L. B. Kahn (2010), and Hoffmann et al. (2016)

that uses U.S. survey data to carefully catalog patterns in the nature and consequences of job

transitions in various contexts. From a theoretical standpoint, the model feature of workers

adopting particular search or job mobility strategies in response to uncertainty, which then

have downstream implications for future mobility, human capital accumulation, and wage

growth, is in the spirit of work such as Neal (1999), Antonovics and Golan (2012), Pallais

(2014), or more recently D. J. Deming and Noray (2020), Barbulescu and Bonet (2024), and

Macaluso and Borovičková (2024). In fact, the proposed model maps quite well onto Neal’s

two-stage model of early-career transitions, though with significant additional complexity

due to the inclusion of job skills and heterogeneous worker risk aversion. Additionally,

workers in this model choose a job search strategy based on the degree of dissimilarity with

their current occupation—a novel but intuitive targeting mechanism.

As touched upon above, this paper also adds to the growing body of work concerned

with a task-based approach to defining jobs, human capital, and the degree of (mis)match

between them (e.g., Macaluso and Borovičková (2024)). In particular, Guvenen et al.

(2020) and Lise and Postel-Vinay (2020) use similar concepts of skill distance, though

are more concentrated on carefully accounting for the dynamics of skill accumulation in

various dimensions and the implication of these distinct skill paths for skill mismatch and

resulting productivity, which is not the main focus of this paper. Both of their models imply

meaningful and persistent wage penalties for skill mismatch. This is consistent with some

of the empirical patterns I observe but contrasts with the lack of wage growth penalty (and

in some cases wage growth premium) I find for higher levels of underqualification. This

paper is also closely related to Blair et al. (2021), which explores the impact of educational

credentials on a worker’s ability to make larger transitions. Blair et al. conclude that

having a bachelor’s degree makes it easier to move into jobs one is more underqualified for,

a result I confirm here. While they use a cross-sectional sample of job transitions, I build

upon their work by exploiting longitudinal data to capture longer-term transition patterns

and outcomes as well as by adding risk preferences as a source of variation in the kinds of
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transitions workers make.

Finally, I provide new empirical evidence on the relationship between risk preferences,

the types of transitions workers make, and wage growth, which motivates the inclusion of

heterogeneous risk preferences in a model of worker mobility decisions. This presents, to

my knowledge, the first such evidence on the relation between risk aversion and the kinds of

transitions workers make (in terms of similarity to one’s current job and wage changes). The

closest existing empirical work is van Huizen and Alessie (2019), which explores the impact

of risk tolerance on binary worker mobility. The authors confirm that there is almost no

other research in this area, pointing to Argaw et al. (2017), which uses the German Socio-

Economic Panel Survey to investigate the relation between risk attitudes and job mobility,

as the only other known example. Huizen and Alessi also offer an excellent review of

adjacent research on the role of risk aversion in labor market outcomes, including in the

context of education and occupational choices, migration decisions, entrepreneurship, the

behavior of unemployed work seekers, and wage growth, which I will not reproduce here

other than citing perhaps the most closely related of this subset—Dillon (2018)—which

documents risk premiums in earnings for occupations with higher employment and wage

risk.

In terms of theory, risk aversion tends to be assumed constant across all workers, or else

absent altogether, presumably for analytical tractability. Exceptions include an early model

of job search due to Pissarides that incorporates constant risk aversion, which generates a

wage premium for occupations with higher wage variance (Pissarides, 1974). In a similar

vein, Cozzi (2012) uses a model incorporating heterogeneous risk tolerance and income risk

in an attempt to match observed wealth inequality in U.S. data. Perhaps the most relevant

theoretical work is Chade and Lindenlaub (2022), which presents a model of job matching

with risk-averse agents and risky up-front skill investment and uses it to decompose rising

U.S. wage inequality into components due to risk, heterogeneity, and technology. However,

risk is still assumed to be constant across individuals in this model, and the environment and

mechanisms are quite different from the framework presented here, in which risk preferences
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influence the size of the transitions that workers target.

Section 2 presents the data and measurement approaches used in the empirical analysis.

Section 3 presents the main empirical findings. Section 4 presents the model and estimation

results, with counterfactual exercises. Section 5 concludes.

2.2 Data and Measurement

Sections 2.1 through 2.3 describe the data and methodology underlying the measures of

risk tolerance and skill distance used throughout the paper. Sections 2.4 and 2.5 present an

overview of the skill distance and dynamics of job transitions in the sample, showing that

large occupational transitions are rare and workers do not tend to return to previously-held

occupations after switching.

2.2.1 Data

Data on job transitions is constructed using labor market histories for a sample of

roughly 9,000 individuals from the 1997 cohort of the National Longitudinal Survey of

Youth (NLSY). This is the second cohort of the well-known NLSY survey, which tracks a

nationally representative sample of U.S. workers and is described in detail in many earlier

papers, e.g., Light (2005). Respondents range from ages 14 to 18 years old at the start

of the survey, and are surveyed at one- or two-year intervals from that point forward,

providing detailed weekly employment and wage histories. The NLSY also contains a rich

set of variables on worker demographics, educational background, personality, and attitudes,

including direct measures of worker general ability (as measured by ASVAB scores) and

risk aversion.

I use the 1997 cohort for the primary analysis in order to avoid data quality issues iden-

tified in early rounds of the 1979 survey, as well as to simplify occupational classification.4

However, I confirm that patterns are robust to the inclusion of the 1979 cohort, and in fact

that patterns for this cohort are strikingly similar to those of the younger cohort.

4 Training data in the NLSY79 are incomplete prior to 1988, as discussed in e.g. Kaymak (2014). Additionally,
occupations are classified using 1970 Census codes before 2000, but switch to 1990 Census coding thereafter,
complicating the mapping of occupations to O*NET skills.
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The main unit of analysis throughout is job transitions, where a transition is identified

as a change in the worker’s primary employer.5 I apply standard restrictions to the sample

of transitions by (i) limiting the set of job spells to those that start after the respondent

earned their highest degree, (ii) limiting the sample to jobs averaging at least 20 hours per

week and lasting at least four weeks, and (iii) excluding military jobs and self-employment

(following, e.g., Farber and Gibbons (1996)). Table 1 presents summary statistics for the

resulting sample of job transitions. As can be seen from the table, job transitions are a

relatively rare occurrence—the median worker has made only four job transitions as of

the last survey round. Additionally, the majority of transitions are among workers with

less than a college degree, who also make up a majority of the worker sample. About a

quarter of transitions are involuntary, and while transitions result in small gains in wages

and job satisfaction on average, variance in these outcomes is substantial. In other words,

transitions appear to be risky in terms of realized changes in wage and job satisfaction.

Data from the Occupational Information Network (“O*NET”) furnishes skill require-

ments for each three-digit occupation code in the sample. O*NET is a database maintained

by the US Department of Labor that offers detailed information on the skills, activities,

and educational requirements of approximately 1,000 occupational categories. The skill re-

quirements of each occupation are captured by skill requirement ratings (from one to five)

in 30 skill components, as assessed by expert occupational analysts (Tsacoumis & Willison,

2010).6

2.2.2 Risk Attitudes in the NLSY

The measure of heterogeneous risk preferences used throughout the analysis is taken

directly from the NLSY. Specifically, all NLSY97 respondents were asked to assess their

level of risk tolerance on a 0-10 scale with the following question:

5 Because, in the NLSY, job spell information is gathered by asking about the employer, not the job, employer
and job transitions are not generally distinguishable.

6 Skill ratings are merged into the NLSY work history data using a crosswalk between Census and
SOC codes, as found on the Census website: https://www.census.gov/topics/employment/industry-
occupation/guidance/code-lists.html.
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Table 2.1: Summary Statistics for Job Transitions
Min Mean Std Dev Median Max

Variable Category

Ability (AFQT) 0.00 32.54 29.53 25.90 100.00
Age at Transition 14.00 26.36 5.74 25.00 42.00
Education Level Less than HS 10.60

HS graduate 69.73
Some college 4.71
College graduate 11.97
More than college 2.99

Race or Ethnicity Black 28.94
Hispanic 20.75
Other 0.90
White (Non-Hispanic) 49.41

Risk Tolerance 0.00 5.78 2.67 5.00 10.00
Male 0.55
Number of Transitions per R1 1.00 5.02 3.83 4.0 30.00
Total Work Experience (wks)2 5 357.59 255.29 296.00 1118
Transition Year Category ă2000 3.08

[2000, 2005) 27.95
[2005, 2010) 31.55
[2010, 2015) 19.02
ą2015 18.39

Spell Length (wks)2 5 70.45 96.13 35.00 1118
Involuntary Departure 0.28
Unemp. or OOLF Between Jobs 0.53
Length Non-work Between Jobs (wks) 0 16.91 43.87 0.00 211
Change in Real Hourly Pay -7.05 0.48 3.11 0.26 10.44
Change in Job Satisfaction -4.00 0.43 1.62 0.00 4.00
Transition to Same Occupation 0.17
Skill Distance of Transition 0.00 2.94 1.31 2.84 8.58
N=33,848
1 Cumulative total number of job transitions, for workers with at least one transition observed in the sample.
2 Total work experience and spell length reflect the accumulated work experience at the time of transition and the spell
length in the job preceding the transition, respectively.

Are you generally a person who is fully prepared to take risks or do you try to

avoid taking risks? Rate yourself from 0 to 10, where 0 means “unwilling to take

any risks” and 10 means “fully prepared to take risks.”

Each respondent answered the question at most once, either in survey year 2010 or 2011.

Risk tolerance is roughly normally distributed across the sample, with the distribution

centered around five and with a standard deviation of about 2.6, as shown in Table 2.1. In

other words, there is substantial variation in risk tolerance among respondents.

Although this risk attitudes scale is self-assessed and not incentivized, existing research

demonstrates that the risk measures in the NLSY appear to accurately reflect individu-
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als’ true preferences, in the sense that they are predictive of risky behaviors such as en-

trepreneurship and divorce (Chekmasova (2020) and Light and Ahn (2010)). More broadly,

research has shown that survey-elicited risk measures align well with incentivized lottery

choices and predict real-world behaviors (Dohmen et al. (2011) and Falk et al. (2015)).

2.2.3 Measuring Skill Distance and Direction

Similar to approaches in Guvenen et al. (2020) and Lise and Postel-Vinay (2020), and

Blair et al. (2021), I use O*NET data to define the skill requirements of each job as identified

by its three-digit occupation code. Workers’ skill bundles are then dynamically constructed

based on their full labor market histories up to that point, such that at any given time t,

a worker’s current skill level for any given skill component k can be calculated as follows:

Sk,t =

$

’

’

&

’

’

%

Sk,T + (Sj1 ´ Sk,T)
(

1 ´ e´ru¨(t´T)
)

, if Sj1 ą Sk,T,

Sk,T + (Sj1 ´ Sk,T)
(

1 ´ e´rd¨(t´T)
)

, if Sj1 ă Sk,T,

Sk,T, if Sj1 = Sk,T

where Si,T denotes the worker’s skill level in skill i at the time T that they departed

from their prior job, Si,j1 denotes the required skill level in skill i for their current job j1,

identified from O*NET ratings, and ru and rd represent the rate of skill updating and skill

depreciation, respectively.7 The main empirical results are robust to alternative apprecia-

tion and depreciation rates, and in particular are robust to the extreme case of zero skill

acquisition before the most recent job, as shown in Appendix A.2.

Intuitively, this equation captures the gradual adjustment of the worker’s skills to those

required by the job. Skills in which the worker is initially underskilled will adjust upward

until they meet the new job’s requirement, while skills in which the job’s requirement is

lower than the worker’s starting level will depreciate over the course of the worker’s tenure

7 As estimated in. e.g., Lise and Postel-Vinay (2020) and Dinerstein et al. (2022), updating and depreciation
(ru and rd) are assumed to be asymmetrical, with skill acquisition happening much faster than depreciation.
In particular, for the empirical analyses, the skill updating rate is set to ru = 0.11552, which reflects the idea
that skills update quickly to meet new job requirements. The skill depreciation rate is set to rd = 0.00444,
consistent with depreciation rate of „5% as estimated in Dinerstein et al. (2022).
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in the destination job.

With worker skill bundles and occupational skill requirements thus specified, I define

the absolute skill distance of an occupational transition for worker i from job j to j1 as the

Euclidean distance between the worker’s vector of current skills at the time they leave their

source job and the vector of skill requirements in their destination job, as follows:

Absolute Skill Distance =

g

f

f

e

N
ÿ

k=1

(
Sk,j1 ´ Sk,i,T

)2

Where Sk,i,T captures the worker’s level of skill k at time T of transition, and the sum

is taken over the 35 job skills identified in the O*NET database.

To capture the direction of transitions—i.e., whether they reflect moves up or down the

skill ladder, in aggregate—I further decompose skill distance into components in which the

worker is underskilled or overskilled. In particular, define underskill distance as:

Underskill =

g

f

f

e

N
ÿ

k=1

1[Sk,j1 ą Sk,i,T]
(
Sk,j1 ´ Sk,i,T

)2

as the sum of skill distances for only the skill components in which the worker is under-

skilled. Overskill distance is defined analogously.

The difference between these identifies the worker’s relative skill deficit, in terms of their

current skill bundle, for the job they are transitioning into:

Relative Skill Distance = Underskill ´ Overskill

where positive values indicate that the worker is relatively underskilled for the destina-

tion job, while negative values indicate they are relatively overskilled. Broadly speaking,

relative skill distance captures the extent to which the worker is moving up the skill ladder,

in aggregate.
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To build intuition, Table 2.2 provides illustrative examples of job transitions and their

associated distances. Assume for these examples that each worker’s skills have completely

adjusted to their source job’s skill requirements, so the worker’s skill bundle is identical to

the source job’s required skill bundle.

Transition Example 1: Small absolute and relative distance, upward move.

Ben resigned in disgrace from his job as a public auditor due to a minor bribery scandal,

but nevertheless managed to leverage his accounting skills to land a role as the financial

manager of a charitable trust for a large candy company. While both jobs have a similar skill

portfolio, the financial manager job requires slightly higher levels of many skills, especially

management-related ones such as Complex Problem Solving and Monitoring, leading to an

underskill score of about 1.32. At the same time, there are a few, more execution-oriented,

skills for which the auditor role has higher requirements (e.g., Math and Writing), leading

to an overskill score of about 0.86. Combining these results in a moderately positive relative

skill distance of about 0.47 and a small absolute skill distance (less than the 25th percentile

of the absolute skill distance distribution over all transitions).

Transition Example 2: Larger absolute and relative distance, upward move.

Andy was working as a shoeshiner in City Hall while awaiting his rock band’s “big break,”

but networked his way into a job as a personal assistant to a bureaucratic employee, helping

her launch a campaign for public office. These jobs require very different skill sets, and,

in terms of direction, being a personal assistant requires higher levels of most skills. This

results in a moderately large absolute skill distance (about median), the majority of which

is underskill, as well as a large and positive (about 75th percentile) relative skill distance.

Transition Example 3: Large absolute distance with smaller relative distance, downward

move. Ann, a nurse, had grown tired of acquaintances and even strangers soliciting her

medical advice, often with upsetting pictures. So, when the opportunity arose to serve as

the public relations manager for her city’s public health department, she happily accepted.

15



These jobs are quite different and require substantially different skill sets, but it isn’t

immediately clear which job is higher-skill. This is reflected in the skill distance measures—

the absolute skill difference between the two occupations is large (above median), but this

is driven by both underskill (e.g., PR management requires higher levels of sales-type skills

such as Negotiation than nursing) and overskill (e.g., nursing requires higher skills in Science

than PR management). The result is a negative, though small, relative skill distance—

nursing has a slightly higher skill requirement than PR management, in aggregate.

Table 2.2: Illustrative Job Transition Examples
Source Destination Absolute Relative

Name Occupation Occupation Skill Dist. Underskill Overskill Skill Dist.
(1) Ben Auditor Financial Manager 1.577 1.324 0.858 0.466

(800) (120)
(2) Andy Shoeshiner1 Personal Assistant2 2.498 2.393 0.715 1.678

(4520) (5700)
(3) Ann Nurse PR Manager 2.917 1.679 2.385 -0.707

(3130) (60)
2002 Census codes corresponding to each occupation in parentheses.
1 Shoeshiner is mapped to Census code 4520: Miscellaneous personal appearance workers.
2 Personal Assistant is mapped to Census code 5700: Secretaries and administrative assistants.
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2.2.4 Distribution of Skill Distance

Figure 2.1 shows the sample distribution of each skill distance measure for (a) the dis-

tance between the worker’s skill bundle at the time of transition and the skill requirements

of their destination job, and (b) the distance between the source job and destination job skill

requirements. Because skills are assumed to update faster than they depreciate, workers

tend to be more overskilled than underskilled when considering their full labor market his-

tories, though this is not by construction (e.g., this would not be the case if workers moved

into progressively higher-skill jobs throughout their careers on average—see Appendix A.1

for simulated distributions with random transitions for comparison). On the other hand,

when comparing the skill requirements of source and destination jobs, underskill and over-

skill are roughly symmetric, resulting in a distribution of relative skill distance that is

roughly centered at zero. In other words, workers are about as likely to move down the skill

ladder as up the skill ladder on any given transition, relative to their source job, suggesting

that workers may struggle to target strictly higher-skill jobs (and this remains true when

restricting the sample to only voluntary transitions—see Appendix A.2 for details).

The distributions are generally right-skewed, reflecting the fact that larger transitions

are relatively rare. In particular, when using the worker’s skill bundle based on their full job

history, large underskill is quite rare, and in fact the modal transition has zero underskill

distance. This results in an asymmetric distribution of relative skill distance, in which the

majority of transitions have negative relative distance (workers have a higher aggregate

skill level than the requirements of the jobs to which they are transitioning). Additionally,

when comparing source and destination job skills only, we see that the modal transition

is zero-distance; that is, the modal transition is to a job in the same occupation with a

different employer.

The empirical analyses shown throughout the remainder of the paper use skill distance

based on the worker’s skill bundle, incorporating their full work history as laid out in

section 2.3. Since skills are assumed to appreciate faster than they depreciate, this measure
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(a) Distances between worker skills and destination job skills

(b) Distances between source and destination job skills

FIGURE 2.1: Skill Distances of Job Transitions

Note: Reflects the distribution of each skill distance measure across all job transitions observed in the
sample. The first row reflects distances between the skill requirements of the worker’s new job and their
current skill bundle at the time of the transition, including (potentially depreciated) skills from prior jobs.
The second row reflects distances between the skill requirements of the worker’s new job and the skill
requirements of their old (source) job.

provides a rough upper bound on each worker’s skills, while the distance between source

and destination jobs can be thought of as a lower bound (as it assumes workers possess

only the skills acquired in their most recent job). Therefore, estimates of the effect of

underskill using the first measure are likely somewhat conservative. In practice, however,

results are quite similar when using skill distances between the source and destination jobs

(see Appendix C).
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2.2.5 Transition Dynamics

Figure 2.2 documents the dynamics of transitions as workers progress in their careers.

Figures reflect averages across all workers’ nth job transitions, for up to the first ten tran-

sitions of each worker’s career. Thus, each point on the x-axis reflects the sample average

conditional on having made that many transitions. The top left figure shows that workers

are less likely to change occupations as they progress in their careers, with the probability of

occupation switching dropping from 84% on a worker’s first transition to 76% on a worker’s

tenth transition. The top right figure shows that the absolute skill distance between a

worker’s destination job and their nth most recent job at any given transition is increasing

in n—in other words, workers tend to move monotonically further away from their older

jobs in terms of skills, on average. The bottom two figures show that it is relatively rare for

workers to return to prior occupations after making a switch. In particular, the probability

of returning to the n ´ 1th, conditional on switching occupations at the nth transition, is

only about 10%, regardless of transition number. Additionally, while the probability of

moving back to any previously-held occupation is monotonically increasing (since a higher

transition number means a larger set of occupations to potentially move back to), it never

exceeds 35%, and is only about 20% for the fourth transition (the maximum for the median

worker in the sample).

2.3 Empirical Patterns

The following sections describe the empirical patterns that motivate the model of occu-

pational transition decisions in Section 4.

Sections 3.1 and 3.2 present an empirical puzzle: as shown in 3.1, skill mismatch appears

to matter—large underskill distances are rare, and being underskilled predicts employer

training and wage level penalties compared to workers in the same occupation—but as

shown in 3.2, greater skill mismatch is associated with better short- and long-term transition

outcomes as long as the direction of the move is positive (moving up the skill ladder). In

other words, in addition to yielding better long-term outcomes, being underskilled actually
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FIGURE 2.2: Transition Dynamics

carries immediate wage growth premiums compared to transitions in which the worker is

closely matched or overskilled compared to their destination job. This raises the question:

if moving up the skill ladder is so beneficial, and does not carry short-term wage growth

penalties, why aren’t more workers making these steep transitions?

Section 3.3 offers risk as a potential explanation. Specifically, workers may be hesitant

to make larger transitions because they are riskier. I hypothesize that higher absolute

skill distance is associated with higher risk due to information frictions—workers are well-

informed about jobs that are similar to their own, but know increasingly less about jobs

that are further afield. This makes larger moves risky because workers don’t necessarily
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know whether they are moving into overall higher-skill (and thus likely higher-quality) jobs

or lower-skill ones. While it may at first seem implausible that workers don’t know ex-ante

whether they are moving up or down the skill ladder, recall from Figure 2.1 that workers

are about as likely to move down the skill ladder as up compared to their source job,

suggesting workers are not able to precisely target higher-skill jobs. Further, the multi-

dimensionality of skills makes aggregate comparisons non-trivial, particularly for jobs that

are very different (e.g., Ann’s transition from nurse to PR manager as shown in Table

2.2 is a downward move, but this is not obvious). Supporting this hypothesis, section 3.3

demonstrates that higher risk tolerance is associated with both transition probability and

the absolute skill distance of transitions, and confirms that higher absolute skill distance is

indeed associated with higher risk, in the form of higher variance in realized job quality.

2.3.1 Worker-job Skill Match Matters

This section presents results that are consistent with models of skill mismatch in which

task-specific skills are important for productivity. Specifically, larger job transitions, and

particularly transitions with large underskill distance, are relatively rare, and underskill is

predictive of training receipt in the destination job, suggesting that workers and employers

care about skill match, and underskill in particular. Further, absolute skill distance is as-

sociated with wage growth penalties and negative transition conditions such as involuntary

departure and longer non-work spells between jobs, suggesting that workers may tend to

be “pushed” rather than “pulled” into making larger absolute skill distance moves.

First, large transitions are rare. As shown in figure 2.1, all skill distance distributions

are right-skewed, and the modal transition is within occupations (i.e., the worker moves into

the same occupation with a different employer).8 This is consistent with an environment

in which it is difficult or costly to be hired into or perform jobs that require very different

skills from your current skill bundle. Further, relative skill distance is less than zero on

8 Note that within-occupation transitions need not, and generally will not, have zero skill distance between
the worker’s skill bundle and the destination job’s skill requirements, as the worker likely has accumulated
other skills from prior jobs that have not fully depreciated.
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average—i.e., workers are more likely to move to jobs they are relatively overskilled, rather

than underskilled, for. While this is not surprising given that skills are assumed to update

faster than they depreciate, it is not fully by construction9, and this also could indicate a

state of the world in which employers care about skills and are reluctant to hire workers

with insufficient skills.

Secondly, absolute skill distance is associated with a higher incidence of employer-

provided training receipt in the first year of the new job, and this is driven completely

by underskill. Specifically, as shown in Table 2.3, an increase of one standard deviation

in underskill increases the probability of receiving employer-provided training in the first

year of the destination job by about 1 percentage point, or about a 20% increase from the

sample average of 4.2%. This suggests that workers must adjust their skills when their

current level of a given skill is too low to meet the requirements of the job, sometimes

with assistance from employers. This relationship holds even after controlling for a broad

array of destination job characteristics such as wages, hours, and occupation and industry

categories, which implies that the observed training provision is truly driven, at least in

part, by skill mismatch, rather than job complexity or job quality.

Additionally, to the extent that skill mismatch negatively impacts productivity, we

should expect workers with skill mismatch to earn less than their counterparts with well-

matched skills, at least initially. The data confirms this. As shown in Table 2.4, a worker’s

real wage level in the first year of a job, controlling for occupation and industry fixed

effects, is negatively impacted by skill mismatch. That is, given two workers in the first

year of a new job in the same occupation, the one with skills that are a closer match to

the occupation’s skill requirements will earn more. This is again driven more by underskill:

an increase of one standard deviation in underskill is associated with a 4.7% lower real

wage rate in the first year of the new job, relative to other workers in the same occupation.

Interestingly, however, overskill also incurs a small but significant wage level penalty.

9 This would not be true if, e.g., workers always moved into jobs with higher skill requirements in every
skill component relative to their prior job.
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Table 2.3: Any Employer-Provided Training in First Year of New Job
(1) (2) (3)

Absolute skill distance 0.004***
(0.001)

Underskill 0.008***
(0.002)

Overskill 0.002
(0.001)

Relative skill distance 0.004**
(0.002)

Controls:
Demographics ✓ ✓ ✓
Job & transition vars. ✓ ✓ ✓
Year, occupation & industry FEs ✓ ✓ ✓

Outcome variable:
Mean 0.042 0.042 0.042
Std. Deviation 0.200 0.200 0.200
R2 0.065 0.066 0.065
N 33483 33483 33483
Robust standard errors in parentheses (* pă0.1, ** pă0.05, ***pă0.01)
Reflects a binary indicator for whether the respondent reported any employer-
provided training in the first year of their new job, regressed on skill distance and
controls for worker demographics, characteristics of the source and destination job
and of the transition, year fixed effects, and fixed effects for the occupation and indus-
try of the new job.

Finally, there is a meaningful relationship between worker and transition characteristics

and skill distance. In particular, general human capital (in the form of both education

and general ability as measured by ASVAB scores) appears to be positively associated

with skill distance, suggesting that broader aptitude may be somewhat substitutable for

specific skills in some cases. In particular, as shown in Table 2.5, having a college degree is

strongly associated with underskill and relative skill distance, consistent with the idea that

higher education may mitigate skill mismatch costs (e.g., by allowing workers to learn new

skills more quickly). Additionally, there is a positive relationship between more negative

transition conditions (involuntary departures, a higher unemployment rate at the time of

transition) and larger transitions in terms of absolute skill distance. This could suggest

that workers would generally prefer to move to jobs that are a good fit with their skills, and
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Table 2.4: Log Wage Level vs. Occupation Mean in First Year of New Job
(1) (2) (3)

Absolute skill distance -0.029***
(0.002)

Underskill -0.047***
(0.002)

Overskill -0.012***
(0.002)

Relative skill distance -0.022***
(0.002)

Controls:
Demographics ✓ ✓ ✓
Job & transition vars. ✓ ✓ ✓
Year, occupation, & industry FEs ✓ ✓ ✓

Log wage level:
Mean 6.277 6.277 6.277
Std. Deviation 0.493 0.493 0.493

R2 0.565 0.569 0.563
N 32658 32658 32658
Robust standard errors in parentheses (* pă0.1, ** pă0.05, ***pă0.01)
Reflects logged real wage level in the worker’s first year of the job regressed on skill
distance and controls for worker demographics, characteristics of the job and of the
transition into the job, year fixed effects, and fixed effects for the occupation and in-
dustry of the job.

are more likely to make bigger moves under duress or when a close skill match is difficult

to find.
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Table 2.5: Correlates of Skill Distance
Absolute skill Relative skill

distance Underskill Overskill distance
Demographics:
Ability (ASVAB) 0.158*** 0.112*** 0.110*** -0.012

(0.026) (0.026) (0.026) (0.026)
High school grad 0.183*** 0.123*** 0.134*** -0.022

(0.018) (0.018) (0.018) (0.018)
Some college 0.202*** 0.148*** 0.142*** -0.013

(0.033) (0.031) (0.033) (0.032)
College grad 0.185*** 0.291*** 0.059** 0.129***

(0.027) (0.027) (0.026) (0.026)
More than college -0.080* 0.137*** -0.131*** 0.173***

(0.041) (0.037) (0.040) (0.036)
Age 0.114*** -0.147*** 0.198*** -0.226***

(0.011) (0.010) (0.010) (0.010)
Age2 -0.002*** 0.002*** -0.003*** 0.004***

(0.000) (0.000) (0.000) (0.000)
Male 0.260*** 0.085*** 0.228*** -0.111***

(0.011) (0.011) (0.011) (0.011)
Black -0.043*** -0.018 -0.027** 0.008

(0.013) (0.013) (0.013) (0.013)
Hispanic 0.016 0.071*** -0.018 0.054***

(0.015) (0.015) (0.015) (0.015)
Other Race or Ethn. -0.143** -0.039 -0.113** 0.057

(0.057) (0.058) (0.055) (0.054)
Total experience (yrs) 0.001 -0.011*** 0.007*** -0.011***

(0.002) (0.002) (0.002) (0.002)
Job and transition variables:
Real wage (old job) -0.163*** -0.068*** -0.130*** 0.052***

(0.014) (0.014) (0.014) (0.014)
Hrs per wk (old job) -0.000 -0.005*** 0.002*** -0.005***

(0.001) (0.001) (0.001) (0.001)
Involuntary depart. 0.032** -0.088*** 0.082*** -0.110***

(0.013) (0.012) (0.013) (0.013)
Time between jobs (wks) 0.000*** 0.001*** 0.000 0.000***

(0.000) (0.000) (0.000) (0.000)
Training between jobs 0.012 -0.003 0.013 -0.011

(0.034) (0.037) (0.034) (0.036)
Unemployment rate 0.008** 0.000 0.005 -0.003

(0.004) (0.004) (0.004) (0.004)
R2 0.034 0.046 0.051 0.062
N 32707 32707 32707 32707
Robust standard errors in parentheses (* pă0.1, ** pă0.05, ***pă0.01)
Reflects the skill distance of each observed job transition regressed on worker demographic variables
and characteristics of the source job and of the transition.
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2.3.2 Job Skill Level Matters More for Transition Outcomes

Although skill match is important, the skill level of the destination job appears to be

more important for determining the outcome of job transitions. Conditional on making a job

transition, higher levels of underskill and relative skill distance are associated with better

transition outcomes, both immediately and in the long term. This holds true for wages as

well as other measures of job quality such as job satisfaction and tenure. Further, I find

that making larger upward occupational transitions is associated with sustained wage gains

and higher mid-career wages conditional on the overall number of job moves, respectively.

In other words, it appears that the optimal job ladder is short (comprised of a low num-

ber of transitions) but steep (in the sense that the higher the skill gradient of each transition,

the better). While it makes sense that moving into higher-skill jobs ultimately results in

higher wages, it is somewhat surprising that these benefits appear to be immediate and

sustained, rather than involving an initial trade-off between human capital accumulation

or learning and future wage growth.

Throughout this section, results for relative skill distance, which captures the extent to

which the job requires higher aggregate skills compared to the worker’s current skill bundle,

are highlighted. Relative skill distance is a parsimonious indicator of how far up or down

the skill ladder the worker is moving. Results for underskill and overskill are also shown

throughout to provide intuition for how these are each contributing to the total effect.

As shown in Table 2.6, higher levels of relative skill distance are strongly positively

associated with the wage change upon transition. Specifically, an increase of one standard

deviation in relative skill distance is associated with wage growth that is 5.7 percentage

points higher than for the average transition, almost doubling the sample mean of roughly

6.6%. This is in stark contrast to the large and significant wage growth penalty for abso-

lute skill distance, which is driven by overskill. Clearly, the skill direction of the move is

an important dimension to consider when analyzing occupational transitions, as absolute

distance alone fails to capture this divergence. The immediate and marked wage boost
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from making a larger move into a job one is relatively underskilled for is surprising in the

context of a job-specific skills model, many of which would predict at least a temporary

wage growth penalty. Instead, it seems that the productivity gains from these types of

larger upward jumps overshadow any skill mismatch costs.

This could be consistent with positive selection on unobservable worker or match char-

acteristics, or with a basic job ladder model in which output is mostly driven by job quality,

rather than attributes of the particular worker-job match. Indeed, selection is almost surely

part of the story. As shown in Table 2.5, larger relative skill distance is associated with

positive observable characteristics such as higher education (college degree or higher) and

voluntary departures. However, the wage growth effects persist after controlling for all

standard observables (as shown in Table 2.6, and even after including individual fixed ef-

fects (as shown in Appendix B). This suggests that the wage growth premium for steeper

upward transitions is not entirely due to the selection of workers with higher unobserved

productivity; rather, there appears to be some degree of luck involved in determining who

moves up the skill ladder.

In addition to higher pay, higher relative skill distance is positively associated with

changes in job satisfaction as well as tenure in the destination job, as shown in 2.7. In

particular, a one standard deviation increase in relative skill distance is associated with

an almost 25% larger increase in job satisfaction compared to the sample mean, as well as

about three months of additional tenure in the new job on average. These patterns reinforce

the idea that steep upward transitions result in higher-quality or more productive matches.

In particular, it is interesting to note that higher relative skill distance is associated with

larger gains in job satisfaction even after controlling for wages (and other job attributes).

One possible explanation of this pattern is that, as workers gain labor market experience,

they learn private information about attributes not observable in the data (and potentially

not observable to employers) that impact their productivity in different occupations (e.g.,

preferences over non-wage job attributes), which they use to target better-matched jobs.

However, the fact that job satisfaction, job skill level, and wages tend to co-move makes
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Table 2.6: Wage Growth from Transitions
(1) (2) (3)

Absolute skill distance -0.026***
(0.002)

Underskill 0.031***
(0.002)

Overskill -0.042***
(0.002)

Relative skill distance 0.057***
(0.002)

Controls:
Demographics ✓ ✓ ✓
Job & transition vars. ✓ ✓ ✓
Year FEs ✓ ✓ ✓

Change in log wage:
Mean 0.066 0.066 0.066
Std. Deviation 0.419 0.419 0.419

R2 0.256 0.270 0.270
N 32031 32031 32031
Robust standard errors in parentheses (* pă0.1, ** pă0.05, ***pă0.01)
Reflects the change in logged real wage level from the end of the worker’s old job to the
start of their new job regressed on skill distance and controls for worker demographics,
characteristics of the source and destination jobs and of the transition, and transition
year fixed effects.

the fact that so many workers make downward transitions more difficult to rationalize, as

it does not appear to be the case that workers are sacrificing wages for non-wage amenities

(which should presumably show up in job satisfaction). This result further indicates that

workers may struggle to understand which jobs are higher-skill in aggregate or to effectively

target these jobs when searching.

Turning to longer-term post-transition outcomes, the wage benefits of moving up the

skill ladder are immediate and sustained, based on wage paths pre- and post-transition

(using each respondent’s largest transition in terms of absolute skill distance, compared to

non-movers in the same periods), as shown in Figure 2.3. While making an above-median

transition in terms of absolute skill distance is associated with wage stagnation or even a
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Table 2.7: Other Transition Outcomes
Change in Job Sat. Tenure in New Job

(1) (2) (3) (4) (5) (6)
Absolute skill distance 0.009 -0.001

(0.008) (0.012)
Underskill 0.094*** 0.231***

(0.008) (0.014)
Overskill -0.029*** -0.097***

(0.008) (0.011)
Relative skill distance 0.091*** 0.245***

(0.008) (0.013)

Controls:
Demographics ✓ ✓ ✓ ✓ ✓ ✓
Job & transition vars. ✓ ✓ ✓ ✓ ✓ ✓
Year FEs ✓ ✓ ✓ ✓ ✓ ✓

Outcome variable:
Mean 0.401 0.401 0.401 1.883 1.883 1.883
Std. Deviation 1.459 1.459 1.459 2.681 2.681 2.681

R2 0.025 0.029 0.028 0.050 0.068 0.065
N 32707 32707 32707 28250 28250 28250
Robust standard errors in parentheses (* pă0.1, ** pă0.05, ***pă0.01)
Reflects the job satisfaction from the end of the worker’s old job to the start of their new job (columns (1)-(3))
or the tenure in years in the new job (columns (4)-(6)) regressed on skill distance and controls for worker
demographics, characteristics of the source and destination jobs and of the transition, and transition year
fixed effects. The sample for tenure regressions is limited to transitions in which the destination job spell is
complete (i.e., not truncated by the end of the survey).

slight wage penalty relative to non-movers, making an above-median transition in terms

of relative skill distance is associated with immediate and continued wage gains. It is also

interesting to note that workers making larger upward transitions do not appear to be

positively selected in terms of pre-transition wages or wage growth.

Finally, Table 2.8 presents the results of a Mincer-style wage decomposition of age 35

wages in the sample (roughly the highest age that all survey respondents have reached

by the most recent available survey round). Making larger upward transitions on average

significantly predicts mid-career wage levels in the sample, even after controlling for starting

wage, total work experience, the total number of job transitions the worker has made, and
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FIGURE 2.3: Wage Paths Following Transitions

a rich set of controls. In particular, a one-unit increase in the relative skill distance of the

worker’s average transition is associated with the same wage gain as over a year of additional

work experience. On the other hand, there is a negative relationship between the raw count

of job transitions and wages, suggesting that fewer, but steeper, upward moves (relative to

the worker’s current skills) are associated with the best wage trajectories.

Taken together these patterns suggest that, conditional on being able to make such a

move, the job or match quality effects of moving into a job one is relatively underskilled

for outweigh the effects of skill mismatch. Which raises the question: who is making these

steep upward transitions, and why aren’t more workers making similar transitions (or at

least moving strictly upward)? As discussed in Section 3.1, there does appear to be some

degree of selection. Workers with more education (specifically, at least a college degree)

tend to make larger upward moves, while involuntary transitions and higher unemployment

are associated with downward moves. This could align with either selection (lower-quality

workers are both more likely to be fired and less able to match with highskill jobs) or a

simple job ladder in which laid-off or unemployed workers have lower reservation wages.

Stepping back, the R-squared for the regressions in Table 2.5 (predicting skill distance)

are quite low, suggesting that, while worker characteristics and the circumstances of the
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Table 2.8: Log Wage Level at Age 35
(1) (2) (3) (4)

Cumulative avg., absolute skill dist. -0.010
(0.007)

Cumulative avg., underskill 0.059***
(0.011)

Cumulative avg., overskill -0.030***
(0.007)

Cumulative avg., relative skill dist. 0.043***
(0.006)

Real wage in first job 0.292*** 0.312*** 0.290*** 0.299***
(0.021) (0.021) (0.021) (0.021)

Total experience (yrs) 0.037*** 0.036*** 0.037*** 0.036***
(0.002) (0.002) (0.002) (0.002)

Total number of transitions -0.010*** -0.007*** -0.008*** -0.005**
(0.002) (0.002) (0.002) (0.002)

Controls:
demographics ✓ ✓ ✓ ✓
year FEs ✓ ✓ ✓ ✓

Log wage level at age 35:
Mean 6.722 6.722 6.722 6.722
Std. Deviation 0.572 0.572 0.572 0.572

R2 0.358 0.363 0.361 0.366
N 3827 3827 3827 3827
Robust standard errors in parentheses (* pă0.1, ** pă0.05, ***pă0.01)
Reflects the logged real wage level of each worker at age 35 (for workers with a wage observation
available) regressed on the average skill distance across all the transitions the worker has made up
to age 35, along with controls for the worker’s wage level in their first observed job, their total work
experience, the total number of job transitions they’ve made, worker demographics, and year fixed
effects.

transition do play a meaningful role in the career moves workers choose to or are able to

make, there may also be a good deal of randomness. To the extent that the degree of

randomness—or risk—is correlated with the size of the transition (in terms of absolute

distance), heterogeneous risk tolerance may help explain these patterns. The following

section explores this idea.
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2.3.3 Ladders or Chutes: the Role of Risk

Given the preceding results, it is difficult to understand why more workers don’t make

larger upward transitions, or why so many transitions are actually down the skill ladder.

I propose one explanation in which transitions are risky because workers have imperfect

information about job skill levels ex ante, and cannot precisely target higher-skill jobs. In

other words, they may be uncertain whether a particular transition would be a “ladder”

(upward move) or a “chute” (downward move). Additionally, larger skill distance transitions

are riskier due to higher uncertainty—workers know less about jobs that are less similar

to their current work. Thus, workers may be hesitant to make larger moves not (or not

only) because their skills are mismatched, but also because they are risk averse and larger

transitions carry more risk. Supporting this hypothesis, I show that higher risk tolerance is

associated not only with the probability of making a job transition, but also with absolute

skill distance—i.e., more risk-tolerant workers make larger moves. Additionally, higher

absolute distance is in fact riskier in terms of realized destination job quality.

As one might expect, higher risk tolerance is correlated with a higher probability of

making any job transition. However, the size of the effect is relatively small. As shown in

Table 2.9, moving from the lowest possible level of risk tolerance to the highest is associated

with an increase of roughly 1.5 percentage points in the probability of making a transition,

which is small relative to the sample average of about 28%. Though small, the relationship

between risk tolerance and transition probability is robust to a large set of demographic

and source job controls.

Beyond this relationship between risk tolerance and binary transition probability, risk

tolerance also predicts the size of the transition. As shown in Table 2.10, moving from the

lowest possible level of risk tolerance to the highest is associated with a significant increase

in absolute skill distance—about double the effect of involuntary departure (from Table

2.5). There is generally not a significant relationship between risk tolerance and the other

skill distance measures, which capture direction. This makes sense in a world where workers

32



Table 2.9: Probability of Any Job Transition in a Given Year
(1) (2) (3) (4)

Risk tolerance 0.014*** 0.014*** 0.015*** 0.013***
(0.004) (0.004) (0.004) (0.004)

Controls:
Demographics ✓ ✓ ✓ ✓
Job vars. ✓ ✓ ✓
Year FEs ✓ ✓
Ooccupation & industry category FEs ✓

Transition probability:
Mean 0.280 0.280 0.280 0.280

R-squared 0.102 0.133 0.143 0.145
N 148490 148490 148490 148490
Robust standard errors in parentheses (* pă0.1, ** pă0.05, ***pă0.01)
Reflects a binary variable reflecting whether each worker made a job transition in each year in which they
are observed in the data, regressed on risk tolerance (normalized to a 0 to 1 scale) and (depending on the
specification) controls for worker demographics, characteristics of the worker’s current job, year fixed ef-
fects, and occupation and industry fixed effects for the worker’s current job.

are not able to precisely identify higher-skill jobs. Indeed, this is potentially the source of

the risk. While more risk-tolerant workers are more willing to move into jobs that are more

different from their own, they don’t seem to be able to move into strictly higher-skill jobs.

Table 2.10: Skill Distance and Risk Tolerance
Absolute skill Relative skill

distance Underskill Overskill distance
Risk tolerance 0.062*** 0.029 0.039* -0.006

(0.021) (0.020) (0.020) (0.020)

Controls:
Demographics ✓ ✓ ✓ ✓
Job & transition vars. ✓ ✓ ✓ ✓
Year & occupation, industry cat. FEs ✓ ✓ ✓ ✓

R2 0.063 0.094 0.139 0.162
N 30347 30488 30488 30488
Robust standard errors in parentheses (* pă0.1, ** pă0.05, ***pă0.01)
Reflects the skill distance of each observed job transition regressed on risk tolerance (normalized to a 0 to 1 scale)
and controls for worker demographics, characteristics of the worker’s current job, year fixed effects, and occupation
and industry fixed effects for the worker’s current job.

Finally, bigger skill distance moves are, in fact, riskier. Proxying occupation quality
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with the mean real wage of each occupation in the sample, Figure 2.4 shows that higher

absolute skill distance is associated with greater variance in the change in job quality

following a transition. Specifically, the dispersion of outcomes is monotonically increasing

in the absolutes skill distance quartile of the transition. In other words, making a larger

transition in terms of absolute skill distance can result in moves to much higher-quality

jobs or much lower-paying jobs. Notably, this is true even when limiting the sample to

voluntary transitions; while the distributions for involuntary departures are less favorable,

moves to lower-quality occupations are not driven only by these involuntary transitions.

(a) All Transitions (b) Voluntary Transitions (c) Involuntary Transitions

FIGURE 2.4: Change in Job Quality by Absolute Skill Distance Quartile

Taken all together, these patterns are consistent with a world in which big career moves

are risky because job skill level and quality are difficult to observe during job search, with

higher uncertainty about jobs that are more distant from your current field. Due to this

uncertainty, more risk-averse workers avoid making larger transitions. Thus, even though

large upward transitions are so advantageous, we do not observe many in practice. Further,

since workers are not able to perfectly observe aggregate job skill levels ex ante, we see

workers making transitions both up and down the skill ladder. The next section presents a

model exploring the implications of these hypothesized conditions.
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2.4 Model
2.4.1 Model Set-up and Intuition

Workers are characterized by their education level αi (less than college or college grad-

uate), skill level κi, and heterogeneous risk aversion γi. Jobs are characterized by their skill

requirement κj and job quality qj, which is assumed to be imperfectly correlated with skill

requirements (as observed in the data).

There are two periods. In period 1, workers choose a job search strategy s defined by

an absolute skill distance range. Workers are only able to choose the absolute skill distance

over which they are searching for jobs, reflecting the idea that they are uncertain about

aggregate job skill levels ex-ante, and thus cannot precisely target strictly higher-skill jobs.

Workers then draw a new job from a known distribution that depends on their chosen

strategy s. They receive a wage in the new job determined by their education and skill

levels and the new job’s skill requirements and quality. Thus, workers choose a search

strategy s to maximize expected utility in period 2 according to:

max
s

E[u(wij1(αi, dij1 , qj1), γ)|s, αi, κi] (2.1)

where wij1 is the wage in the destination job (j1), αi is the worker’s education level,

dij1 = κj1 ´ κi is the distance between the job’s skill requirement and the worker’s skill level,

and qj1 is the job’s quality.

To provide intuition about the mechanisms through which skill mismatch and risk tol-

erance influence workers’ job search decisions in this setting, the remainder of the section

solves a simplified version of the model. The model specification used for estimation is

presented in the following section.

Solution to simplified model: Start by specifying the wage function as follows:

wij = βeαi + βqκj + βs(κi ´ κj) (2.2)

Where βe captures the effect of education on the wage level, βq captures the effect of job
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quality (assumed to be equal to skill level in this simplified version of the model) and βs

captures the effect of skill distance, or skill mismatch.

The job search strategy determines the variance of the distribution of skill levels from

which the worker is drawing their new job. This captures the idea that workers can influence

the riskiness of their job search strategy. The specification used in estimation introduces

more complex distributions that approximate discontinuous skill distance ranges, reflecting

the idea that workers can choose to look “closer” or “further” from their current job, but

these discontinuities make a closed-form solution intractable. So, for this example specify

the distribution of new job skill level κj1 as a function of search strategy s as follows:

κj1 „ N(κi + ds, σ2(s)) (2.3)

Where κi is the worker’s current skill level (i.e., search is centered around the worker’s

current skill), d ě 0 is a risk premium implying that workers who choose riskier search

strategies are able to (imprecisely) target somewhat higher skill jobs by shifting the center

of the distribution upwards, and σ2(s) is the variance of the distribution, which is assumed

to be monotonically increasing in s. In other words, choosing a higher level of s results in

higher risk.

Finally, worker utility over wages follows a simple CARA form:

U(wij) = ´ exp(´γiwij) (2.4)

where γi ą 0 is worker i’s coefficient of absolute risk aversion.

Then, workers choose s to maximize expected utility in their new job j1:

max
s

E[U(wij1)] = ´ exp
(
´γE[wij1 ] +

1
2 γ2 Var[wij1 ]

)
Taking the expectation of wages over the distribution of new job skill level depending

on search strategy s yields expected wage:

E[wij1 ] = βeαi + βqκi + βds (2.5)
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with variance: Var[wij1 ] = β2σ2(s) (where β = βq ´ βs).

Substituting this into the utility function gives expected utility:

E[U(wij1)] = ´ exp
(
´γ(βeαi + βqκi + βds) + 1

2 γ2β2σ2(s)
)

Collecting only the terms dependent on s into Ψ yields the following first order condition:

dΨ
ds

= ´γβd + 1
2 γ2β2 dσ2(s)

ds
= 0

Rearranging terms, we can derive the following condition for the optimal search strategy:

1
2

γ2β2 dσ2(s˚)

ds
= γβd ùñ

dσ2(s˚)

ds
=

2d
γβ

The above implies that, as long as βq ą βs, more risk-tolerant workers choose higher

s because they are willing to accept higher variance for higher expected wages. In other

words, as long as the skill mismatch penalty is sufficiently low, the wage benefits of moving

up the skill ladder outweigh the wage penalty of skill mismatch, and workers will accept

some degree of risk for the chance to move up the skill ladder, depending on their risk

tolerance.

2.4.2 Estimation

The model specification used for estimation is more complex, and does not permit a

closed-form solution. It includes a richer wage equation, CRRA utility, and discontinuous

distributions of new job skill level that capture the idea of workers searching in absolute

skill distance “ranges.”

Wage determined based on worker education and skill level and job skill level and quality

as follows:

wi j = β1qj + β2dij + β3((1 ´ αi) ˚ dij) + β4(αiqi) (2.6)

where qj is job quality, dij = κj ´ κi captures relative skill distance, and αi is the worker’s

education level. For computational tractability, skill levels and job skill requirements are
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reduced to uni-dimensional variables capturing aggregate skill levels. There are two educa-

tion (α) groups, comprised of workers without a college degree and workers with a college

degree.

Worker utility is given by:

U(wij) =
w(1´γi)

ij

(1 ´ γi)
(2.7)

For estimation, workers take one of four possible values of risk aversion γi, determined

based on their self-reported risk aversion and mapped into values ranging from 0 (no risk

aversion) to 5 (highest possible risk aversion).

Workers choose one of four possible skill distance strategies (s = 0 to 3), where 0

represents the special case of a zero-distance move (stay in the same occupation) and 3

targets the largest absolute skill distance. This richer distributional specification is meant

to capture the idea that workers are able to tell roughly how different a job is from their

current one (absolute skill distance), but not necessarily whether it’s higher- or lower-skill

(relative distance). In this version, workers choose a search strategy that determines the

distribution of absolute skill distance from which they are drawing their new job as follows:

D(s) „ N(µD2s´1, σ2
D exp(1.1s)) (2.8)

where µD and σD are distributional scaling parameters to be estimated. Intuitively, choosing

a higher s means a larger mean absolute skill distance as well as higher variance in the

distribution. The skill level of the new job is assumed to be centered around the worker’s

current job skill level (as suggested by the symmetry of relative skill distance around the

worker’s source job as shown in Figure 2.1).

Whether realized relative skill distance dij1 is positive or negative (upward or downward

move) then depends on a direction parameter pup (reflecting the idea that workers don’t

observe new job skill level κj1 or quality qj1 ex-ante) and a targeting parameter τ. To

provide some intuition for what these distributions look like in practice, Figure 2.5 shows

the distribution of new job skill levels k j1 for each non-zero search strategy (recall that for
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s = 0, workers simply remain in the same occupation, and thus get the same skill level).

This example shows distributions for a worker with current job skill level κj = 0.5 (hence

the distributions are centered around 0.5). This specification reflects the idea that workers

may target their job search in approximate ranges of absolute skill distance (“I want a job

similar to what I’m doing now” vs. “I want to do something totally different”).

FIGURE 2.5: Distribution of New Job Skill by Search Strategy

Due to the CRRA utility specification and discontinuities in the skill level distributions,

this version of the model does not permit a closed-form solution for the worker’s optimal

search strategy. Therefore, I use simulated method of moments to estimate the model

parameters. I estimate eight parameters in total: the parameters of the wage equation

(capturing the wage effects of skill mismatch (β2), the interactions of education level*skill

mismatch (β3), and education level*job quality (β4); β1 is held fixed at 1 for scaling), the

scaling parameters of the new job skill distribution δµ and δσ, and the directional parameters

of the new job skill distribution (τ, which captures the extent to which workers are able

to target higher-skill jobs, and the probability of moving up vs. down the skill ladder by

education category : pup,non´col and pup,col). Note that the probability of making an upward
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move is permitted to vary with education level, reflecting patterns observed in the data.

I estimated the model by matching moments relating to the absolute skill distance and

wage outcomes of each respondent’s largest (in terms of absolute skill distance) transition

in the sample. In particular, the estimation targets the mean and standard deviation of

absolute skill distance for each education-by-risk tolerance group, as well as the mean and

standard deviation of wage growth for each of these groups. As there are two education

levels and four levels of risk tolerance, this results in 32 targeted moments.

2.4.3 Parameter Estimates and Fit

The model is able to replicate empirical patterns of interest and closely matches data

moments. In particular, as shown in Figure 2.6, we see that the model generates a negative

relationship between absolute skill distance of transitions and risk aversion, as observed in

the data. Additionally, realized wage growth is higher for moves up the skill ladder, and

higher for college-educated compared to non-college-educated workers.

FIGURE 2.6: Moment Match

The parameter estimates also align with the empirical patterns documented previously.

In particular, as shown in Table 2.11, the effect of skill distance on wages (β2 and β3) is
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small compared to the impact of job quality and education level (β1 and β4) (recall that

β1 is fixed at 1 for scaling). Additionally, college-educated workers (pup,col) are much more

likely to move up the skill ladder than non-college-educated workers (pup,non´col), which

is consistent with the empirical result that a college degree predicts relative skill distance.

Notably, this was not a targeted moment. Finally, the positive estimate for (τ ą 0) indicates

that workers are able to noisily target higher-skill jobs to some extent.

Table 2.11: Parameter Estimates

Parameter Value

β1 1.0000
β2 -0.0331
β3 -0.0233
β4 1.3091
δµ 0.0083
δσ 0.0162
τ 0.1616
pup, non-col 0.2272
pup, col 0.6786

2.4.4 Counterfactual: Reducing Riskiness of Job Search

We can use the model to explore the impact of risk on worker’s transition decisions. In

particular, to the extent that larger transitions are riskier due to higher variance in out-

comes, risk-averse workers may be sacrificing potential wage gains from larger transitions.

To explore this idea, I run a counterfactual simulation with much lower variance (dividing

the estimated scaling parameter δσ by 10). Results are shown in Figure 2.7. Distributions

of skill distance and wage change using the actual estimated parameters are shown in blue,

while distributions generated using the lower δσ value are shown in green. As anticipated,

reducing the variance component of risk (δσ) increases skill distance. However, the effect

on wages is mixed—the distribution of wage changes becomes more skewed relative to the

baseline, with a higher median but lower average. Notably, the probability of moving up or

down the skill ladder was unchanged. Simply reducing the variance in outcomes of larger

transitions, while preserving the downside risk, induces workers to make larger transitions.
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FIGURE 2.7: Counterfactual Simulation: Reducing Risk

2.4.5 Counterfactual: Comparing Skills Training and Job Search As-
sistance

The relative importance of skill mismatch compared to risk aversion in worker transition

decisions has important implications for the effectiveness of different active labor market

policies. I use the model to present a stylized example of this dynamic. In particular, to

the extent that workers are avoiding larger transitions due more to risk aversion than a lack

of the necessary skills, job search assistance that tempers the riskiness of larger moves will

be more effective at improving wage outcomes than skill training programs.

I first simulate the effects of a “skills training” intervention that increases each worker’s

current skill level si by a moderate amount (based on the skill updating rate over a one-year

period). As shown in the top column of Figure 2.8, this intervention does not shift worker

search strategies or wage growth outcomes. This is due to the fact that the estimated skill

mismatch penalty (β2 + β3) is small compared to the effect of job quality, and most workers

are already relatively highly skilled compared to the distribution of jobs they are drawing

from. Note that this is likely an overly restrictive characterization of most skills training

interventions, as it assumes that the intervention does not change the distribution of jobs

the worker is drawing from (whereas many skills training interventions could feasibly be
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FIGURE 2.8: Counterfactual Simulations: Skill Training vs. Job Search assistance

signaled to employers, thus presumably enhancing workers’ access to higher-skill jobs).

I next simulate the effect of a “job search assistance” intervention that increases the tar-

geting parameter τ by « 1/3 of the std. deviation of absolute skill distance. In other words,

this intervention helps workers to better target higher-skill jobs, shifting the distributions

they are drawing from to the right. As expected, many workers choose to make larger tran-

sitions when facing more favorable distributions. This can be seen in the bottom lefthand

graph in Figure 2.8, as the distribution of realized absolute skill distances of transitions

shifts rightward, with a particular redistribution of mass from the lower values of absolute

skill distance. This combination of larger transitions and better job targeting results in
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higher wage growth for workers on average, as it allows them to move into higher-skill jobs.

While these simplified counterfactuals abstract from much of the real-world complexity

of these policies, they capture an important idea. To the extent that workers are not making

large transitions because of risk aversion rather than insufficient skills, skills training will

be less effective than we would expect without accounting for risk aversion. For example,

much of the discourse around displaced manufacturing workers impacted by the “China

shock” has been focused on retraining and skills updating. However, such policies may fail

to induce labor reallocation if risk aversion is also at play.

2.5 Conclusion

The results presented above show that large, steep transitions up the job ladder yield

large and immediate wage growth premiums compared to other transitions. That is, workers

moving into jobs for which they are meaningfully underskilled realize the highest wage

growth upon transition, even compared to workers whose skills are well-matched to their

new job. However, such transitions are rare, which is often attributed to skill mismatch

costs. This paper presents risk as an additional explanation. In particular, to the extent

that larger occupational transitions are riskier and workers are risk averse, this risk may

discourage big career jumps. Empirical patterns support this hypothesis, and a simple

model of worker transition decisions incorporating this idea is able to match observed

transition outcomes quite well. Directions for future research include exploring the role of

selection in making larger upward moves, which is partially addressed in this analysis with

worker fixed effects, but is difficult to fully account for without firm-side data. The role

of worker risk tolerance compared to skill mismatch in transition decisions has potentially

important implications for active labor market policies, such as weighing the benefits of job

search assistance compared to retraining.
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3. Soft Skills and Hiring

3.1 Introduction

Developing country labor markets often suffer from inefficiencies that contribute to

high turnover and persistently high unemployment, especially among youth (Donovan et

al., 2023). A significant factor is information frictions: firms have limited information

about prospective workers’ skills, particularly “soft” skills that are difficult to observe but

correlate with productivity (Adhvaryu et al., 2023; Autor & Scarborough, 2008). This lack

of information can lead to lower productivity, wages, and higher worker turnover (Blattman

& Dercon, 2018). At the same time, these frictions can make firms wary of hiring younger,

less experienced workers, making it difficult for young people to get a foothold in the formal

labor market and stunting human capital accumulation.

In South Africa, these information frictions are highly relevant. The unemployment

rate exceeds 30% (Africa, 2023), and firms express a willingness to pay for information

about applicants’ soft skills (Abel et al., 2020; Carranza et al., 2022). High turnover rates

(Benner et al., 2007; Zizzamia & Ranchhod, 2019) further exacerbate the problem. These

issues are not unique to South Africa—many other developing-country labor markets are

also plagued by persistent unemployment along with indicators of information frictions and

frequently low match quality (Abebe, Caria, & Ortiz-Ospina, 2021; Bassi & Nansamba,

2022; Hardy & McCasland, 2023). Thus, finding ways to reduce these frictions could be

extremely impactful given the scale and generalizability of the problem.

In an effort to address these frictions, we provide experimental evidence on how incor-

porating information about job applicants’ soft skills in firms’ hiring decisions affects both

firm and workseeker outcomes. The soft skills measure we utilize captures concepts like

initiative, tenacity, and willingness to learn over time, which have been shown to meaning-

fully predict important behaviors and outcomes (Duckworth & Quinn, 2009; Dweck, 2006;

Gable et al., 2000). Partnering with the largest recruitment agency in South Africa, we

randomize the criteria used to shortlist job applicants for job listings at partner firms. We
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test whether including measures of soft skills in candidate ranking leads to better firm-

worker matches, more inclusive hiring, and more hiring overall. We are also able to test

for negative spillovers for jobseekers who are randomly displaced from shortlists due to our

treatment, whom we term “counterfactual” applicants. Our results are largely positive, sug-

gesting that including soft skills information leads to increased overall hiring with limited

negative spillover effects.

Our experiment randomizes roughly 1,000 online job listings on our partner’s job search

and matching platform. All employers who list a job on the platform receive a ranked

shortlist of applicants who are considered to be the best potential match for the vacancy.

Our treatment alters the algorithm used to rank applicants for this shortlist. While appli-

cants to job listings in the control group are ranked using the platform’s current default

algorithm, which is based on traditional criteria such as educational credentials and formal

work experience, applicants to job listings in the treatment group are ranked using our

updated algorithm, which incorporates information about applicants’ soft skills in addition

to these original criteria. Notably, the experiment is double-blind in the sense that neither

jobseekers nor employers know which algorithm a given job listing is using—all listings look

the same to applicants, and all shortlists look the same to employers. After the random-

ization, shortlisting, and hiring for a given vacancy has been completed, we collect data

on hiring outcomes for the specific vacancy as well as broader job search and employment

outcomes, for both shortlisted and non-shortlisted applicants.1

Our first set of results document the direct effect of our treatment on the hiring process

and outcomes, broadly suggesting that incorporating soft skills boosts hiring throughout

the recruitment funnel. In particular, we find that employers in the treatment group issue

more interview invitations and make more hires compared to those in the control group. We

also observe directional evidence of more inclusive hiring—treated vacancies tend to hire

a greater number of younger workers with less formal labor market experience—consistent

1 We are also in the process of collecting longer-term follow-up data from firms and workseekers in order
to study outcomes such as attrition, job and firm performance, and career trajectories over a longer time
horizon. We plan to include these longer-term results in a subsequent paper.
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with the idea that including information about soft skills in the hiring process may help

identify strong candidates from disadvantaged backgrounds who may lack formal creden-

tials.

At the same time, our analysis of “counterfactual” applicants suggests that the inter-

vention does not lead to negative spillover effects that reduce employment prospects for

untreated workers. We find that counterfactually shortlisted applicants (those who would

have been included on the shortlist under the alternative ranking algorithm to the one ac-

tual applied for each vacancy) are less likely to be employed at the time of our short-term

follow-up survey, but this effect is entirely driven by the direct displacement mechanism. In

other words, these applicants are less likely to receive offers for jobs in our experiment be-

cause they were not included on one final shortlist given to employers, which is the specific

treatment we implement. However, when we adjust for this direct displacement effect, we

find no other evidence that untreated jobseekers suffer broader employment losses. Specif-

ically, the probability of being employed outside our experimental vacancies is unchanged,

and we find no evidence of discouragement effects in the job search behavior post-treatment

of counterfactual list applicants. This suggests that workers who miss out on a job in our

experiment do not face lasting disadvantages in the broader labor market.

This paper contributes to two broad areas of existing literature. First, it adds to a large

body of existing work evaluating the effectiveness of different labor market intermediation

services in developing countries. Our experiment provides novel insights in this area by (1)

exploiting our unique access to both firm- and worker-side data, which allows us to better

understand the potential mechanisms of our treatment effects and also directly study the

effect of treatment on the composition of hired workers, and (2) using follow-up data on

“counterfactual” applicants (those displaced on shortlists by our treatment) to explore the

potential spillover effects of labor market policies that shift hiring criteria—a question with

critical and timely policy relevance and little conclusive evidence. Second, by testing the

inclusion of soft skills measures as one specific potential route to improving labor market

intermediation, we add to a relatively new but growing literature on soft skills in hiring.
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Providing intermediation services to reduce labor market frictions has long been viewed

as a promising direction for policy and research but has yielded mixed results in practice,

particularly in developing countries. However, recent developments in the accessibility of

large online job-matching platforms such as the one used in our study offer new opportu-

nities for intervention design and scale (Behaghel et al., 2024; Belot et al., 2019; Ben Dhia

et al., 2022; Fernando et al., 2023; Kelley et al., 2024; L. Wheeler et al., 2022). In high-

income countries (e.g. the U.S. and Europe), public and private job-matching services have

been widely implemented and evaluated. Meta-analyses of active labor market programs

find that job search assistance and placement services generally have modest but positive

short-run effects on employment, with larger gains in the medium and longer run, espe-

cially for disadvantaged jobseekers, though results vary by context (Card et al., 2018). In

developing countries, however, labor market intermediation experiments have often found

disappointingly small effects on employment, consistent with severe structural frictions.

More traditional, in-person interventions like transport assistance or job fairs generally

have not led to significant employment gains (Abebe et al., 2023; Bassi & Nansamba, 2022;

Groh et al., 2015). At the same time, low-touch online interventions, like encouraging un-

employed youth to sign up on job portals or providing information about vacancies, also

often show no effect (Afridi et al., 2023; Chakravorty et al., 2023; Jones & Sen, 2022). One

interpretation is that when frictions are primarily informational, simply expanding access

or contact is not enough—the content of information must improve. Our results suggest

that including soft skills in hiring may help achieve this objective.

Our first novel contribution in this space is studying the impact of our labor market

intermediation with data from both sides of the labor market. In particular, since our

experiment is conducted on a centralized job search and matching platform, we can observe

rich data on applicant demographics and job search and application behavior, as well as

detailed data on each job listing and the employer posting it. By contrast, much of the

existing literature in this area focuses on only one side of the market. For example, a large

number of papers study worker-facing interventions that improve the information available
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to jobseekers (e.g., about their skills or labor market prospects), but are unable to study

any resulting changes in firm hiring directly (Busso et al., 2023; Heller & Kessler, 2024).

On the firm side, existing work testing alternate hiring processes is generally unable to shed

light on the effect of treatment for applicants, especially those who aren’t hired (Autor &

Scarborough, 2008; Hoffman et al., 2018). Thus, our combination of worker and firm data

allows us to provide a novel set of results that captures both firms-side outcomes, such as

how many interviews and job offers are extended per vacancy, as well as outcomes for all

applicants (whether shortlisted or hired or not) such as employment (whether with a firm

in the sample or not) and subsequent job search behavior.

Our second novel contribution to work studying labor market intermediation services

is our “counterfactual” analysis, which allows us to study the spillover effects of our treat-

ment. This is crucial to understanding whether an intervention will generate net positive

employment effects in a labor market in aggregate after accounting for impacts on untreated

workers. As such, it has increasingly been a focus of research in this area. Perhaps most

prominently, Crépon et al. (2013) find that positive effects of intensive, in-person job search

advice in France are almost completely offset by negative spillovers on untreated jobseekers.

However, evidence from other contexts paints a more mixed picture. Cheung et al. (2025)

find that negative spillovers offset some but not all of the positive effects of more frequent

meetings between jobseekers and job search advisors in Sweden. Gautier et al. (2018) sim-

ilarly find small but positive effects of mandatory job search advice and applications in

Denmark once they take spillovers into account. Ferracci et al. (2014) show that training

for unemployed jobseekers in France produces negative spillovers on other jobseekers. Field

et al. (2023) find no evidence of negative spillovers on untreated jobseekers of an interven-

tion that encourages additional job applications in Pakistan. We add a piece to the puzzle

by providing a new approach for analyzing spillover effects, as well as evidence pointing to

relatively small spillovers in our context.

Given the specific intervention we are testing, we also contribute to a growing literature

on soft skills in hiring. While several papers study the effects of varying hiring information
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or criteria, our results reflect a unique combination of focus and experimental design. For

example, many existing papers investigating hiring criteria alter several aspects of the crite-

ria or hiring process at once, making it difficult to judge the efficacy of any single criterion

(Autor & Scarborough, 2008; Hoffman et al., 2018). Additionally, among interventions that

study soft skills exclusively, ours is the only one that is double-blind, allowing us to learn

more about the mechanisms through which incorporating soft skills into the hiring process

improves outcomes. In particular, the closest existing work in this area studies the inclu-

sion of soft skills in hiring through formal testing and certifications distributed to either

the worker or the firm (Bassi & Nansamba, 2022; Laajaj & Macours, 2021), potentially

complicating interpretation. In our case, on the other hand, we can rule out mechanisms

such as workers updating their beliefs about their own soft skills or firms receiving explicit,

formal signals of these skills. Instead, it appears that firms already screen for soft skills

to some extent (likely implicitly), and thus the control ranking algorithm, by ignoring soft

skills, wasn’t delivering applicants that were best-matched with employer preferences on

average. This result adds important nuance to existing evidence on soft skills in hiring.

Section 2 describes the context of our experiment, while Section 3 lays out the experi-

mental design. Section 4 discusses the data sources and sample used in our main analysis.

Section 5 provides results, and Section 6 concludes.

3.2 Context

This section describes the research context of our experiment. It provides additional

detail on the economic environment in which the study takes place, as well as a description of

our research partner and the online job matching platform through which the experiment is

implemented. This context is important for interpreting the experiment and results, as well

as for understanding the potential for generalizability and scalability of the intervention.

3.2.1 Economic Environment

Our study takes place in South Africa, a middle-income country that faces a blend

of labor market challenges. Like many developing countries, South Africa’s economy is
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characterized by high unemployment, particularly among youth. As of the first quarter of

2023 (roughly when our study began), the overall unemployment rate stood at over 30%,

while the unemployment rate for those under 34 years old stood at over 40% (Africa, 2023).

Wage labor is the primary source of income for most workers and most employment is within

formal firms, though not always covered by formal contracts. Similar to many developed

economies, entry-level employment is mainly in service industries (especially retail and

restaurants) or, to a lesser degree, manufacturing (Africa, 2023). Given the limited viability

of entrepreneurship or self-employment, helping improve the hiring efficiency and match

productivity of vacancies in formal firms is of critical importance for improving labor market

outcomes in this setting.

At the same time, firms struggle to identify and hire workers who are a good match with

the job. Despite such high rates of unemployment, there are also high rates of turnover and

absenteeism among workers, suggesting low match quality (Benner et al., 2007; Zizzamia

& Ranchhod, 2019). This reflects in part the difficulty of screening and hiring suitable

workers due to information frictions. In particular, employers lack credible information

about workers’ skills, as indicated by existing research and our own conversations with

employers. In similar contexts, workseekers with credible signals of their skills or past

performance are more likely to be employed, and firms are willing to pay for information

about applicants’ skills (Abel et al., 2020; Carranza et al., 2022). Employers in our study—

those using our research partner’s job matching platform—face similar challenges. Based on

data from the platform, only 66% of observed vacancies make a hire, despite large applicant

pools (median 83 applicants per vacancy). Employers on the platform have also directly

communicated that certain worker skills and attributes, like soft skills, are crucial for many

roles but difficult to observe—a major impetus for our study.

3.2.2 Research Partner

To implement our experiment, we partnered with the largest youth unemployment ser-

vices provider in South Africa. This non-profit organization works closely with the South
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African government to design and implement programs aimed at reducing unemployment

through job search support and partnerships with employers, primarily targeting disadvan-

taged workseekers aged 18 to 35. In particular, they maintain a large online job search and

matching platform that provides an ideal setting for our study.

Our partner’s online job search and matching platform captures a large and dense swath

of the South African labor market. Given the organization’s focus on youth unemployment,

usage of the platform is generally limited to workseekers under the age of 35 (as verified

through a South African ID number or similar documentation upon sign-up) from disad-

vantaged backgrounds. Within these parameters, the site has over four million users, over

a quarter of whom were active on the platform in the past year. Importantly, the site is

“zero-rated,” meaning that interacting with it through a cellular network does not incur cell

data charges (a major expense for many South Africans), boosting utilization compared to

comparable for-profit job search websites. As the majority of these workseekers have little

or no formal work experience, the platform primarily aims to match users with entry-level

jobs. The platform directly partners with over 2500 employers spanning the private and

public sectors, and also aggregates job opportunities from other job search websites, such

that in practice the site contains the near-universe of entry-level formal job openings in

South Africa at any given time.

For employers that directly post job vacancies on the platform, applicants are ranked and

ordered according to an algorithm (described in more detail in Section 3.3) that attempts

to capture their fit for the job based on their education, work history, and geographic

proximity to the job. These rankings are automatically provided for all opportunities

created on the platform, and employers can view and use them at their discretion. However,

some employers choose not to interact directly with the platform, but instead rely on our

research partner to manage their vacancy posting and provide them with a ranked shortlist

of applicants. We use this subset for our experiment as we can exercise full control over

the applicant shortlist (and ranking of applicants on each shortlist) from which employers

hire for these vacancies. As shown in Section 3.4.2, these vacancies are broadly distributed
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geographically and in terms of industry. That said, the sample is concentrated in the urban

centers of Johannesburg and Capetown, and in the retail, insurance, and other business

services sectors, reflecting patterns in the full set of vacancies on the platform (and in the

South African labor market more broadly) (Africa, 2023).

3.3 Experimental Design

To test the impact of including information about soft skills in hiring, we partner with

a South Africa-based non-profit social enterprise (described in more detail in Section 3.2.2).

Our research partner operates an online job search and matching platform that helps match

young workseekers to entry-level work and training opportunities. In particular, the plat-

form uses an algorithm based on hiring criteria such as education, work experience, and

distance from the posted job to rank applicants to each vacancy. Employers then select

candidates to interview and hire based on this ranked list. Using a sample of job postings

from the platform’s partner firms, we explore the effects of including information about job

applicants’ soft skills in the candidate ranking algorithm.

The sections below describe the control and treatment ranking algorithms, our random-

ization protocol and experiment timing, and how we measure soft skills.

3.3.1 Ranking Algorithm

The platform’s current ranking algorithm serves as the control in our experiment. Our

alternative ranking algorithm, which incorporates a measure of applicants’ soft skills in

addition to the criteria used in the current ranking algorithm, is the treatment. We also

tested, on a smaller subset of vacancies, a second alternative ranking algorithm that replaced

some of the criteria in the current ranking algorithm with the soft skills measure, though

this subset is not included in the primary results.2

For each applicant to a given vacancy, the ranking algorithm first calculates an inter-

2 We ultimately dropped this second treatment group in order to maximize statistical power, due to sample
size constraints. However, this smaller “soft skills only” treatment sample allows us to directionally explore
non-linearities in the intensity of the emphasis placed on soft skills (relative to other criteria) in the applicant
ranking algorithm.
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mediate score that is based on the applicant’s formal education and work history as well as

the job type. In particular, the platform sorts vacancies into one of four job “quadrants,”

and ranking score formulas vary slightly between quadrants (mostly in order to capture

the relevance of the applicant’s past work experience to the job type in question). The

four quadrants reflect the categorical product of (customer-facing or non-customer-facing)

x (low-complexity or high-complexity), such that each quadrant captures the relative de-

gree of customer interaction required as well as the relative complexity of the role. For

example, a job as a server at a restaurant would be sorted into the “customer-facing low-

complexity” quadrant, while a dishwasher job at the same restaurant would fall into the

“non-customer-facing low-complexity” quadrant. Once the intermediate score has been de-

termined, the final rank is calculated by adjusting this intermediate score to (very slightly)

boost inclusivity and to prioritize applicants who are located nearer to the job.

The intermediate (excluding geography) ranking score used for applicants to control

group vacancies (the current default on the platform) is based on their education and

formal work experience relative to the job quadrant and is calculated as follows:

RankControl = max
(
[β1Quintile+ β2Maths Lit+ β3(Pure Maths

+ β4Has Pure Maths) + β5Has Degree+ β6Has Diploma

+ β7Has Exp. in Quadrant

+ β8Has Exp. in Other Quadrant]/C1, C2

)
where “Quintile” captures the quintile rank of the secondary school the applicant attended

(workseekers from lower-ranked schools get a boost), “Maths Lit,” “Pure Maths,” and “Has

Pure Maths” capture the mathematics track the applicant chose in secondary school and

their score on the relevant test3, “Has Degree” captures whether the applicant obtained their

matric degree (roughly equivalent to a high school diploma in the U.S.), “Has Diploma”

captures whether the applicant has obtained any post-secondary diploma, and “Has Exp.

3 Specifically, “Maths Literacy” and “Pure Maths” are the two core math options South African secondary
school students may choose from. “Pure Maths” is generally considered more technical, so applicants who
chose this track get a boost.
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in [Other] Quadrant” captures whether the applicant has any formal work experience in a

job in the same [any other] quadrant as the job in question. The coefficients, as well as

constants C1 and C2, are quadrant-specific scaling parameters. The maximization ensures

that all intermediate rank scores are bound below by a constant floor (C2), accounting for,

e.g., missing data in some score components.

The intermediate ranking score for applicants to treatment group vacancies is then given

by:

RankTreat = RankControl ˚ Soft Skill Score

where the Soft Skill Score is a standardized sum of scores for the three soft skill measures

used, as described in Section 3.3.3 below. In other words, the applicant’s soft skills score is

incorporated multiplicatively on top of the baseline rank score.

Then the final score used to rank applicants, depending on treatment assignment T,

incorporates a small inclusivity boost as well as geographic proximity to the job, and is

given by:

Final RankT = Inclusivity ˚ Geo ˚ RankT

where “Inclusivity” reflects a small boost of 1.01 for women applicants, while “Geo” is based

on the distance between the worker’s reported address and the job location, calculated using

a bounded geometric decay function.

Once the Final Rank has been calculated, applicants are sorted and displayed according

to their Final Rank score, with higher-scoring applicants appearing higher on the list.

3.3.2 Randomization and Timing

Overall, we randomized a sample of over 1,000 job vacancies on the platform. Assign-

ment of vacancies to treatment and control groups was conducted in real time, based on

pre-generated sequences of random assignments stratified within blocks. The timing of

job postings depends on employer demand and was therefore not uniform or precisely pre-

dictable. The chain of events after a vacancy is randomized, up until an applicant is hired
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and starts work, is laid out in Figure 3.1. The randomization and treatment stage of the

experiment started in November 2022 and finished in the latter half of 2024. Outcome data

collection (as described below and in more detail in Section 3.4.1) started in January 2023

and is planned to finish by the end of 2025.

FIGURE 3.1: Experiment Chain of Events

The randomization and data collection process for each job posting is as follows:

1. Platform staff members share a pre-filtered applicant list with the research team.

This list includes only the applicants who meet baseline requirement for the job as

specified by the employer (e.g., located within 10 miles of the job).

2. The job posting is randomly assigned to either the control group or the treatment

group.

3. The research team ranks the candidate list according to the algorithm specified by

the assignment from step 2.

(a) Candidate lists for job postings assigned to the control group are ranked using the

platform’s traditional algorithm, which is based on education, work experience,

and distance from the job.

(b) Candidate lists for job postings assigned to the treatment group are ranked using
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an algorithm that is based on the criteria listed above as well as a measure of

the candidate’s soft skills.

4. The research team shortens the ranked list to either the top 20 applicants by rank or

the top n*4 applicants by rank (whichever is greater), where n is the target number

of hires listed by the employer (e.g., n would be equal to four if a retailer posted a

job ad looking to hire four cashiers).

5. This ranked shortlist is sent to the employer, with a note at the top of the list

explaining that the applicants are ranked according to their expected fit with the job.

6. After the shortlist is shared with the employer, we conduct a short-term survey with

the shortlisted applicants, as well as applicants who would have been shortlisted, to

measure interviews, offers, and employment at the job for which they applied, as well

as employment, wages, promotions, job satisfaction, turnover, and job search more

broadly.

7. We also survey the employer about their hiring decisions for the job they posted, as

well as post-hiring outcomes for any hired applicants, subsequent hiring, and branch-

level performance.

8. Finally, we conduct a second round of follow-up interviews with the applicants sur-

veyed in step 6 to measure longer-term labor market outcomes.

The results presented in this paper primarily utilize data from our short-term workseeker

follow-up survey, as outlined in Step 6 above and in more detail in Section 3.4.1. Data

collection for the firm surveys and long-term workseeker follow-up surveys is still in progress.

3.3.3 Measuring Soft Skills

we construct a measure of workers’ soft skills using a weighted average of Behavioural

Activation (Gable et al., 2000), Grit (Duckworth & Quinn, 2009), and Growth Mindset

(Dweck, 2006) scales. Motivated by existing research in psychology and behavioral eco-

nomics, these scales are intended to capture initiative, tenacity, and willingness to learn

over time—traits that are valued by employers but difficult to observe. The Behavioural
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FIGURE 3.2: Soft Skills Assessment Timeline

Activation scale assesses intiative by gauging respondents’ degree of alignment with state-

ments such as “In the last week, I was active and achieved the goals I set out to do” (Gable

et al., 2000). The Grit scale assesses tenacity similarly, with statements such as “I have

overcome a setback to achieve an important goal” (Duckworth & Quinn, 2009). The Growth

Mindset scale assesses the degree to which respondents feel they can exercise control over

their own development and learning, using agreement with statements such as “No matter

who you are, you can change your skills a lot” (Dweck, 2006). We construct the aggregate

soft skill score used in the ranking algorithm by first summing the standardized scales and

then rescaling the sum to be between 0 and 1 (using the distribution of scores among all

workseekers on the platform).

These scales are self-administered on the platform and must be completed by applicants

in order to apply to the job postings included in the study. Workseekers already registered

on the platform were prompted to complete the assessment upon their first job application

after the experiment start date, while workseekers joining the platform after the experiment

start were prompted to take the assessment upon registration, as shown in Figure 3.2.

These soft skill assessments as originally developed were administered in-person by

our research partner during job search workshops. Before moving forward with the self-

administered, online version of the measure, we conducted a pilot study to confirm that
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the assessments remained valid in this format. Our pilot found that the online version

maintained strong psychometric properties, as shown in Appendix D. Further, our pilot

found no evidence of workseekers “gaming” the assessments or giving deliberately untruthful

answers, even under conditions emphasizing the potential importance of the assessments

(Appendix D).

Table 3.1: Properties of Soft Skill Measures in the Full Sample
Correlation coefficients Cronbach’s α
Grit GM BA

Grit 1 0.38 0.53 0.73
Growth Mindset 1 0.27 0.74
Behavioral Activation 1 0.87

Examining the properties of the soft skill measures in our final sample increases our

confidence in their validity and high signal content. First of all, measures for each of the

scales are highly (but not perfectly) correlated, as shown in Table 3.1, suggesting distinct

but related concepts as we should expect from prior research. Second, the distribution of the

final aggregate soft skills score, as used in the treatment ranking algorithm, displays a good

deal of variation and a roughly normal (right-truncated) distribution (Figure 3.3). This

again suggests that workseekers are not responding disingenuously to inflate their scores.

Finally, it appears that our soft skills measure is meaningfully predictive of behavior and

resulting outcomes. In the full sample, the aggregate soft skills score predicts planned

search and work outcomes in the control group (i.e., workseekers who applied to vacancies

that did not use soft skills in the ranking algorithm), as shown in Table 3.2.
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FIGURE 3.3: Distribution of Aggregate Soft Skill Measure

Table 3.2: Soft Skills Predict Planned Search and Work Outcomes in the Control Group
Planned search Work

(1) (2) (3) (4) (5) (6)
Hours Expend Apps Any Hours Earnings

Soft skill score (z) 3.455˚˚˚ 24.070˚˚˚ 3.735˚˚˚ 0.014˚˚˚ 0.636˚˚˚ 195.027˚˚˚

(0.507) (6.583) (0.293) (0.005) (0.177) (45.319)
Any work experience -1.854˚ -26.383˚ 1.101˚ 0.008 -0.419 13.148

(1.010) (13.511) (0.584) (0.010) (0.359) (88.005)
Math score (z) -0.411 -23.578˚˚˚ -0.414 -0.009˚ -0.367˚˚ -61.529

(0.496) (6.463) (0.293) (0.005) (0.176) (45.158)
English score (z) 0.781 -0.351 1.857˚˚˚ 0.010˚˚ 0.525˚˚˚ 90.289˚

(0.505) (6.544) (0.273) (0.005) (0.186) (50.497)

Control mean 46.772 571.251 31.127 0.394 9.102 2012.282
Observations 9903 9886 9879 10100 10088 10061
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3.4 Data and Sample
3.4.1 Data Sources

Our primary data source for the analyses presented in this paper is short-term follow-up

surveys with jobseekers who applied to the job listings in our sample. We supplement this

with backend data from our partner’s online job matching platform.

Our short-term follow-up surveys are administered within six months following random-

ization and shortlisting (the process illustrated in Figure 3.1), and collect data on labor

market outcomes, beliefs, and job search. After the ranked shortlist of applicants is shared

with the employer, we conduct a survey with the shortlisted applicants, as well as “counter-

factual” applicants (those who would have been shortlisted under the alternate treatment

assignment). The survey asks applicants about interviews, offers, and employment at the

job for which they applied, as well as employment, wages, promotions, job satisfaction,

turnover, and job search more broadly.

The specific outcomes we collect in this survey are as follows. In terms of hiring outcomes

for the sample job listing, we ask whether the applicant was invited to interview, whether

they attended interview or not (and if not why not), whether they were offered the job or

not, whether they accepted job or not if offered (and if not why not), whether they started

the job yet or not, and the start date of employment. In terms of job attributes (if hired),

we ask about the type of employment agreement (informal, formal with verbal contract,

formal with written contract), hours and days worked per week, and compensation levels

and types (e.g., salary vs. commission). If they are hired, we also ask about attrition and

tenure, including whether they are still in the job (if they have started work), why they left

(if they left), how long they anticipate remaining at the job, and their likelihood of quitting

in the next six months (if they haven’t left). In terms of job and match quality, we ask

workers for their reservation wage for the surveyed job and (if hired) a measure of worker

surplus. In terms of job search, we ask all respondents how much time and money they

are spending on job search, how many applications they are submitting, and their beliefs
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about their job-finding rate conditional on their self-reported job search behavior. Finally,

we also collect data on employment and earnings in out-of-sample jobs.

While survey data always carries some risk of response bias, our experimental design

ensures that there is minimal risk of response bias in our main outcome (employment)

that is correlated with treatment. Since the jobseekers in our sample do not know the

treatment status of the job they applied to, response bias or over-reporting of job offers or

hires for treated job listings due to, e.g., experimenter demand effects is unlikely. Further,

the surveys are administered either fully online or over the phone by field officers who

do not know the treatment status of the surveyed job opportunity, minimizing the risk of

surveyor-induced bias.

We supplement this survey data with platform data from our research partner’s job

search and matching website. We are able to collect from the website, for all registered

users, standard demographic variables, geographic data, education history, standardized

test scores, and formal work history. We are also able to observe users’ on-platform job

search behavior, including all applications they start and submit. Our research partner also

collects hiring data from the employers on their website directly. While this hiring data is

not suitable as a primary data source due to low response rate, we will use it to verify our

survey data.

Finally, there are several data sources we are currently in the progress of collecting and

incorporating into our analysis, which will be included in future work. In particular, we are

in the process of surveying the employers in our sample about their hiring decisions for the

job they posted, as well as post-hiring outcomes for any hired applicants, subsequent labor

demand and hiring, and branch-level performance. We are also currently conducting longer-

term follow-up surveys with workseekers (roughly a year to 18 months post-treatment) in

order to collect data on attrition, post-hiring outcomes, and career and earnings trajecto-

ries. These longer-term outcomes will allow us to say more about the potential changes in

match quality and labor demand induced by our treatment, as well as potential longer-term

spillover effects and career ladder effects for treated and counterfactual jobseekers.
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3.4.2 Sample

The sample used in our main analysis is made up of roughly 1,000 job listings from

our partner’s platform. Some of the employers who post job listings choose not to interact

directly with the platform, but instead rely on our research partner to manage their listings

and provide them with a ranked shortlist of applicants. We use job listings from this subset

of employers for our experiment as we are able to fully control the shortlists, and the ranking

of applicants on these shortlists, used in the hiring process. Employers generally do not

schedule job listings far in advance, but submit them as needed to fill vacancies. As such, we

add job listings to our sample in real time as they are posted to the platform, randomizing

them into the control or treatment group using pre-specified block randomization. Our

randomization ran from roughly the start of 2024 to the end of 2025.

Table 3.3: Job Listing and Applicant Sample
(1) (2) (3) (4) (5) (6)

Mean 5th perc. 25th perc. Median 75th perc. 95th perc.

Panel A: Opportunity characteristics
Number of positions 7.68 1.00 1.00 3.00 10.00 27.00
Number of applicants 858.50 36.00 156.00 363.50 838.00 2492.00
Number of shortlisted applicants 29.47 10.00 18.00 20.00 24.00 75.00

Panel B: Applicant characteristics
Average age 26.10 24.20 25.39 26.08 26.80 28.11
Fraction female 0.70 0.35 0.65 0.76 0.81 0.90
Fraction urban 0.89 0.43 0.89 0.98 1.00 1.00
Fraction any experience 0.60 0.25 0.44 0.60 0.75 0.93
English matric score 0.60 0.52 0.57 0.60 0.63 0.69
Math matric score 0.50 0.41 0.46 0.50 0.54 0.59
Soft skill score (0 to 1) 0.51 0.42 0.47 0.50 0.55 0.64

Thus, our unit of randomization, and the unit of analysis in our main hiring results, is

at the job listing level. Our sample of jobseekers is a subset of the applicants to these job

listings. In particular, we survey the jobseekers who are shortlisted for the job, as well as

the “counterfactual” sample of jobseekers who would have been shortlisted if the job listing

had been assigned to the alternative treatment group. We typically attempt to survey

all shortlisted and counterfactual applicants, except in cases in which the shortlists are

prohibitively long (e.g., because the employer specifically requested a very large shortlist),
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in which we case we interview a semi-random subset in which higher-ranked applicants

(those who are, all else equal, more likely to get the job) are more likely to be sampled. Job

listings may cover multiple vacancies; for example, a job listing for a waiter may be looking

to fill three waiter positions. Shortlists are then limited to either the top 20 applicants by

rank or the top n ˚ 4 applicants by rank (whichever is greater), where n is the target number

of hires listed by the employer (e.g., n would be equal to three in the prior example), except

in cases where employers explicitly ask for additional candidates (though this is rare).

Table 3.4: Balance
(1) (2) (3) (4) (5)

Control Treatment ∆ p(∆ = 0) Obs.

Panel A: Opportunity characteristics
Number of positions 7.30 8.05 0.75 0.51 985
Number of applicants 806.14 910.44 104.31 0.45 986
Number of shortlisted applicants 27.85 31.08 3.23 0.15 986

Panel B: Applicant characteristics
Average age 26.14 26.06 -0.07 0.35 986
Fraction female 0.71 0.70 -0.01 0.56 986
Fraction urban 0.89 0.89 -0.01 0.68 986
Fraction any experience 0.60 0.60 0.00 0.74 986
English matric score 0.60 0.60 -0.00 0.75 986
Math matric score 0.50 0.50 0.01 0.07 986
Soft skill score (0 to 1) 0.51 0.51 -0.00 0.81 986

As shown in Table 3.3, the average job listing receives a far greater number of applicants

(roughly 850 on average) than are included on the shortlist (roughly 30 on average). Thus,

shortlisting is an extremely important driver of hiring outcomes. Applicants to the jobs in

the sample tend to be young (about 26 years of age on average), located in urban areas, and

skew female (70% of applicants are women on average). This reflects the demographics of

the jobseekers on our partner’s platform. As shown in Table 3.4, job listings and applicants

are well-balanced between treatment and control groups. There are no significant differences

in observable variables, other than a marginally significant difference in standardized math

test scores, which is quite small in absolute terms.
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3.5 Results

This section provides the results of our main analyses, which can be divided into two

broad research questions. First, we seek to understand the impact of including soft skills

in applicant ranking, compared to ranking using only traditional hiring criteria (education

and formal work experience). Specifically, we examine hiring outcomes at the job posting

level to assess how many and what types of workers are interviewed and hired, shedding

light on whether our treatment is improving hiring process efficiency and match quality.

Second, we use the random variation that our treatment introduces in which candidates are

included on the shortlists sent to employers to investigate the impact of being shortlisted for

a job on subsequent job search behavior, labor market beliefs, and labor market outcomes

at the individual level. This second analysis assesses the potential spillover effects of our

intervention, as well as other labor market interventions that impact the probability of

shortlisting, interviewing, or hiring particular candidates relative to others.

Our main results are promising, largely suggesting that our treatment is effective and

produces limited negative spillovers. Our primary hiring results show that treatment has a

positive impact at all stages of the hiring funnel: employers interview, extend offers to, and

ultimately employ more applicants from treated opportunities, on average. Meanwhile, our

analysis of “counterfactual” applicants (those who would have been shortlisted under the

alternative ranking algorithm to the one actually applied to each vacancy) does not find

any evidence of lasting disadvantages for these jobseekers; after controlling for the direct

employment effect of not being shortlisted for a specific opportunity in our sample, we do

not observe a lower probability of employment, nor do we observe discouragement effects.

3.5.1 Primary Hiring Results

Our results suggest that treatment boosts hiring by helping employers find more suitable

candidates. We estimate the effect of incorporating soft skills into the candidate ranking

algorithm on hiring outcomes at the job posting level. For these outcomes, we estimate aver-

age treatment effects by comparing mean outcomes between postings assigned to treatment
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and postings assigned to control, adjusting for randomization block fixed effects and covari-

ates selected using Post Double Selection Lasso (Ahrens et al., 2019), using the following

specification:

yj = α0 + α1Tj + γXj + ζ j + ϵj (3.1)

where yj is the outcome for job posting j (e.g., number of hires), Tj captures the treat-

ment assignment for j (1 if the job posting was assigned to the treatment group, 0 if

control), Xj is a vector of covariates selected using Post Double Selection Lasso, and zetaj

is randomization block fixed effects.

Note that these comparisons capture average treatment effects of a change in the short-

listing criteria. They do not directly capture average treatment effects of a change in the

shortlist composition, in the hiring criteria, or (for post-hiring outcomes specifically) in the

composition of the hired applicants.

We first confirm that the treatment alters the applicant pool considered by employers,

and thus ultimately hiring outcomes. In line with this expectation, treatment increases the

average soft skills of shortlisted applicants by about 0.45 standard deviations and of hired

applicants by 0.27 standard deviations, as shown in Tables 3.5 and 3.6, respectively. The

treatment also raises the share of less experienced workers, as shortlisted applicants in the

treatment group are about 5.5% less likely to have any formal work experience, and hired

applicants are about 6.4% less likely, than the control group average (though noting that

the result for hired applicants is not significant at conventional levels).

Our main hiring results, as shown in Table 3.7, indicate that our treatment increases

hiring at all stages of the recruiting pipeline. In particular, treated job openings yield sig-

nificantly more interview invitations (about one additional interview on average compared

to a control mean of about 4.5) and more actual employment (about 0.5 additional workers

accepting and starting jobs compared to a control mean of about 1) than control group job

openings.
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Table 3.5: First Stage: Randomization Affects Skill Composition of Shortlisted Applicants
Soft skill scores (z) Traditional criteria

(1) (2) (3) (4) (5) (6) (7)
Aggregate grit BA GM Any exp. English (z) Math (z)

Treatment 0.438˚˚˚ 0.357˚˚˚ 0.347˚˚˚ 0.324˚˚˚ -0.055˚˚˚ 0.044˚˚ 0.019
(0.019) (0.016) (0.015) (0.016) (0.009) (0.018) (0.019)

Control mean -0.256 0.260 0.209 0.279 0.645 -0.060 0.028

Observations 984 984 984 984 984 984 984
Controls Yes Yes Yes Yes Yes Yes Yes
Randomization block FE Yes Yes Yes Yes Yes Yes Yes

Table 3.6: First Stage: Randomization Affects Skill Composition of Hired Applicants
Soft skill scores (z) Traditional criteria

(1) (2) (3) (4) (5) (6) (7)
Aggregate grit BA GM Any exp. English (z) Math (z)

Treatment 0.265˚˚˚ 0.218˚˚˚ 0.068 0.386˚˚˚ -0.064 0.068 -0.101
(0.075) (0.079) (0.088) (0.091) (0.039) (0.087) (0.082)

Control mean -0.209 0.258 0.378 0.223 0.620 0.041 0.049

Observations 468 468 468 468 469 469 469
Controls Yes Yes Yes Yes Yes Yes Yes
Randomization block FE Yes Yes Yes Yes Yes Yes Yes

Table 3.7: Hiring Results
Interview Job offer

(1) (2) (3) (4) (5)
invite attended received accepted started

Treatment 0.750˚˚ 0.605˚˚ 0.383˚ 0.303 0.338˚˚

(0.310) (0.267) (0.220) (0.197) (0.162)

Control mean 4.008 3.071 1.758 1.387 0.894

Observations 984 984 984 984 984
Controls Yes Yes Yes Yes Yes
Randomization block FE Yes Yes Yes Yes Yes
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Looking at the preliminary composition of hires to treated job postings in Table 3.8,

we see that treatment particularly boosts hiring for less experienced, and to some extent

younger, workers. Thus, incorporating soft skills not only increases the total number of

hires but may also help less experienced applicants gain a foothold in the labor market.

Table 3.8: Demographics of Hired Applicants
# hires

(1) (2) (3) (4) (5) (6)
female male exp. inexp. young old

Treatment 0.199 0.112˚ 0.131 0.169 0.182˚ 0.131
(0.155) (0.064) (0.121) (0.104) (0.104) (0.110)

Relative effect size 0.211 0.254˚ 0.158 0.302 0.250˚ 0.205

Control mean 0.945 0.440 0.827 0.560 0.729 0.640

Observations 984 984 984 984 984 984
Controls Yes Yes Yes Yes Yes Yes
Randomization block FE Yes Yes Yes Yes Yes Yes
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3.5.2 Counterfactual Results

We now explore potential spillover effects from our intervention through a “counter-

factual” analysis. In particular, this analysis captures the effect of being shortlisted for a

job posting, or not, on job search behavior and labor market beliefs and outcomes at the

individual level. For these outcomes, we estimate average treatment effects by comparing

mean outcomes between individuals who were shortlisted for a job posting and individuals

who would have been shortlisted for the job posting if it had been assigned to a different

treatment—whom we refer to as the “counterfactual” sample. To give a simplified example,

think of comparing endline employment for a jobseeker J1 who’s not shortlisted for vacancy

T because it’s treated, but would be (counterfactually) shortlisted if it were untreated, to

employment for jobseeker J2, who’s shortlisted for vacancy C because it’s untreated, but

would not be shortlisted if it were treated. Jobseeeker J1 represents the “counterfactual”

jobseeker in this case. This can happen if jobseekers J1 and J2 both have work experi-

ence but lower soft skills, so they’re recommended by the traditional algorithm that values

experience but not by the new algorithm that values soft skills. We limit the sample to

actually and counterfactually shortlisted applicants because shortlisting under both ranking

schemes depends on variables that are likely to correlate with labor market outcomes, such

as education and work experience.

We estimate these counterfactual results using the following specification:

yij = β0 + β1Sij + γXij + ϕij + ζ j + ϵij (3.2)

where yij is the outcome for applicant i for job listing j (e.g., employment status),

Sij captures shortlisting status (1 if not shortlisted, 0 if shortlisted), Xij is a vector of

covariates selected using Post Double Selection Lasso, ϕij is the inverse odds ratio of being

shortlisted for applicant i for job listing j, and zetaj contains randomization block fixed

effects. We adjust for ϕij—the probability that each applicant is shortlisted for a given

job posting—because this probability is not constant across applicants, and is positively
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correlated with skills.4 Adjusting for this inverse odds ratio accounts for the variation in

treatment assignment probabilities for the same reasons that adjusting for the probability

of selection into a sample accounts for sample selection bias (J. Heckman, 1974).

Examining outcomes for counterfactual applicants at the individual level, we find that

these applicants are less likely to be hired and have lower average wages than applicants who

were actually shortlisted, as shown in Table 3.9. In particular, counterfactually shortlisted

applicants are about 3 percentage points less likely to be employed at endline than actually

shortlisted applicants, and this effect appears to be due completely to differences in wage

employment (compared to negligible differences in self-employment levels). This is a sizable

effect given low overall and wage employment probabilities of about 42% and 19%, respec-

tively, in the control group. Further, counterfactual applicants are working fewer hours and

earning less at endline, and report lower reservation wages and wage expectations.

Table 3.9: Counterfactual Analysis
Work Expectations

(1) (2) (3) (4) (5) (6) (7)
Any Wage Self-employed Hours Earnings Res. wage Wage exp.

Not shortlisted -0.031˚˚˚ -0.034˚˚˚ -0.003 -0.796˚˚ -179.819˚˚ -210.454˚˚˚ -139.249˚˚

(0.010) (0.008) (0.007) (0.373) (91.683) (76.276) (69.592)

Control mean 0.429 0.194 0.148 9.407 2104.994 6327.021 6762.794

Observations 9988 9988 9988 9829 9829 9971 9965
Controls Yes Yes Yes Yes Yes Yes Yes
Opportunity FE Yes Yes Yes Yes Yes Yes Yes

That said, these differences appear to reflect only direct effects of our treatment, rather

than indirect spillover effects. Specifically, these results are driven almost completely by

shortlisted applicants who were actually hired, as shown in Table ??. After removing appli-

cants who were actually hired to one of the randomized vacancies, we observe no statistically

significant differences between counterfactually and actually shortlisted applicants in terms

of employment probability, hours worked, or earnings at endline. In other words, while

our intervention changes who is hired to treated jobs (as expected), it does not appear to

4 Specifically, because we introduced a third treatment arm at some points in the study, some applicants
have a 2/3 probability of appearing on a shortlist while others have only a 1/3 probability, for job postings
randomized under our three-arm protocol.
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have any impact on employment or wages in jobs outside the experiment. This implies that

the direct displacement effect is approximately one-for-one, while overall hiring increases

as shown in Section 3.5.1. Taken together, these results suggest that the net effect of our

intervention is a positive expansion in employment.

Table 3.10: Counterfactual Analysis Excluding Hired Applicants
Work Expectations

(1) (2) (3) (4) (5) (6) (7)
Any Wage Self-employed Hours Earnings Res. wage Wage exp.

Not shortlisted -0.010 -0.005 -0.009 -0.164 -91.174 -159.129˚˚ -109.077
(0.011) (0.008) (0.008) (0.372) (95.343) (78.242) (70.901)

Control mean 0.403 0.158 0.154 8.730 2008.420 6282.655 6736.191

Observations 9551 9551 9551 9446 9413 9558 9552
Controls Yes Yes Yes Yes Yes Yes Yes
Opportunity FE Yes Yes Yes Yes Yes Yes Yes
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3.6 Conclusion

This paper presents novel evidence on the effects of including information about appli-

cants’ soft skills in hiring. Including a soft skills measure in an applicant recommendation

algorithm on a large online job search and matching platform appears to boost hiring

throughout the funnel, resulting in more interviews, job offers, and hires. Soft skills are

included in addition to the more traditional criteria—such as educational credentials and

formal work experience—used in the control algorithm, and there is some indication that

this expansion results in more inclusive hiring, helping younger and less experienced work-

ers break into the formal labor market. These results suggest that our intervention helps

address the information frictions that are pervasive in developing-country labor markets.

Additionally, this paper provides, to our knowledge, the first evidence on spillover ef-

fects of an intervention that shifts hiring criteria in a developing-country setting. While our

intervention mechanically lowers the probability of being hired into treated jobs for “coun-

terfactually” shortlisted applicants, we do not observe indirect spillover effects for these

jobseekers, either in terms of discouragement and subsequent job search behavior or in

terms of endline employment probability. Thus, given that our intervention expands hiring

overall, we anticipate that it would generate net positive employment gains in equilibrium.

Future work will explore the longer-term effects of our treatment using later jobseeker

and firm follow-up surveys that are currently in progress. In particular, we hope to shed

further light on the extent to which our intervention improves match quality by examining

outcomes over a longer time horizon such as attrition, job performance and promotions,

and firm performance and labor demand. We also plan to study the longer-term impacts

on treated and counterfactual jobseekers’ career trajectories, in order to better understand

potential career ladder and general equilibrium effects.
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4. The Relationship Between the “Norm to Work” and
Labor Market Outcomes

4.1 Introduction

The past decade has seen growing interest among economists in the role of social norms

in shaping labor market outcomes.1 While much of this work has focused on gender norms,

recent labor market upheavals in the wake of COVID-19 have drawn attention to broader

social attitudes toward work. Many commentators have suggested that a pandemic-induced

reassessment of work’s value contributed to increased job quitting, higher wages, and a

resurgence in worker power (e.g., Hirsch, 2021; Krugman, 2021; Sull et al., 2022). Although

there is some evidence of shifting worker preferences and increased worker power in the form

of unionization, this narrative has proven difficult to test empirically, in large part because

social norms are so challenging to quantify (Faberman et al., 2022; Kinder and Stateler,

2022). The big-picture question remains: To what extent does the “norm to work”—i.e., the

social norm that working-age adults should be employed—influence worker behavior and,

ultimately, macro-level outcomes such as employment and wages?

To investigate this question, I construct novel measures of the NTW and related social

norms using large-scale text data from social media. Specifically, I employ text analysis

and machine learning methods to classify unstructured text from Twitter. By collecting a

large dataset of tweets (roughly 20 million) related to work attitudes, labeling them through

a supervised classification model, and aggregating results at the state-year and city-year

level, I generate a geographically granular measure of work norms over time. This approach

not only enables real-time tracking of work norms but also presents a scalable framework

for measuring other social norms using similar methods.

To contextualize the mechanisms through which the NTW may influence labor mar-

ket outcomes, I draw on identity economics and reference-dependent labor supply models

1 Recent examples of papers in this area include, but are not limited to: Bertrand et al., 2016; Binzel and
Carvalho, 2017; Breza et al., 2019; Bursztyn et al., 2017; Bursztyn, González, and Yanagizawa-Drott, 2020;
Dube et al., 2022, Fortin, 2015; Jayachandran, 2021.
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(Farber, 2008; Kranton, 2016; Pissarides, 2000). These frameworks suggest that workers’

employment decisions are shaped by social comparisons and that stronger work norms—

likely accompanied by greater unemployment stigma—should influence labor supply behav-

ior much like unemployment benefit generosity (Jäger et al., 2020). Theoretical predictions

suggest that labor force participation and employment should be positively associated with

the NTW, while wages could be negatively affected due to increased labor supply.

Given the complexities introduced by the COVID-19 pandemic, this study focuses on the

pre-pandemic period (2011-2019) to isolate underlying relationships between work norms

and labor market outcomes. Future extensions of this work will explore the COVID pan-

demic as a potential exogenous shock to work norms, as well as the subsequent labor market

effects of this shock.

This paper makes two primary contributions. First, it provides empirical evidence on

the extent to which the NTW influences labor supply and employment outcomes, offering

new insights into the broader labor market implications of work norms. Second, it intro-

duces a novel methodology for constructing high-frequency, geographically specific measures

of social norms using unstructured text data. By demonstrating the feasibility of this ap-

proach, the paper contributes to the growing literature on social norms in economics and

presents a framework for future applications in labor market research.

Existing research has established that social norms are powerful drivers of behavior (e.g.,

Coleman, 2018; Elster, 1989; McAdams, 1997), particularly in the labor market. Prior work

has shown that unemployment carries substantial psychological costs even after accounting

for financial hardship (Blanchflower and Oswald, 2004; Brand, 2015; Jahoda, 1988). These

costs are influenced by the prevailing social norms in one’s community, with evidence sug-

gesting that stronger work norms increase the psychological cost of unemployment and

increase job search effort among the unemployed (Chadi, 2014; Clark, 2003; Eugster et al.,

2017; Stutzer and Lalive, 2004).

While prior research has documented the individual-level effects of work norms, pri-

marily for unemployed individuals, little is known about their aggregate labor market im-
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plications. A key limitation has been the difficulty of measuring the NTW. Most prior

studies have relied on survey-based measures that are infrequent and geographically coarse,

or have proxied work norms using local unemployment rates. Notable exceptions include

Stutzer and Lalive, 2004 and Eugster et al., 2017, who leverage natural experiments to

infer employment norms. However, such approaches are highly context-specific. This paper

addresses these gaps by constructing a scalable, real-time measure of work norms that can

be applied across different contexts.

This study presents preliminary evidence that work norms shape labor supply decisions.

The results suggest a positive association between the NTW and labor force participation

and employment, consistent with theoretical expectations. While the causal direction re-

mains an open question, future work will focus on distinguishing causality through instru-

mental variables, quasi-experimental designs, or plausibly exogenous shifts in work norms.

These findings have significant implications for policy debates surrounding unemployment

insurance, labor market participation incentives, and broader workforce engagement strate-

gies.

The rest of the paper is organized as follows: Section 2 briefly presents motivating theo-

retical frameworks. Section 3 describes the data used in the measure construction workflow

and labor market outcomes analysis, while section 4 discusses the measure construction ap-

proach in detail. Section 5 presents results of the main analysis exploring the relationship

between labor market outcomes and social norms around work, while section 6 concludes.

4.2 Theoretical Frameworks

This section briefly discusses theoretical frameworks that are particularly helpful to fix

thinking about the potential mechanisms through which the NTW may influence behavior

and aggregate labor market outcomes. I also use these frameworks to generate simple

predictions about the sign of expected effects. The resulting model sketches predict that

labor supply will be increasing in the NTW, while wages will be decreasing.

Most notably, the framework of identity economics captures the idea that violations of
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social norms associated with an agent’s identity are costly (Akerlof and Kranton, 2010).

This model rationalizes the psycho-social cost of unemployment, and predicts that this cost

should vary with the strength of work norms in an agent’s area, as existing empirical work

has suggested.

Combining identity economics with a basic model of reference-dependent labor supply

(Farber, 2008) yields the intuitive prediction that labor supply is weakly increasing in the

strength of the NTW. In particular, we can formulate a simple model of worker utility as

follows2:

U(ct, ht) = u(ct, ht) ´ I[ht ă H]σ

Where ct is consumption, ht is hours, H is the minimum number of hours an agent must

work to be considered “employed,” and σ is the strength of the NTW in the agent’s com-

munity. We can see that the additive penalty for failing to work enough hours to reach the

“employed” status is increasing in work norms, causing workers in areas with stronger work

norms to supply more labor, all else equal. This in turn puts downward pressure on wages.

A simple wage bargaining framework (Pissarides, 2000), again combined with identity

economics, also implies that wages are decreasing in the strength of the NTW. To the extent

that being unemployed imposes an identity cost I, lowering a worker’s outside option value

(non-employment, or N) as follows:

ρN = b + f (̇E(w1) ´ N) ´ Iσ

Where the flow value (ρN) is equal to UI benefits (b), the potential “capital gain” into

reemployment at wage w1 (E(w1)´ N) at job-finding rate f , and the identity cost of unem-

ployment (Iσ), which is determined by the strength of the NTW (σ). A lower outside option

value in turn lowers the Nash-bargained wage, which is a weighted average of productivity

p and the outside option:

W = σp + (1 ´ σ)ρ

2 This is similar to the functional form used by Moffitt (1983) to model the effect of welfare stigma on worker
behavior, though other specifications (without a discontinuity in the utility function) are possible in the event
one would like to construct a fully estimable model.
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The expected employment effect is ambiguous but could be estimated with a more complete

model—a possible extension of the current project.

4.3 Data
4.3.1 Tweet Sample

The NTW measures in this paper are based on a sample of roughly 20 million tweets

collected through Twitter’s Academic API.3 The sample was selected using keyword searches

intended to filter for tweets relating to the norm to work and attitudes towards employment

and unemployment4. The sample begins in 2011—the year when Twitter reached 100 million

users—and ends in November 2022, when the tweets were collected (Meyer, 2019). After

dropping tweets that were from outside the U.S. or missing geographic data (based on

user-reported locations or geo-tags), the final sample consists of about 4.3 million tweets5.

After collection, I pre-processed the text of each tweet according to standard text data

analysis approaches (Grimmer et al., 2022). This included case normalization (converting

all letters to lowercase), whitespace normalization (collapsing repeated spaces, tabs, and

line-breaks into single spaces), punctuation and number handling (e.g., removing intra-word

punctuation), and spelling correction (using the Python package Gingerit, which corrects

spelling and grammar mistakes based on the context of complete sentences). The pre-

processing also included normalization specific to the Twitter platform, such as stripping

out links and replacing user tags with generic placeholders.

3 The Academic API, along with all other affordable tiers of Twitter API access, was discontinued in 2022
following Elon Musk’s acquisition of the platform.

4 While some searches were based on single keywords (e.g., for “unemployment”) many topic words (e.g.,
“work”) were too vague to yield a reasonable proportion of relevant tweets. Therefore, I employed many
multi-word searches intended to triangulate beliefs and attitudes towards work and employment (e.g., a
keyphrase search for tweets containing (”work” OR ”job”) AND ”lazy”, meant to roughly capture sentiments
along the lines of “people who don’t work (or have a job) are lazy”).

5 The Twitter API does not permit filtering based on users’ self-reported locations (the primary source of
geographical data), so many of the collected tweets had to be dropped from the sample ex-post.
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4.3.2 Labor Market Outcomes

Data for the individual-level labor market outcomes used in the analysis—labor force

status, employment, unemployment duration, and wage data—come from the Census Bu-

reau’s Annual Social and Economic Supplement (ASEC) of the Current Population Survey

for years 2011-2019. It should be noted that these data are comprised of repeated cross-

sections, rather than a panel, so it is generally not possible to follow specific individuals

over time. The ASEC contains data on respondent demographics, employment status, ge-

ography at the state and metro area level, and (importantly for this analysis) wage earnings

over the past twelve months. The sample is restricted to civilian (non-military) adults aged

25-65. The sample used for studying wage earnings as an outcome is further restricted to

individuals who are employed full-time over the measurement period.

4.4 Measuring the Norm to Work

The norms measures used in this paper are based on data from Twitter (as described in

Section 4.3.1 above), labeled using a custom-trained text classification model. Figure 4.1

presents an outline of the measure construction workflow, which is described in more detail

in the following sections.

This novel measure construction approach combines new access to large, unstructured

text data sources with new technology for parsing large, unstructured text data. Using data

from a large social media platform provides the necessary volume and density to measure

norms with much more temporal and geographic specificity than is typically possible, as

described in more detail in Section 4.4.1 below. At the same time, analyzing such a large

volume of raw text data would be prohibitively time-consuming and expensive using most

existing methods. In particular, even methods utilizing supervised machine learning for

large-scale text analysis have historically required a large training dataset based on human

labeling—a slow and expensive process. By completely automating the process of both

generating training data (as described in Section 4.4.2) as well as generating discrete labels

for each unit of text in the sample based on this training data (as described in Section
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Pull 20 million tweets using relevant keywords and phrases

Restrict the sample to U.S. tweets that can be identified at the state or city
level based on geo-tags and user-reported data (4.3 million tweets)

Pre-process tweet text
(e.g., remove user tags, links, etc.)

Pilot labels/labeling performance across OpenAI large language models, M-Turk, and Prolific
to determine whether to use human- or AI-generated labels

Use OpenAI’s GPT-4 API to label a training dataset of 100,000 tweets

Train a machine learning model to label the remainder of the tweets in the sample

Aggregate labeled tweets by time and geography to construct the final measures

FIGURE 4.1: Outline of the Measure Construction Workflow

4.4.3), this approach presents a more feasible alternative.

4.4.1 Rationale for Using Twitter Data

Twitter data has a number of desirable features for this context, as compared to tradi-

tional media sources and other social networking platforms.

Relative to traditional media such as newspapers and TV news, there is simply a higher

volume of Twitter data to exploit. Twitter users have been generating hundreds of millions

of tweets per day since 2011, providing an extensive corpus of real-time thoughts and

attitudes. (Twitter, 2011). This democratization of public speech also means that Twitter

offers a much more direct and comprehensive picture of public opinion than traditional

mass media, which is produced and gate-kept by a small cadre of journalists, editors, and

executives. Twitter posts are unfiltered and opinion-based, in contrast to the formal and

(theoretically) objective content of major news outlets, making them ideal for studying

something as inherently subjective as social norms.

Twitter also confers a number of practical advantages compared to other social media

platforms. First, Twitter has historically provided free API access to academic researchers,
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making its data more accessible than any other major social media platform6. Second,

Twitter data is largely text-based, and therefore easier to parse and analyze than data

from image- or video-oriented platforms (e.g., Instagram, YouTube). Twitter posts are also

short by design7, further simplifying search and analysis. Finally, Twitter has geographic

information for users in the form of geo-tagging and self-reported profile locations, enabling

the construction of a geographically granular measure of norms.

4.4.2 Labeling Pilot: Comparison of Human and Large Language Model
Labeling Performance

A key innovation of this measure construction approach is the automation of the “ground

truth” training data. This data is used for training the machine learning model used to

classify the bulk of the text in the sample. Existing text analysis workflows using supervised

machine learning models have largely relied on human-generated responses to provide the

“true” answers (e.g., in this case, the correct label classifications) that the model is then

trained to predict. However, machine learning models perform best with large training

datasets, and obtaining sufficiently large samples of text analysis from human workers can

be time-consuming or expensive. I instead automate this process by using a large language

model (“LLM”)—specifically, OpenAI’s GPT-4 model8—to label an initial dataset of tweets

with which to train a custom machine learning model.

To verify that this approach results in training data of comparable quality to that

generated by human labelers, I first conducted a pilot study comparing the two. Specifically,

for a pilot sample of 700 randomly-selected tweets, I compared labels from two OpenAI

LLMs (GPT-3.5 and GPT-4) to human-generated labels sourced from Amazon MTurk

and Prolific (two digital gig work platforms commonly used in social science research).

The labels and labeling prompt used in this pilot study are the same as are used in the

6 Following Elon Musk’s takeover of the platform, Twitter announced that it will be discontinuing all free
tiers of API access in early 2023.

7 Twitter posts were initially limited to 140 characters; the limit was doubled in 2017 and remained at 280
characters through 2022.

8 This model was chosen as it was widely considered the best large language model available at the time of
the analysis, and significantly outperformed OpenAI’s lower-tier GPT-3.5 model in the pilot.
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FIGURE 4.2: Comparison of Human and Large Language Model Labels from Pilot

Note: Each tweet in the pilot sample was labeled by nine separate labelers: GPT-3.5, GPT-4 at two different
“temperature” settings, and three different Prolific and M-Turk workers, respectively. The figure shows the
extent to which each labeler’s labels agreed with the modal label for each tweet. Distributions for M-Turk
and Prolific reflect different labelers as captured by worker ID. As shown by the dark blue bars, the GPT-4
labels aligned with the modal label over 80% of the time—higher than most human labelers from either
platform.

full measure construction workflow, and are described in Section 4.4.3 below. I collected

nine labels for each tweet in the sample: one from GPT-3.5, two from GPT-4 (each at a

different “temperature” setting), three from three distinct MTurk workers, and three from

three distinct Prolific workers. Based on these nine labels, the majority-chosen or modal

label was designated as the “correct” label for each tweet, and used to benchmark the

performance of each labeling source. Figure 4.2 shows accuracy (defined as percent of total

labels that were correct) for each labeler in the pilot sample. The distributions for M-

Turk and Prolific reflect accuracy for each unique worker in the sample (allowing for the

possibility that some workers on the platform are higher-quality than others, which appears

to be the case9). The GPT-4 labels aligned with the correct (modal) label over 80% of the

time—higher than most human labelers from either platform. These results suggest that

text classification from GPT-4 is of comparable quality to analysis by human workers.

9 There was significant variance in worker quality, as measured by label accuracy, among both MTurk and
Prolific workers, in spite of limiting the MTurk sample to “Master” workers (as designated by the platform)
and limiting the sample on both platforms to workers located in the U.S.
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4.4.3 Tweet Labeling

I employ a supervised machine learning approach to perform multi-class label classifi-

cation on each tweet in the sample. As there is little concrete guidance regarding the exact

language that best characterizes the NTW, I include several different (exclusive) category

labels capturing different facets of work norms, as follows:

1. Anti-work

2. Norm to work

3. Pro-workers’ rights

4. Unemployment stigma

5. Not applicable

The final label captures relevance, as many of the tweets in the sample are simply off-

topic. The labels were chosen to distinguish between positive versus negative framings of

the social norm to work, as well as positive versus negative framings of the opposing (anti-

work) attitudes. In practice, the labels appear to capture meaningfully different concepts.

Upon inspection of the labels chosen by workers on MTurk or Prolific, “norm to work” and

“anti-work” seem to be interpreted more broadly or abstractly, while “pro-workers’ rights” or

“unemployment stigma” tend to be chosen for tweets containing more concrete and specific

language around, e.g., advocating for better working conditions or criticizing unemployment

benefits. See Table 1 for an example of tweets classified into each label in the training data

(as discussed in the following paragraphs).

Supervised machine learning requires a pre-existing set of correctly-labeled data to train

a model—typically a dataset that has been manually labeled by humans. After conducting

a pilot study comparing labels for 700 tweets generated by workers on M-Turk and Prolific

to labels chosen by OpenAI’s GPT-3.5 and GPT-4 models, I instead opted to use GPT-4 to

label the training dataset, as the data quality appeared to be similar across these sources

(see Figure 4.2 for detail). I used GPT-4 to label a training dataset of 100,000 tweets, with

each tweet classified into one of the categories listed above. I then used this set of 100,000
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Table 4.1: Example Labeled Tweets
Tweet text Label*
thrive global: why we need to talk about elizabeth holmes’s
destructive work ethic. (link) via @User

anti-work

people get burned out because they’re working so hard not
chasing their dream @User

anti-work

looking forward to getting back to work at the ballpark early
in the morning and being a productive designer. #earlymorn-
ingdesign #natitude

norm to work

being on time means 15 minutes early. employers will notice.
followed this for 35 years

norm to work

@User i wonder how many people commenting pro wwe sen-
timent think it’s smart and clever when their boss rips them
off.

pro-workers’ rights

happy work/life balance being addressed, but y anyone wld
ever consider it a “women’s issue” is beyond me: (link) @User

pro-workers’ rights

@User what the heck is wrong with you? get a job! unemployment
stigma

yeah, people who are lazy and don’t work for their money
while taking handouts from the government usually are “chill
and laid back”

unemployment
stigma

another hard working @User family safeguarding their cash
and time by not overpaying ridiculously high list fees (link)

not applicable

framingham jobs: server: amc dine-in theatres - framingham,
ma - purpose deliver superior service. (link) #jobs #framing-
ham

not applicable

*Reflects labels generated by OpenAI’s GPT-4 model and used to train the current version of the machine learning
model.

labeled tweets to train a machine learning model10 for this multi-class labeling task, which

generated predicted labels for the remainder of the tweets in the sample.

The details and performance of the preliminary tweet classification model are summa-

rized in Tables 2 and 3 below. The overall accuracy of the multi-class classification on

hold-out data is „ 62%, though accuracy considering each label individually (binary clas-

sification) is higher. This level of accuracy is in line with the accuracy of text classification

10 The machine learning model used for labeling the tweets in this sample was built using the Keras and
Tensorflow packages in Python. It is a convolutional neural network model trained to conduct multi-class text
classification. Convolutional neural networks are generally considered the gold standard for classification
tasks with high-dimensional, unstructured data (such as tweets), as their multi-layer and flexible structure
allows for highly complex data representations (Chollet, 2021). Specifically, the models used in this paper are
recurrent neural network (RNN) models that include long short-term memory (“LSTM”) layers. RNNs are
ideal for sequential data (such as text data), as they allow the model to have “memory” of data from earlier
in a sequence of elements (essentially, state-dependence).
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models used in similar contexts11, but introduces a significant amount of noise into the final

NTW measures.

This process resulted in a sample of about 4.3 million tweets, each classified into one of

the categories listed above.

Table 4.2: Model Summary
Layer (type) Output shape Parameters
embedding 1 (Embedding) (None, 67, 200) 10000000
lstm 1 (LSTM) (None, 64) 67840
dense 1 (Dense) (None, 64) 4160
dense 2 (Dense) (None, 5) 325

Table 4.3: Model Performance on Hold-out Data
Model Accuracy Precision Recall
Multi-class classification (all labels simultaneously)
(used for preliminary measure)

62% 71% 51%

Binary label classification: “not applicable” 78% 78% 67%
Binary label classification: “anti-work” 85% 60% 38%
Binary label classification: “norm to work” 80% 70% 59%
Binary label classification: “pro workers’ rights” 93% 63% 33%
Binary label classification: “unemployment stigma” 95% 63% 42%

11 E.g., text classification models achieved accuracy of about 70% in Adams-Prassl et al., 2022 (identifying
training offers in job ad text), 74%-85% in Lassébie et al., 2021 (identifying skills in job ad text), and 54%-97.5%
in Osnabrügge et al., 2023 (identifying topics in parliamentary speeches).
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4.4.4 Resulting NTW Measures

The labeled tweets are aggregated by time and geography to create four NTW measures

(corresponding to categories 1-4 listed in the previous section). Each measure is adjusted

for the volume of relevant tweets in a given area at time t. The measure for each label is

constructed as follows:

NTWirt =

ř

tweetPtweetsrt

label i
ř

tweetPtweetsrt

relevance label

Where r denotes region (with measures constructed at both the U.S. state and metro-area

level), t denotes time (year), and i denotes the label being used (ranging from 1-4). Measures

were constructed for all 50 states and the top 50 largest cities by population. Recall that

all labels are binary, so this is equivalent to dividing the count of positive (label=1) tweets

by the count of relevant (i.e., not categorized as “Not applicable”) tweets for each label.

While I examined results using alternative denominators (population and gross tweet

volume), adjusting for relevant tweet volume is theoretically the most robust approach. Area

population does not account for variation in the amount people tweet in different areas at

different times if this is not directly proportional to population. Adjusting for gross tweet

volume solves this issue, but is sensitive to changes in popular interest in work-related

discussions. For example, if people become more interested in discussing unemployment

policy from one year to the next, but gross tweet volume remains unchanged, the NTW

could look artificially higher simply because there are more relevant tweets in the latter

sample (both supporting and opposing the NTW). Indeed, the gross volume-adjusted and

relevant volume-adjusted measures are highly correlated (typically ą95%) within years, but

produce different time trends. For the reasons stated above, this paper focuses on results

using the relevant volume-adjusted measures.

As shown in Figure 4.3, the share of tweets expressing a “norm to work” attitude has

been slowly declining since 2011, while the share of tweets expressing “pro-workers’ rights”

has grown over the sample period. “Anti-work” attitudes have gained moderate share since
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FIGURE 4.3: Label Shares by Year

the beginning of the sample period, with fluctuations throughout. Tweets communicating

“unemployment stigma” have remained the smallest share of the sample throughout, per-

haps as a result of the specificity of this category. Finally, the share of non-relevant tweets

is large—close to 40% of the sample, reflecting the difficulty of precisely targeting keyword

searches when collecting tweets—but has fallen gradually over time, consistent with the

idea that norms and attitudes around work have been gaining increased media and pub-

lic attention. Interestingly, there was not a dramatic shift in label shares post-COVID,

suggesting that worker dissatisfaction may have been steadily building leading up to the

pandemic, with COVID serving as a catalyst for discussion and action.

Levels of each preliminary norm measure by state are shown in Figure 4.4, aggregated

over all of the sample years. The level of “anti-work” sentiment by state appears somewhat

noisy, but is generally consistent with what one might expect based on media narratives

(e.g., stronger anti-work sentiment on the coasts, weaker in the South). The level of “norm

to work” sentiment is roughly inverse to the level of “anti-work” attitudes (e.g., stronger

in the South and midwest), as we should expect conceptually. Note that this is not by

construction, as each tweet could be sorted into one of four possible relevant categories (in
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FIGURE 4.4: Preliminary Norm Levels by State (2011-2022 Average)

other words, while the exclusivity of the labels means each label necessarily takes shares

from all the others, the correlation between levels of any two particular labels could be

null or even positive). Northeastern and upper midwestern states have the highest lev-

els of “pro-workers’ rights” attitudes, consistent with historical union strongholds, while

“unemployment stigma” levels approximately invert this pattern.

4.5 Results

Using the norms measures described above, I examine the empirical relationship between

work norms and labor supply (as measured by labor force participation and employment)

and wages. Data for the individual-level labor market outcomes used in the analysis—labor

force status, employment, and wage data—come from the Census Bureau’s Annual Social

and Economic Supplement (ASEC) of the Current Population Survey for years 2011-2019

(see Section 4.3.2 for details). There appears to be a meaningful relationship between work
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norms and labor supply that is directionally consistent with theory. In particular, higher

levels of “norm to work” (“anti-work”) attitudes are associated with increased (decreased)

labor supply. The relationship between norms and wages is unclear, perhaps due to noise or

opposing direct and indirect effects of norms. In all cases, the results should be interpreted

as descriptive rather than causal, as the current empirical approach cannot distinguish the

extent to which norms are driving labor market outcomes or vice versa.

These results are based on the time period from 2011-2019. While the COVID-19

pandemic presents a potentially interesting shock to work norms, it also impacted the labor

market in a number of other ways, both directly and indirectly, making any interpretation

of post-COVID results inherently challenging. I hope to explicitly address the impact of

COVID-19 on the NTW, and possible implications for labor market dynamics post-COVID,

in future work.

All analyses employ two-way fixed effects to control for unobserved heterogeneity due

to year and time-invariant geographical characteristics. However, this specification is not

robust to simultaneity, an obvious concern in this setting. Therefore, the current results

should be interpreted with caution—in particular, it is not currently possible to say anything

definitive about the direction of causality. Teasing out causality, for example through policy

or labor events (e.g., large strikes) that could offer plausibly exogenous variation in labor

supply or work norms, is a focus of ongoing work.

The estimating equation is given by:

Yirt = α + β1normrt +XiβX + ZrtβZ + ϕr + τt + ϵirt (4.1)

where β1 is the coefficient of interest, Yirt is individual i’s binary employment status [unem-

ployment status, wage] at time t in region r, normrt is the norm measure at time t in region

r, Xi is a vector of individual-level controls (e.g., demographics, union membership), Zrt

is a vector of region-by-time controls (e.g., lagged regional unemployment, unemployment

benefit generosity), and ϕr and τt are region and time fixed effects. The norms measures
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are standardized standardized throughout.

4.5.1 Labor Supply

Using the framework of reference-dependent labor supply from Farber, 2008, I predict

that stronger work norms (in terms of “norm to work” and “unemployment stigma”) will

be associated with higher labor force participation and employment. In particular, to the

extent that workers share a common understanding of the minimum number of hours they

need to work to be considered employed, thus complying with the norm to work, we should

see a positive relationship between the NTW and binary labor force participation and

employment, as well as hours up to the reference point. Preliminary results are consistent

with these predictions.

The observed relationships between norms and labor supply are broadly consistent with

theoretical predictions, noting however that not all results are significant at conventional

levels. In particular, as shown in Tables 4.4 and 4.5, there is a strong and significant negative

relationship between “anti-work” attitudes and labor force participation and employment,

and a strong positive relationship between NTW and these outcomes. An increase of one

standard deviation in anti-work attitudes in a given state-year is associated with a roughly

0.6 percentage point decrease in the probability of both labor force participation and em-

ployment, representing a 7-8% decrease relative to the sample means of these outcomes.

Conversely, and increase of one standard deviation in the NTW is associated with a roughly

0.3 percentage point increase in the probability of both labor force participation and em-

ployment. These results control for U.S. macroeconomic conditions (through year fixed

effects) as well as state-specific labor market conditions (through lagged state unemploy-

ment rates and the state’s unemployment insurance replacement ratio, a proxy for benefit

generosity), offering some suggestion that variation in norms that is orthogonal to labor

market conditions may be driving these results.

Labor supply results for the “pro-workers’ rights” and “unemployment stigma” measures

are imprecisely estimated and thus more difficult to interpret. As shown in Tables 4.4 and
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Table 4.4: Effect of State-level Norms on Labor Force Participation
(1) (2) (3) (4)

Anti-Work -0.0057***
(0.0019)

Norm to Work 0.0028**
(0.0011)

Pro-Workers Rights 0.0040*
(0.0022)

Unemp. Stigma -0.0005
(0.0013)

Controls:
UI Replacement Ratio 0.0009 -0.0017 -0.0073 -0.0079

(0.0315) (0.0317) (0.0313) (0.0314)
Lagged Unemp. Rate 0.0858 0.0698 0.1043 0.0899

(0.1008) (0.1021) (0.1005) (0.1004)
Population -0.0073*** -0.0069*** -0.0067*** -0.0066***

(0.0017) (0.0016) (0.0016) (0.0015)
Tweet Count -0.0002 -0.0005 -0.0002 -0.0004

(0.0004) (0.0004) (0.0004) (0.0004)

Demographics ✓ ✓ ✓ ✓
Year and region FEs ✓ ✓ ✓ ✓

Constant 0.3194*** 0.3191*** 0.3118*** 0.3133***
(0.0305) (0.0299) (0.0294) (0.0292)

Mean LFP 0.782 0.782 0.782 0.782
R2 0.113 0.113 0.113 0.113
N 785432 785432 785432 785432
Standard errors clustered by state-year in parentheses.
* pă0.1, ** pă0.05, ***pă0.01
Reflects individual labor force participation (binary) regressed on state-level norms
measures and various controls, including respondent demographics and state and
year fixed effects. Additional controls include (at the state-year level) tweet count,
lagged unemployment, population, and state Unemployment Insurance replacement
ratio. Norms measures are standardized.

4.5, “pro-workers’ rights” attitudes are generally positively associated with labor supply,

though these relationships are only marginally statistically significant. This could reflect

the idea that caring enough about work and working conditions to want to change them for

the better indicates a greater degree of labor market attachment and investment in work.

The estimated coefficients for “unemployment stigma,” on the other hand, are technically

negative but indistinguishable from zero. It is not surprising that the results for these
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Table 4.5: Effect of State-level Norms on Employment
(1) (2) (3) (4)

Anti-Work -0.0060***
(0.0017)

Norm to Work 0.0033***
(0.0011)

Pro-Workers Rights 0.0031
(0.0024)

Unemp. Stigma -0.0012
(0.0013)

Controls:
UI Replacement Ratio -0.0123 -0.0143 -0.0212 -0.0212

(0.0321) (0.0322) (0.0329) (0.0327)
Lagged Unemp. Rate -0.4899*** -0.5096*** -0.4736*** -0.4888***

(0.1011) (0.1023) (0.1030) (0.1022)
Population -0.0079*** -0.0076*** -0.0073*** -0.0070***

(0.0017) (0.0017) (0.0017) (0.0017)
Tweet Count 0.0001 -0.0002 0.0001 -0.0001

(0.0005) (0.0005) (0.0006) (0.0005)

Demographics ✓ ✓ ✓ ✓
Year and region FEs ✓ ✓ ✓ ✓

Constant 0.2544*** 0.2547*** 0.2472*** 0.2466***
(0.0337) (0.0330) (0.0330) (0.0329)

Mean Employment 0.742 0.742 0.742 0.742
R2 0.108 0.108 0.108 0.108
N 785432 785432 785432 785432
Standard errors clustered by state-year in parentheses.
* pă0.1, ** pă0.05, ***pă0.01
Reflects individual employment (binary) regressed on state-level norms measures and
various controls, including respondent demographics and state and year fixed effects.
Additional controls include (at the state-year level) tweet count, lagged unemploy-
ment, population, and state Unemployment Insurance replacement ratio. Norms mea-
sures are standardized.

norms categories are unclear as these labels were relatively rare in the training data, and

ML models tend to struggle with low-incidence labels, meaning that these measures are

likely noisier.
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4.5.2 Wages

I next examine the relationship between wages and work norms. These results, shown in

Table 4.6, use the log of total income, reported for the last twelve months as of the survey

response, as the outcome variable. Wage results are imprecisely estimated (indistinguish-

able from zero) for all norms measures. This may reflect noise in both the outcome data

(income is notoriously difficult to measure accurately in surveys, and existing research has

documented specific data quality issues in the ASEC (Weinberg, 2004)) as well as in the

norms measures as previously discussed. It should also be noted that this analysis controls

for union coverage, the minimum wage, and the unemployment insurance replacement ratio

(a proxy for benefit generosity) in each state-year, which are all potentially determined

by work norms to some extent. Unsurprisingly, income is positively associated with mini-

mum wage and unemployment insurance levels, suggesting a possible indirect route through

which norms may influence wages.

Another potential explanation is simultaneity, as theoretical frameworks predict op-

posing effects of norms on total income. On the one hand, stronger NTW attitudes would

presumably cause workers to view work more favorably and work more or more productively,

thus earning more income. On the other hand, stronger NTW attitudes could indirectly

depress wages by increasing labor supply. Exploring additional causal inference methods

to decompose these effects will be a focus of future work.
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Table 4.6: Effect of State-level Norms on Wages
(1) (2) (3) (4)

Anti-Work 0.00137
(0.00256)

Norm to Work -0.000602
(0.00186)

Pro-Workers Rights -0.00365
(0.00418)

Unemp. Stigma 0.00318
(0.00236)

Controls
UI Replacement Ratio 0.149** 0.149** 0.151** 0.150**

(0.0610) (0.0613) (0.0614) (0.0612)
Lagged Unemp. Rate -0.185 -0.181 -0.199 -0.174

(0.223) (0.224) (0.222) (0.224)
Population 4.02e-09 3.93e-09 3.81e-09 2.99e-09

(4.34e-09) (4.34e-09) (4.28e-09) (4.41e-09)
Tweet Count -2.03e-06* -1.97e-06* -2.13e-06* -1.76e-06

(1.16e-06) (1.16e-06) (1.18e-06) (1.17e-06)
Union Coverage -0.104 -0.104 -0.102 -0.0976

(0.132) (0.132) (0.132) (0.132)
Min. Wage 0.00697*** 0.00697*** 0.00685*** 0.00661***

(0.00220) (0.00220) (0.00220) (0.00218)

Demographics ✓ ✓ ✓ ✓
Year and region FEs ✓ ✓ ✓ ✓

Constant 9.121*** 9.121*** 9.126*** 9.134***
(0.0756) (0.0758) (0.0749) (0.0755)

Mean Log Wage 10.66 10.66 10.66 10.66
Observations 503,621 503,621 503,621 503,621
R-squared 0.378 0.378 0.378 0.378
Standard errors clustered by state-year in parentheses *** pă0.01, ** pă0.05, * pă0.1
This table shows the relationship between state-level norms and wages, which ap-
pears to be small and imprecisely estimated. Columns show the relationship between
log wages by state and year with the level of different norms in the same region and
year, estimated according to equation (1). Controls include those shown above as well
as individual-level demographic controls (e.g., age, gender) and state and year fixed
effects. Norms measures are standardized.
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4.5.3 Heterogeneity in Labor Supply Results by Gender

While there are large and statistically significant relationships between anti-work and

NTW attitudes and both LFP and employment for the full sample, these results are larger

and more robust for men. For example, as shown in Tables 4.7 and 4.8, an increase of

one standard deviation in anti-work attitudes is associated with an decrease of nearly 0.75

percentage points in the probability a man is in the labor force, and an decrease of almost

0.9 percentage points in the probability a man is employed. By comparison, adult male LFP

dropped by about 2.2 percentage points over the course of the 2008 financial crisis (from

January 2008 to its December 2009 low) (Bureau of of Labor Statistics, 2023). Additionally,

pro-workers’ rights attitudes are significantly predictive of labor force participation and

labor supply for men, but not for women.

These results are consistent with the idea that men are on average more influenced

by social norms around work—e.g., the “breadwinner” norm—than women in the U.S.

(Potuchek, 1997; Thébaud and Pedulla, 2016). Importantly, Twitter users are roughly

evenly split between men and women, reducing concern that these results are due to measure

composition effects (Wojcik and Hughes, 2019). This in turn provides additional suggestive

evidence that the social norms measured here are, in fact, driving labor supply decisions to

some extent.

It’s also interesting to briefly consider these results in the context of recent literature

positing supply-side explanations for declining LFP among (particularly younger) working-

age men (ranging from the evergreen “generalized moral decay” argument found in Eber-

stadt, 2016 to the dystopian “video games are crowding out reality” narrative in Aguiar et

al., 2021). On the one hand, these results could be interpreted as supporting some version

of the argument that young men are opting out of the labor force due to a cultural shift,

to the extent that they imply this subgroup is in fact responsive to norms. An alternative

explanation is that causality runs in the opposite direction: young men struggling to find
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jobs in the context of weakening demand for low- and middle-skill workers12. adjust their

attitudes to align with their realities (a motivated-reasoning framework similar to, e.g.,

Masera and Rosenberg, 2020).

Table 4.7: Effect of State-level Norms on Labor Force Participation by Gender
Men Women

(1) (2) (3) (4) (1) (2) (3) (4)
Anti-Work -0.0074*** -0.0041**

(0.0022) (0.0019)
Norm to Work 0.0030** 0.0025**

(0.0013) (0.0013)
Pro-Workers Rights 0.0077*** 0.0001

(0.0028) (0.0028)
Unemp. Stigma -0.0011 0.0001

(0.0016) (0.0016)

Controls:
UI Replacement Ratio -0.0444 -0.0493 -0.0547 -0.0558 0.0418 0.0413 0.0355 0.0354

(0.0366) (0.0373) (0.0400) (0.0391) (0.0450) (0.0455) (0.0438) (0.0437)
Lagged Unemp. Rate -0.0192 -0.0352 0.0134 -0.0158 0.1955 0.1797 0.2006 0.2009

(0.1155) (0.1182) (0.1195) (0.1189) (0.1433) (0.1437) (0.1410) (0.1415)
Population -0.0107*** -0.0101*** -0.0099*** -0.0096*** -0.0045** -0.0043** -0.0040** -0.0040**

(0.0026) (0.0025) (0.0025) (0.0024) (0.0019) (0.0019) (0.0019) (0.0019)
Tweet Count -0.0002 -0.0006 -0.0001 -0.0005 -0.0002 -0.0004 -0.0003 -0.0003

(0.0005) (0.0006) (0.0006) (0.0006) (0.0007) (0.0007) (0.0007) (0.0007)

Demographics ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
Year and region FEs ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓

Constant 0.3755*** 0.3743*** 0.3638*** 0.3667*** -0.0910** -0.0903** -0.0945*** -0.0942***
(0.0409) (0.0399) (0.0399) (0.0390) (0.0357) (0.0354) (0.0352) (0.0355)

Mean LFP 0.854 0.854 0.854 0.854 0.716 0.716 0.716 0.716
R2 0.111 0.111 0.111 0.111 0.083 0.083 0.083 0.083
N 373936 373936 373936 373936 411496 411496 411496 411496
Standard errors clustered by state-year in parentheses.
* pă0.1, ** pă0.05, ***pă0.01
Reflects individual labor force participation (binary) regressed on state-level norms measures and various controls, including respondent demo-
graphics and state and year fixed effects. Additional controls include (at the state-year level) tweet count, lagged unemployment, population,
and state Unemployment Insurance replacement ratio. Norms measures are standardized.

12 E.g.: Autor and Dorn, 2013; Charles et al., 2019.
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Table 4.8: Effect of State-level Norms on Employment by Gender
Table: Employment

Men Women
(1) (2) (3) (4) (1) (2) (3) (4)

Anti-Work -0.0087*** -0.0034**
(0.0024) (0.0017)

Norm to Work 0.0039*** 0.0027**
(0.0014) (0.0012)

Pro-Workers Rights 0.0075** -0.0014
(0.0033) (0.0027)

Unemp. Stigma -0.0012 -0.0011
(0.0018) (0.0015)

UI Replacement Ratio -0.0132 -0.0182 -0.0258 -0.0269 -0.0143 -0.0134 -0.0200 -0.0189
(0.0410) (0.0415) (0.0453) (0.0443) (0.0420) (0.0425) (0.0413) (0.0415)

Lagged Unemp. Rate -0.7603*** -0.7821*** -0.7266*** -0.7554*** -0.2212 -0.2389* -0.2212 -0.2231
(0.1381) (0.1406) (0.1442) (0.1418) (0.1390) (0.1393) (0.1377) (0.1392)

Population -0.0087*** -0.0081*** -0.0078*** -0.0075*** -0.0075*** -0.0074*** -0.0072*** -0.0069***
(0.0027) (0.0027) (0.0027) (0.0026) (0.0022) (0.0022) (0.0022) (0.0022)

Tweet Count -0.0001 -0.0006 -0.0001 -0.0004 0.0003 0.0001 0.0002 0.0002
(0.0007) (0.0007) (0.0008) (0.0008) (0.0007) (0.0007) (0.0007) (0.0006)

Constant 0.2663*** 0.2655*** 0.2538*** 0.2565*** -0.0685* -0.0670* -0.0703* -0.0739*
(0.0461) (0.0451) (0.0456) (0.0450) (0.0395) (0.0392) (0.0392) (0.0395)

Controls:
Demographics ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
Year and region FEs ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
Mean emp 0.808 0.808 0.808 0.808 0.681 0.681 0.681 0.681
R2 0.111 0.111 0.111 0.111 0.082 0.082 0.082 0.082
N 373936 373936 373936 373936 411496 411496 411496 411496
Standard errors clustered by state-year in parentheses.
* pă0.1, ** pă0.05, ***pă0.01
Reflects individual employment (binary) regressed on state-level norms measures and various controls, including respondent demographics
and state and year fixed effects. Additional controls include (at the state-year level) tweet count, lagged unemployment, population, and state
Unemployment Insurance replacement ratio. Norms measures are standardized.
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4.6 Conclusion and Directions for Future Work

This paper provides novel empirical evidence on the relationship between the social

norm to work (NTW) and aggregate labor market outcomes. Using a unique measure of

work norms constructed from social media data, I document a positive correlation between

the NTW and labor supply—stronger work norms are associated with higher labor force

participation and employment rates. Conversely, higher levels of anti-work attitudes are

linked to reduced labor market attachment. While theoretical frameworks suggest an inverse

relationship between work norms and wages via labor supply effects, empirical results in

this dimension remain inconclusive, likely due to noise in both wage measurement and the

constructed NTW measures. The findings contribute to a growing literature on the role

of social norms in labor markets and highlight the potential for real-time, high-resolution

measurement of such norms using machine learning and unstructured text data.

Important questions remain regarding both the mechanisms underlying the observed

relationships and the direction of causality. Future work on this project will seek to address

these questions through two main extensions.

First, the COVID-19 pandemic presents a natural experiment in shifting work norms,

offering an opportunity to examine how an exogenous shock influences both work atti-

tudes and labor market behavior. While this study deliberately restricts its sample to

pre-pandemic years to avoid confounding effects, subsequent work should explore how the

pandemic altered work norms and whether these changes had persistent labor market con-

sequences.

Second, while the present analysis documents correlations, establishing causality re-

mains a crucial challenge. Future work should employ more sophisticated econometric tools

to disentangle the causal relationship between work norms and labor market outcomes. One

potential approach involves leveraging plausibly exogenous variation in work norms—such

as policy changes, large-scale labor events (e.g., strikes or unionization drives), or sudden

shifts in unemployment benefit generosity—that may influence norms independently of la-
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bor market conditions. Additionally, instrumental variable strategies or quasi-experimental

methods such as difference-in-differences designs could provide stronger causal inference.

Ultimately, understanding the role of work norms in shaping labor market outcomes

has important policy implications, particularly for the design of unemployment benefits,

workforce participation incentives, and labor market interventions aimed at marginalized

populations. This work also sheds important light on the potential impacts of how unem-

ployment is framed in political discourse and mass media more broadly. Further exploration

of these dimensions will help refine our understanding of how deeply embedded social atti-

tudes interact with economic behavior and policy.

By integrating a novel approach to measuring social norms that leverages newly available

text data sources and text analysis tools, this research provides a foundation for future work

on the evolving role of work norms in the labor market. In an era of rapid labor market

transformation, driven by technological change, demographic shifts, and exogenous shocks

such as COVID-19, further investigation into these questions will be critical for designing

policies that align with both economic realities and prevailing social attitudes toward work.
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5. Conclusions
This dissertation explores the role of non-standard variables such as risk aversion, soft

skills, and social norms in shaping these labor market outcomes.

Chapter 2 examined job transition decisions and their wage growth implications over

workers’ careers, demonstrating that larger career transitions can boost wage growth, but

carry greater risk. Given that workers are risk averse (to varying degrees), this risk plays

an important role in shaping job mobility decisions. These results motivate a model, incor-

porating both heterogeneous skills and risk preferences, which suggests that active labor

market policies focusing on reducing the risk of job transitions (e.g., by addressing informa-

tion frictions) may be more effective than policies focusing on skills (e.g., through training)

in some cases.

Chapter 3 presented results from a field experiment testing the inclusion of soft skills

in the hiring criteria of a large online job search and matching platform. Results suggest

that including measures of soft skills in applicant ranking—in addition to more traditional

criteria such as education and formal work experience—leads to more efficient hiring and

better firm-worker matches.

Chapter 4 developed a novel measure of social norms toward work and used this measure

to study the relationship between these norms and labor market outcomes in the U.S. over

roughly the past decade. Results suggest that there is a meaningful relationship between

social norms and labor supply, particularly for men.
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Appendix A. Skill Distance Measures
A.1 Distributions of Skill Distance with Random Job Transitions

The distributions of skill distances with moves to randomly drawn occupations are

shown in green, while the actual distributions (based on actual observed job transitions in

the data) are shown in blue.

(a) Distances between worker skills and destination job skills

FIGURE A.1: Skill distances of job transitions (random vs. actual moves)

A.2 Distributions of Skill Distance by Transition Type (Voluntary
vs. Involuntary)
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(a) Distances between worker skills and destination job skills

(b) Distances between source and destination job skills

FIGURE A.2: Skill distances of job transitions
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Appendix B. Main Results with Various Control Sets

The main results presented above are generally robust to the set of control variables

used.

B.1 Training

Table B.1: Any employer-provided training in first year of new job
(1) (2) (3) (4)

Absolute skill distance 0.003*** 0.004*** 0.004*** 0.003*
(0.001) (0.001) (0.001) (0.001)

Controls:
Demographics ✓ ✓ ✓
Job & transition vars. ✓ ✓ ✓
Year & industry/occ cat. FEs ✓ ✓
Individual FEs ✓
R2 0.013 0.018 0.042 0.267
N 33508.000 32707.000 32707.000 31616.000
Robust standard errors in parentheses.
* pă0.1, ** pă0.05, ***pă0.01

Table B.2: Any employer-provided training in first year of new job
(1) (2) (3) (4)

Underskill 0.012*** 0.011*** 0.009*** 0.007***
(0.001) (0.001) (0.001) (0.001)

Overskill -0.000 0.000 -0.000 -0.000
(0.001) (0.001) (0.001) (0.002)

Controls:
Demographics ✓ ✓ ✓
Job & transition vars. ✓ ✓ ✓
Year & industry/occ cat. FEs ✓ ✓
Individual FEs ✓
R2 0.016 0.020 0.043 0.267
N 33508.000 32707.000 32707.000 31616.000
Robust standard errors in parentheses.
* pă0.1, ** pă0.05, ***pă0.01
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Table B.3: Any employer-provided training in first year of new job
(1) (2) (3) (4)

Relative skill distance 0.009*** 0.008*** 0.007*** 0.006***
(0.001) (0.001) (0.001) (0.002)

Controls:
Demographics ✓ ✓ ✓
Job & transition vars. ✓ ✓ ✓
Year & industry/occ cat. FEs ✓ ✓
Individual FEs ✓
R2 0.015 0.019 0.042 0.267
N 33508.000 32707.000 32707.000 31616.000
Robust standard errors in parentheses.
* pă0.1, ** pă0.05, ***pă0.01
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B.2 Wage Level vs. Occupation Mean

Table B.4: Wage level in first year of new job vs. occupation mean
(1) (2) (3) (4)

Absolute skill distance -0.041*** -0.026*** -0.025*** -0.028***
(0.002) (0.002) (0.002) (0.002)

Controls:
Demographics ✓ ✓ ✓
Job & transition vars. ✓ ✓ ✓
Year & industry/occ cat. FEs ✓ ✓
Individual FEs ✓
R2 0.290 0.455 0.554 0.687
N 32685.000 32031.000 32031.000 30933.000
Robust standard errors in parentheses.
* pă0.1, ** pă0.05, ***pă0.01

Table B.5: Wage level in first year of new job vs. occupation mean
(1) (2) (3) (4)

Underskill 0.024*** 0.031*** 0.000 -0.004*
(0.002) (0.002) (0.002) (0.002)

Overskill -0.057*** -0.042*** -0.031*** -0.033***
(0.002) (0.002) (0.002) (0.003)

Controls:
Demographics ✓ ✓ ✓
Job & transition vars. ✓ ✓ ✓
Year & industry/occ cat. FEs ✓ ✓
Individual FEs ✓
R2 0.300 0.465 0.555 0.687
N 32685.000 32031.000 32031.000 30933.000
Robust standard errors in parentheses.
* pă0.1, ** pă0.05, ***pă0.01
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Table B.6: Wage level in first year of new job vs. occupation mean
(1) (2) (3) (4)

Relative skill distance 0.064*** 0.056*** 0.026*** 0.020***
(0.002) (0.002) (0.002) (0.003)

Controls:
Demographics ✓ ✓ ✓
Job & transition vars. ✓ ✓ ✓
Year & industry/occ cat. FEs ✓ ✓
Individual FEs ✓
R2 0.299 0.465 0.554 0.686
N 32685.000 32031.000 32031.000 30933.000
Robust standard errors in parentheses.
* pă0.1, ** pă0.05, ***pă0.01
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B.3 Wage Growth from Job Transitions

Table B.7: Wage Growth from job transitions
(1) (2) (3) (4)

Absolute skill distance -0.013*** -0.026*** -0.025*** -0.028***
(0.002) (0.002) (0.002) (0.002)

Controls:
Demographics ✓ ✓ ✓
Job & transition vars. ✓ ✓ ✓
Year & industry/occ cat. FEs ✓ ✓
Individual FEs ✓
R2 0.007 0.255 0.391 0.582
N 32031.000 32031.000 32031.000 30933.000
Robust standard errors in parentheses.
* pă0.1, ** pă0.05, ***pă0.01

Table B.8: Wage Growth from job transitions
(1) (2) (3) (4)

Underskill 0.043*** 0.031*** 0.000 -0.004*
(0.002) (0.002) (0.002) (0.002)

Overskill -0.032*** -0.042*** -0.031*** -0.033***
(0.002) (0.002) (0.002) (0.003)

Controls:
Demographics ✓ ✓ ✓
Job & transition vars. ✓ ✓ ✓
Year & industry/occ cat. FEs ✓ ✓
Individual FEs ✓
R2 0.024 0.269 0.392 0.583
N 32031.000 32031.000 32031.000 30933.000
Robust standard errors in parentheses.
* pă0.1, ** pă0.05, ***pă0.01
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Table B.9: Wage Growth from job transitions
(1) (2) (3) (4)

Relative skill distance 0.057*** 0.056*** 0.026*** 0.020***
(0.002) (0.002) (0.002) (0.003)

Controls:
Demographics ✓ ✓ ✓
Job & transition vars. ✓ ✓ ✓
Year & industry/occ cat. FEs ✓ ✓
Individual FEs ✓
R2 0.023 0.269 0.390 0.581
N 32031.000 32031.000 32031.000 30933.000
Robust standard errors in parentheses.
* pă0.1, ** pă0.05, ***pă0.01
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B.4 Relationship Between Risk Aversion and Skill Distances

Table B.10: Absolute J2J skill distance and risk tolerance

(1) (2a) (2b) (3) (4)
Risk tolerance (general) 0.004** 0.005** 0.005** 0.005** 0.005***

(0.002) (0.002) (0.002) (0.002) (0.002)

Controls:
Demographics ✓ ✓ ✓ ✓ ✓
Job & transition vars. ✓ ✓ ✓ ✓
Year & industry/occ cat. FEs ✓ ✓
R2 0.0291 0.0349 0.0352 0.0643 0.1249
N 31214.0 30488.0 30488.0 30488.0 30461.0
Robust standard errors in parentheses.
* pă0.1, ** pă0.05, ***pă0.01

Table B.11: J2J Underskill distance and risk tolerance
(1) (2a) (2b) (3) (4)

Risk tolerance (general) -0.003 -0.002 -0.002 -0.003 -0.002
(0.002) (0.002) (0.002) (0.002) (0.002)

Controls:
Demographics ✓ ✓ ✓ ✓ ✓
Job & transition vars. ✓ ✓ ✓ ✓
Year & industry/occ cat. FEs ✓ ✓
R2 0.0327 0.0395 0.0405 0.0559 0.0831
N 31214.0 30488.0 30488.0 30488.0 30461.0
Robust standard errors in parentheses.
* pă0.1, ** pă0.05, ***pă0.01
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Table B.12: J2J Overskill distance and risk tolerance
(1) (2a) (2b) (3) (4)

Risk tolerance (general) 0.006*** 0.006*** 0.006*** 0.007*** 0.007***
(0.002) (0.002) (0.002) (0.002) (0.002)

Controls:
Demographics ✓ ✓ ✓ ✓ ✓
Job & transition vars. ✓ ✓ ✓ ✓
Year & industry/occ cat. FEs ✓ ✓
R2 0.0440 0.0488 0.0490 0.0870 0.1605
N 31214.0 30488.0 30488.0 30488.0 30461.0
Robust standard errors in parentheses.
* pă0.1, ** pă0.05, ***pă0.01

Table B.13: Relative J2J skill distance and risk tolerance

(1) (2a) (2b) (3) (4)
Risk tolerance (general) -0.006*** -0.006*** -0.006*** -0.006*** -0.006***

(0.002) (0.002) (0.002) (0.002) (0.002)

Controls:
Demographics ✓ ✓ ✓ ✓ ✓
Job & transition vars. ✓ ✓ ✓ ✓
Year & industry/occ cat. FEs ✓ ✓
R2 0.0501 0.0552 0.0558 0.0856 0.1407
N 31214.0 30488.0 30488.0 30488.0 30461.0
Robust standard errors in parentheses.
* pă0.1, ** pă0.05, ***pă0.01
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Appendix C. Main Results Using Skill Distance vs. Source
Job

The results presented in the main analysis above are directionally similar when using

the skill distance between jobs (’J2J’) instead of the distance between the destination job

skills and the worker’s current skill bundle based on their full labor market history.

C.1 Training

Table C.1: Any employer-provided training in first year of new job
(1) (2) (3) (4)

J2J Abs. distance 0.005*** 0.006*** 0.005*** 0.003**
(0.001) (0.001) (0.001) (0.001)

Controls:
Demographics ✓ ✓ ✓
Job & transition vars. ✓ ✓ ✓
Year & industry/occ cat. FEs ✓ ✓
Individual FEs ✓
R2 0.013 0.018 0.042 0.269
N 33320.000 32550.000 32550.000 31461.000
Robust standard errors in parentheses.
* pă0.1, ** pă0.05, ***pă0.01

Table C.2: Any employer-provided training in first year of new job
(1) (2) (3) (4)

J2J Underskill 0.011*** 0.010*** 0.009*** 0.008***
(0.001) (0.001) (0.002) (0.002)

J2J Overskill -0.002* -0.001 -0.001 -0.001
(0.001) (0.001) (0.001) (0.001)

Controls:
Demographics ✓ ✓ ✓
Job & transition vars. ✓ ✓ ✓
Year & industry/occ cat. FEs ✓ ✓
Individual FEs ✓
R2 0.015 0.020 0.043 0.268
N 33508.000 32707.000 32707.000 31616.000
Robust standard errors in parentheses.
* pă0.1, ** pă0.05, ***pă0.01
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Table C.3: Any employer-provided training in first year of new job
(1) (2) (3) (4)

J2J Relative distance 0.009*** 0.008*** 0.008*** 0.006***
(0.001) (0.001) (0.002) (0.002)

Controls:
Demographics ✓ ✓ ✓
Job & transition vars. ✓ ✓ ✓
Year & industry/occ cat. FEs ✓ ✓
Individual FEs ✓
R2 0.015 0.019 0.042 0.267
N 33508.000 32707.000 32707.000 31616.000
Robust standard errors in parentheses.
* pă0.1, ** pă0.05, ***pă0.01
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C.2 Wage Level vs. Occupation Mean

Table C.4: Wage level in first year of new job vs. occupation mean
(1) (2) (3) (4)

J2J Abs. distance -0.022*** -0.009*** -0.023*** -0.018***
(0.002) (0.002) (0.002) (0.002)

Controls:
Demographics ✓ ✓ ✓
Job & transition vars. ✓ ✓ ✓
Year & industry/occ cat. FEs ✓ ✓
Individual FEs ✓
R2 0.285 0.453 0.554 0.686
N 32506.000 31878.000 31878.000 30786.000
Robust standard errors in parentheses.
* pă0.1, ** pă0.05, ***pă0.01

Table C.5: Wage level in first year of new job vs. occupation mean
(1) (2) (3) (4)

J2J Underskill 0.014*** 0.032*** 0.008*** 0.003
(0.002) (0.002) (0.002) (0.002)

J2J Overskill -0.045*** -0.045*** -0.039*** -0.029***
(0.002) (0.002) (0.002) (0.002)

Controls:
Demographics ✓ ✓ ✓
Job & transition vars. ✓ ✓ ✓
Year & industry/occ cat. FEs ✓ ✓
Individual FEs ✓
R2 0.292 0.464 0.556 0.687
N 32685.000 32031.000 32031.000 30933.000
Robust standard errors in parentheses.
* pă0.1, ** pă0.05, ***pă0.01
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Table C.6: Wage level in first year of new job vs. occupation mean
(1) (2) (3) (4)

J2J Relative distance 0.040*** 0.052*** 0.031*** 0.021***
(0.002) (0.002) (0.002) (0.002)

Controls:
Demographics ✓ ✓ ✓
Job & transition vars. ✓ ✓ ✓
Year & industry/occ cat. FEs ✓ ✓
Individual FEs ✓
R2 0.290 0.464 0.554 0.686
N 32685.000 32031.000 32031.000 30933.000
Robust standard errors in parentheses.
* pă0.1, ** pă0.05, ***pă0.01
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C.3 Wage Growth from Job Transitions

Table C.7: Wage Growth from job transitions
(1) (2) (3) (4)

J2J Abs. distance 0.001 -0.009*** -0.023*** -0.018***
(0.002) (0.002) (0.002) (0.002)

Controls:
Demographics ✓ ✓ ✓
Job & transition vars. ✓ ✓ ✓
Year & industry/occ cat. FEs ✓ ✓
Individual FEs ✓
R2 0.006 0.251 0.390 0.581
N 31878.000 31878.000 31878.000 30786.000
Robust standard errors in parentheses.
* pă0.1, ** pă0.05, ***pă0.01

Table C.8: Wage Growth from job transitions
(1) (2) (3) (4)

J2J Underskill 0.052*** 0.032*** 0.008*** 0.003
(0.002) (0.002) (0.002) (0.002)

J2J Overskill -0.052*** -0.045*** -0.039*** -0.029***
(0.002) (0.002) (0.002) (0.002)

Controls:
Demographics ✓ ✓ ✓
Job & transition vars. ✓ ✓ ✓
Year & industry/occ cat. FEs ✓ ✓
Individual FEs ✓
R2 0.034 0.268 0.394 0.583
N 32031.000 32031.000 32031.000 30933.000
Robust standard errors in parentheses.
* pă0.1, ** pă0.05, ***pă0.01
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Table C.9: Wage Growth from job transitions
(1) (2) (3) (4)

J2J Relative distance 0.071*** 0.052*** 0.031*** 0.021***
(0.002) (0.002) (0.002) (0.002)

Controls:
Demographics ✓ ✓ ✓
Job & transition vars. ✓ ✓ ✓
Year & industry/occ cat. FEs ✓ ✓
Individual FEs ✓
R2 0.034 0.267 0.391 0.581
N 32031.000 32031.000 32031.000 30933.000
Robust standard errors in parentheses.
* pă0.1, ** pă0.05, ***pă0.01
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C.4 Relationship Between Risk Aversion and Job-to-job (‘J2J’) Skill
Distances

Table C.10: Absolute J2J skill distance and risk tolerance
(1) (2a) (2b) (3) (4)

Risk tolerance (general) 0.006*** 0.006*** 0.006*** 0.006*** 0.007***
(0.002) (0.002) (0.002) (0.002) (0.002)

Controls:
Demographics ✓ ✓ ✓ ✓ ✓
Job & transition vars. ✓ ✓ ✓ ✓
Year & industry/occ cat. FEs ✓ ✓
R2 0.0170 0.0233 0.0237 0.0629 0.1640
N 31044.0 30347.0 30347.0 30347.0 30322.0
Robust standard errors in parentheses.
* pă0.1, ** pă0.05, ***pă0.01

Table C.11: J2J Underskill distance and risk tolerance
(1) (2a) (2b) (3) (4)

Risk tolerance (general) 0.002 0.002 0.002 0.003 0.003
(0.002) (0.002) (0.002) (0.002) (0.002)

Controls:
Demographics ✓ ✓ ✓ ✓ ✓
Job & transition vars. ✓ ✓ ✓ ✓
Year & industry/occ cat. FEs ✓ ✓
R2 0.0120 0.0261 0.0271 0.0938 0.2001
N 31214.0 30488.0 30488.0 30488.0 30461.0
Robust standard errors in parentheses.
* pă0.1, ** pă0.05, ***pă0.01
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Table C.12: J2J Overskill distance and risk tolerance
(1) (2a) (2b) (3) (4)

Risk tolerance (general) 0.004* 0.004 0.004* 0.004* 0.004**
(0.002) (0.002) (0.002) (0.002) (0.002)

Controls:
Demographics ✓ ✓ ✓ ✓ ✓
Job & transition vars. ✓ ✓ ✓ ✓
Year & industry/occ cat. FEs ✓ ✓
R2 0.0081 0.0125 0.0128 0.1393 0.3460
N 31214.0 30488.0 30488.0 30488.0 30461.0
Robust standard errors in parentheses.
* pă0.1, ** pă0.05, ***pă0.01

Table C.13: Relative J2J skill distance and risk tolerance
(1) (2a) (2b) (3) (4)

Risk tolerance (general) -0.002 -0.001 -0.001 -0.001 -0.001
(0.002) (0.002) (0.002) (0.002) (0.002)

Controls:
Demographics ✓ ✓ ✓ ✓ ✓
Job & transition vars. ✓ ✓ ✓ ✓
Year & industry/occ cat. FEs ✓ ✓
R2 0.0014 0.0148 0.0157 0.1621 0.3899
N 31214.0 30488.0 30488.0 30488.0 30461.0
Robust standard errors in parentheses.
* pă0.1, ** pă0.05, ***pă0.01
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Appendix D. Validation of Soft Skills Measure
D.1 Soft Skills Predict Planned Search and Work Outcomes in the
Control Group

As shown in Table D.1, the soft skills measure used in our study predicts both planned

job search and employment outcomes for untreated jobseekers, as captured in our follow-up

survey. Also, based on data from a pilot survey as well as data from our partner’s job

search platform, our soft skills measures predict having a small business, business earnings,

on-platform job search activity, and the length of on-platform “career goals” text.

Table D.1: Soft Skills and Planned Search and Work Outcomes in the Control Group
Planned search Work

(1) (2) (3) (4) (5) (6)
Hours Expend Apps Any Hours Earnings

Soft skill score (z) 3.393˚˚˚ 23.671˚˚˚ 3.699˚˚˚ 0.014˚˚˚ 0.625˚˚˚ 194.811˚˚˚

(0.510) (6.649) (0.295) (0.005) (0.179) (45.740)
Any work experience -1.850˚ -25.007˚ 1.134˚ 0.009 -0.371 14.117

(1.014) (13.580) (0.586) (0.010) (0.361) (88.524)
Math score (z) -0.374 -23.492˚˚˚ -0.413 -0.009˚ -0.381˚˚ -66.164

(0.496) (6.473) (0.294) (0.005) (0.176) (45.250)
English score (z) 0.694 0.109 1.905˚˚˚ 0.011˚˚ 0.530˚˚˚ 94.881˚

(0.510) (6.647) (0.275) (0.005) (0.189) (51.090)

Control mean 46.576 572.365 31.143 0.395 9.133 2016.698
Observations 9832 9816 9810 10017 10006 9981

D.2 No Evidence of Jobseekers Giving Deliberately Untruthful An-
swers

There may be some concern that jobseekers, rather than answering the soft skills ques-

tions honestly, are deliberately manipulating their responses in order to appear more at-

tractive to employers and boost their probability of getting a job. To get some sense of

whether this seems to be happening, we conduct a pilot study (N = 611) in which we vary

the framing of the soft skills elicitation:

• High stakes: Please answer this survey as truthfully as possible. #SAYouth may use

your answers to match you to work and learning opportunities.
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• Low stakes: Please answer this survey as truthfully as possible. #SAYouth want to

learn more about you so they can best support you in your journey.

The “high stakes” framing is intended to highlight the potential importance of responses

for employment opportunities, thus boosting the incentive to intentionally misrepresent

oneself.

Our pilot yields no evidence of such deliberate misreporting. In the high stakes treat-

ment group, soft skill scores are only 0.05 standard deviations higher, and this result is

insignificant at conventional levels (p = 0.52). There is no evidence of bunching at the very

top; differences are largest in the left tail of the distribution. Further, internal consistency

of subscales (Cronbach’s alpha) does not vary across treatments.
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