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Introduction

This dissertation comprises three essays centered around the role of subjective expectations and
information in labor markets. In equilibrium search models of the labor market, processes such
as wage formation, job creation, offer acceptance, among others, largely depend on agents’ ex-
pectations. Throughout these essays, I research how workers form expectations about aggregate

and idiosyncratic factors that determine their behavior, with an emphasis on job search.

In the first chapter, I quantify the pass-through from inflation expectations to job search behavior
by designing and implementing a survey of United States workers. The second chapter studies
whether workers’ perceived unemployment risk (i.e. their beliefs about job loss) responds to
public information about mass lay-offs. The last chapter empirically contrasts individuals’ job
loss beliefs with their realized employment outcomes and investigates how overestimation of

unemployment risk affects on-the-job search decisions.

Overall, this thesis shows that workers’ expectations about the idiosyncratic and aggregate risk
they face predicts their decisions in the labor market. Workers incorporate information about
local idiosyncratic events and other macroeconomic variables, such as inflation, when forming
expectations about future unemployment. There is vast heterogeneity in expectations, which is
only partially explained by factors such as demographics, job related characteristics or location.
Together, the chapters in this dissertation provide foundations for future research on various
fronts, such as the design of optimal unemployment insurance or employment protection
policies, as well as how Central Bank communication can be used as a tool for expectations’

management. I leave these ventures for the very near future.



Chapter 1

Inflation Expectations, Wages and

On-the-Job Search

Abstract

In this paper, I design and implement a survey of United States workers to study the causal
effect of higher inflation expectations on workers’ job search decisions. I use hypothetical
scenarios to decompose and quantify the impact of inflation expectations into direct and
indirect effects: Direct effects are those caused by changes in inflation expectations, keeping
other expectations constant. Indirect effects are caused by spill-overs from inflation expecta-
tions to expectations about the real economy. Through a within-subject design, I identify
each of these effects at the individual and aggregate levels. I find that, on average, the direct
effects of inflation expectations are positive and statistically significant. On average, workers
associate higher inflation with higher unemployment. This produces an indirect effect that
mutes average intentions to search. Workers’ responses to higher expected inflation are

heterogeneous with respect to age, gender and job tenure.



1.1 Introduction

The 2021-2022 inflationary episode saw the highest inflation rates in decades across many ad-
vanced economies. In countries such as the United States, the United Kingdom, and throughout
the euro area, the surge in inflation occurred against a backdrop of tight labor markets. This sit-
uation raised concerns that workers, in attempting to catch up with unexpected price increases
and to mitigate further expected real income losses, would exacerbate price pressures. Workers’
demands could materialize either through direct requests for pay raises or by increasing their
job search efforts to find higher-paying positions. By 2024, while inflation rates have cooled,

real wages have not yet returned to pre-inflation levels.

How do inflation expectations affect employed workers” search behavior? In this paper, I design
and implement a survey of employed workers in the United States. I first elicit workers’ one-
year ahead macroeconomic expectations, their plans to search for a higher-paid job in the near
future, and their demographic and job-related characteristics. Then, I induce changes in their
macroeconomic expectations by presenting hypothetical scenarios in which the Central Bank
announces forecasts for inflation and unemployment rates. I focus on short-term inflation
expectations, given their importance for price and wage setting (Weber et al., 2023) and their
predominant role in the recent inflation episode (Hajdini, 2023; Werning, 2022). In particular, I
assess how each announcement translates into a change in expectations. Workers adjust their
inflation expectations towards the information provided in Central Bank announcements, and

adjust their planned behavior in line with these posteriors.

I separately identify the effects of higher inflation expectations on planned search behavior
into direct and indirect effects. The direct effect represents the impact of higher inflation
expectations when labor market expectations remain constant. In practice, however, changes
in inflation expectations can spill over into unemployment expectations. The indirect effect,
therefore, arises from updated labor market expectations in response to inflation expectations.
In canonical job search models, workers optimally decide on their search effort by equating the
marginal cost with the expected marginal benefit. This expected benefit includes the value from
switching jobs, weighted by the probability of receiving an offer. When the labor market is slack,
the probability of finding a job for a given search effort is lower, reducing incentives to search.

Depending on how workers perceive the co-movements between inflation and unemployment,



these spillovers could either offset or amplify the direct effects of inflation expectations.

My survey design accounts for these potential dynamics. Decomposing and quantifying changes
in behavior into direct and indirect effects provides a more comprehensive understanding
of the mechanisms through which inflation expectations influence behavior. On average, a
1 percentage point increase in inflation expectations raises intentions to search for a higher-
paying job by 1.2 percentage points. However, workers tend to associate higher inflation with
higher unemployment, which dampens average intentions to search. This “supply-side” view of
inflation provides a potential reason for why real wages have not grown as much as initially

anticipated at the onset of the inflationary surge.

My within-subject design enables me to go beyond average effects and to characterize the cross-
sectional distribution of individual-level effects. First, it allows me to examine the distribution
of the effects of Central Bank announcements on inflation and labor market expectations, pro-
viding direct evidence on heterogeneous effects of Central Bank communication on household
expectations. Second, it captures the distribution of the effects of these expectations on behavior
across heterogeneous workers. This distribution is relevant, as shifts in the composition of job
seekers play a significant role in aggregate wage cyclicality (Gertler et al., 2020; Grigsby et al.,
2021; Bauer and Lochner, 2020; Black and Figueiredo, 2022).

To validate respondents’ intentions to search, I re-contact survey participants three months
after the initial survey to assess their actual behavior. Reported intentions to search effectively
predict whether employed workers pursued a higher-paying job, confirming that ex-ante planned

behavior aligns closely with ex-post realized behavior.

Related literature. This paper contributes to a broad literature on the formation of macroeco-
nomic expectations and its impact on household behavior (see Candia et al. (2020) or Fuster and
Zafar (2022) for a review). In particular, this paper is most closely related to a nascent strand of
the literature that leverages survey data to study the impact of inflation expectations on labor
market expectations and actions. Several studies show that households associate higher expected
inflation to expected losses in income (Hajdini et al., 2022; Stantcheva, 2024; Baek and Yaremko,
2022). These studies show how, given higher inflation expectations, workers choose whether to
engage in costly wage bargaining (Guerreiro et al., 2024), adjust reservation wages (Baek and

Yaremko, 2022) or intensify on-the-job search (Pilossoph and Ryngaert, 2024). Georgarakos et al.
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(2024) focus on the impact of inflation uncertainty, and find that reducing inflation uncertainty
increases planned search intensity. These papers present complementary methodologies and
datasets, offering a thorough understanding of worker behavior in an inflationary environment.
This paper adds to this body of evidence by documenting the individual-level heterogeneity
of behavioral responses of workers employed in a variety of occupations, industries and states,

and by explicitly accounting for the role of unemployment expectations.

Secondly, this paper contributes to a growing literature on the links between business cycle
dynamics and labor market transitions. Job-to-job transitions matter for reallocation, wage
growth and productivity growth. Several papers explore the theoretical links between business
cycle fluctuations and job ladder dynamics that take place through on-the-job search (Faccini
and Melosi, 2023; Moscarini and Postel-Vinay, 2022; Trigari, 2009; Krause and Lubik, 2007). Em-
pirically, there is contrasting evidence of countercyclical search among the employed (Bransch
et al., 2024; Ahn and Shao, 2021; Elsby et al., 2015). Some studies highlight that different mo-
tives for searching on-the-job can generate offsetting cyclical properties, depending on whether
employed workers search for a job to avoid unemployment or to climb the job ladder (Fujita,
2010; Simmons, 2023). Other studies use survey design to recover perceived returns or costs
of on-the-job search (Adams-Prassl et al., 2023; Miano, 2023). I contribute to this literature by
providing empirical evidence on on-the-job search given workers’ different perceived stages of

the business cycle, accounting for both the effects of perceived labor market slack and inflation.

By measuring the spill-overs of inflation expectations to unemployment expectations and its
effects on behavior, this work is related to a strand of literature that examines the joint formation
of macroeconomic expectations through mental models of the macroeconomy and perceived
sources of fluctuations. This literature draws on both cross-sectional and time series data on
expectations (Bhandari et al., 2019; Hou, 2020; Jain et al., 2022; Ferreira and Pica, 2024) as well
as experimental methods (Andre et al., 2022; Binetti et al., 2024).

Methodologically, masuring the causal effect of one macroeconomic expectation is challenging -
macroeconomic variables, as well as their expectation counterparts, are correlated and likely to
jointly impact behavior. Depending on the underlying economic shocks, the magnitude and
sign of the correlation between macroeconomic variables may differ not only across individuals,

but across time and within-individuals, limiting the use of observational data on choices and



expectations. This simultaneity also poses challenges under experimental settings - Fuster and
Zafar (2022) or Coibion et al. (2023) discuss how an “exclusion restriction” problem arises when
an information treatment is used to instrument for changes in expectations and behavior is

regressed on this instrument.

To address these challenges, I build on the literature on survey measurement of expectations (see
Manski (2018); Bachmann et al. (2022) for a review). I elicit subjective choice probabilities under
incomplete scenarios, following the stated preference literature (Manski, 1999) and estimate
treatment effects based on conditional expectations as in Giustinelli and Shapiro (2024), Wiswall
and Zafar (2021), Ameriks et al. (2020) or Arcidiacono et al. (2020). Hypothetical scenarios,
beyond having a causal interpretation, allow for specification of environments that may not
be observable in practice (Armantier et al., 2022). I specify scenarios where the Central Bank
makes different announcements of economic forecasts with no policy commitment, akin to
what is usually referred to as “Delphic” forward guidance (Campbell et al., 2012). The within-
individual comparison of how expectations update in response to different types of Central
Bank announcements contributes to the empirical literature studying how Central Banks can
use communication to affect agents” expectations (Coibion et al., 2022, 2020; Haldane and

McMahon, 2018; Binder, 2017).

Paper structure The rest of the paper is structured as follows: Section 1.2 explains the
analytical framework underlying the survey design. Section 1.3 describes the empirical strategy.
Section 1.4 presents the survey results. Section 1.5 presents the results from a follow-up survey
that validates respondents’ planned actions. Section 1.6 and Section 1.7 showcase further

robustness checks and discussion. Finally, Section 1.8 concludes.

1.2 Conceptual framework

This section explains how I measure the individual subjective effect of an increase in inflation
expectations on behavior. Let Y denote a binary outcome: to search or not for a higher-paid job

(denoted by “search” or S; ).

At time t, individual i forms expectations about macroeconomic variables (in particular, inflation

7t and unemployment u) at t + j. These j periods ahead expectations are used to formulate a



subjective probability of an outcome Y at time t+k, with k < j. Let the probability of individual i
taking action Y be a linear function of individual fixed and time-varying characteristics (a;,v;¢),

as well as of macroeconomic expectations:

Pit(Yieek = 1) = ajy + Bin TGy + Biothfyjy + Vit (1.1)

Where P;(Y;;,x = 1) is the subjective probability that individual i searches for a higher-paid

e
it+j,t

e

job in period t +k, 1 is the expected inflation at t + j evaluated at time ¢, WUipy g 18 expected

unemployment at time ¢ + j evaluated at time ¢.

As mentioned previously, while realized inflation and unemployment rates co-move, this is also

the case for their expectation counterparts. In reduced form, this can be expressed as:

e _ i € .
uit+j,t = a12+717_(it+]',t+€1t (1.2)

A positive shock to inflation expectations may lead to a contemporaneous revision in unem-
ployment expectations, which is captured by y;. As indicated by the subscript i, the sign of this

revision can be heterogeneous across individuals.

These individual-level regressions are unobserved. In this paper, I design hypothetical scenarios
that generate controlled variation in inflation expectations and assess how planned behavior
responds. In doing so, I assume that unemployment expectations are a sufficiently good
instrument for individuals’ expectations about the real economy and labor markets, such that
no “spill-overs” from higher inflation expectations to other macroeconomic variables would

have a first-order effect on search behaviors.!

Stated preference methods allow the researcher to generate controlled exogenous variation and
measure responses that could not be identified from variation in actual choices (or revealed

preferences) alone.? The elicitation of choice probabilities, a particular type of stated preference,

I This assumption is supported both by my data collection and other existing surveys. In particular, other macroeco-
nomic expectations have no predictive power over individuals’ realized search efforts, once unemployment and
inflation expectations are controlled for. Note that this assumption is made with regards to search behaviors only.

2These encompass methods such as conditional probability elicitations (Giustinelli and Shapiro (2024)), vignettes or

strategic surveys (Ameriks et al., 2020; Armantier et al., 2022).



allows respondents to express uncertainty about factors that can affect decision-making.® In this
paper, I elicit choice probabilities conditional on different hypothetical scenarios. Conceptually,
hypothetical scenarios correspond to a function assigning an environment to each member of
the population (Manski, 1999). In practice, I partially specify the environment by fixing a state
of the world such that the Central Bank communicates their predictions. This is akin to what is
described in the Central Bank communication literature as Delphic forward guidance (Campbell
et al., 2012), whereby the Central Bank announces their expected future economic conditions
without making any binding promises on future policy. Individuals’ baseline expectations are
made conditional on a state of the world that differs from the one I describe in the scenarios.
The within-subject design controls for unobserved heterogeneity and the effects of inflation

expectations on planned behavior can be point identified at the individual level.

For the remainder of this paper, let j = 12 and k = 3. Changes in planned behaviour caused
by changes in inflation expectations can be decomposed into a direct effect - if labor market
conditions and unemployment expectations were unchanged - and an indirect effect - driven by
revisions in unemployment expectations. I can manipulate individuals” inflation expectations
and identify both effects solely using the elicitation (i.e. without resorting to regression estima-
tion). Let subscripts 0 and 1 be used to denote prior and posteriors, respectively. I can retrieve
the subjective treatment effect for individual i of a 1 percentage point increase in her inflation

expectations by eliciting the following objects:

1. Priors:

* Inflation expectations IE;;(7t;,17) = 715,
* Unemployment expectations [E;;(us, 1|7 = 7f;) = uj,
* Probability of searching for a higher-paid job given inflation and unemployment

expectations P (Y3 = 1|75y, uf)) = S;

2. Expectations under hypothetical scenario:

3For a discussion see, for example, Blass et al. (2010)
4Empirical work by Glick et al. (2022) shows that while one-year ahead inflation expectations impact wage inflation,
long-term expectations play no role. Furthermore, Armantier et al. (2022) find evidence that long-term expectations

are irresponsive to persistent inflation shocks



* Inflation expectations: 7},
* Change in inflation expectations under the scenario: 7t{; —7t{; = A

* Expected unemployment rate conditional on 7{;: B (1, 12|70 ) = uf)

3. Planned behavior under hypothetical scenario:

* Probability to search conditional on higher expected inflation, keeping expected

unemployment constant: P (Y3 = 1|1tf,, uj,) = SiD
* Probability to search conditional on unemployment expectations u:

Pi(Yipys = 1mcfy, ufy) = S!

Given these objects, we can retrieve §;1, Bj; and y; from Equations 2.1 and 2.2 as:

D . I_ c. e _ e
Bir = S = Si Bir = 5i = Si Wi T
i1= "¢ 2= e e Vi=E ¢ e

e
T — T i1~ Uip T —Tho
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The total individual treatment effect can therefore be estimated as the sum of the direct effect
of inflation expectations and the indirect effect of unemployment expectations that changed
in response to higher inflation expectations (B1; + i f2;). This treatment effect is subjective, in

the sense that it is evaluated by the individual. It is also ex-ante, as it is evaluated prior to the

treatment.”

1.3 Research design

The survey is composed of 6 blocks. Participants are first asked about their economic expecta-
tions. Secondly, they are asked to report the percent chances of taking different actions given
their current expectations. Then, respondents are shown hypothetical scenarios. The hypo-
thetical scenarios describe a situation where a source discloses information about the expected
evolution of an aggregate variable - namely, price inflation and the national unemployment rate.
To isolate the variation of interest, the scenario pins down other macroeconomic variables that
could otherwise be expected co-move with the main variable. Table 1.1 maps the theoretical

objects described in Section 1.2 into the different survey blocks.

5Some papers, such as Arcidiacono et al. (2020) and Giustinelli and Shapiro (2024) have used the term subjective

ex-ante treatment effect. Others (for example Ameriks et al. (2020)) have referred to it simply as treatment effects.



Table 1.1: Mapping: Elicitation and analytical framework

Survey Block Environment specification Elicited objects
Baseline expectations n.a. nfo, ufo
Baseline behavior n.a. S;
Scenario 1. Fed expects 7 percent inflation i,

Fed expects 7 percent inflation,

Scenario 2. unemployment expectations T, SZ-D
unchanged (u5;)
Fed expects unemployment rate
Scenario 3. iif, , expected ué),S!
inflation unchanged (7t},)
Controls n.a. See Table ??

The exact phrasing of the scenarios is specified below:

Scenario 1. Higher expected inflation

Suppose that, after an unexpected shock, the Fed announces that it expects the inflation rate to be
7 percent 12 months from now. In your opinion, 12 months from now, what will be the national

unemployment rate?

10



Scenario 2. Higher expected inflation, ceteris paribus

Suppose that, after an unexpected shock, the Fed announces that it expects the inflation rate to be

7 percent 12 months from now.

The job market will be just as you first thought. The expected national unemployment rate
is [respondent’s baseline expected unemployment | percent. It will be as easy to find or

lose a job as it was before the shock.

Scenario 3. Higher expected unemployment, ceteris paribus

Suppose that, due to an unexpected shock, the Fed announces that it expects the national unem-
ployment rate to be [ respondent s expected unemployment rate when inflation rate

is 7 percent] percent 12 months from now.

Predictions for the inflation rate are exactly in line with your first thoughts: Prices are ex-
pected to increase by [respondent’s baseline inflation expectation] percent over the

next 12 months.

After each scenario is described, I re-elicit respondents’ expectations over the object described

under that scenario. For example, in Scenario 1:

How do you expect prices to evolve over the next 12 months following the Fed’s announcement?

By how much?

By explicitly eliciting individuals’ expectations under the hypothetical scenario, I make sure
that the changes in behavior that I identify correspond to the changes in expectations that would

happen in that scenario.®

To illustrate, consider Scenario 2, which specifies an expected inflation 7% and keeps labor
market conditions constant. Recall that in order to identify the direct effect (f;1), the difference
in current and hypothetical planned behaviors must be divided by the difference in inflation

expectations:

6As a robustness measure, I re-estimate these effects taking into account the scenarios and not the re-elicitations.

Results do not change significantly.
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If the individual’s expected inflation under the scenario is 7'(1?1 # 77° but it is assumed to be 7°,

then the recovered effect would be, instead:

_ ¢ — 75
Bir =P+ 4 S =S,
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Each scenario block concludes with the re-elicitation of planned behavior:

In this scenario, what is the percent chance that you search for a higher-paid job to replace your

current job over the next 3 months?

Finally, the last part of the survey elicits demographic and other control variables about respon-
dents’ economic and professional characteristics that could explain heterogeneous responses to
macroeconomic shocks. These include age, gender, race, education, liquidity constraints, home
ownership status, commuting status to work, time and reason for last pay raise, area and state
of residence, inclusion of cost of living (COLA) adjustments in pay, labor union membership,

type of work contract, tenure at current job and occupation.

1.4 Survey results

1.4.1 Sample composition

The survey was administered on-line on the 24", 25" and 30! of August 2023. Participants were
recruited in Prolific through convenience sampling. In total, 722 participants started the survey
and 682 individual responses were collected, which makes for an attrition rate lower than 5%.
The median completion time was 9 minutes. The survey sample spans across the United States,
with responses from 46 states. It also broadly captures the U.S professional fabric, covering
responses from individuals employed in 18 out of 20 sectors included in the North American
Industry Classification System (NACE), and in all 23 major occupational groups of the Standard
Occupational Classification System (SOC). Table 1 compares the demographic composition
of my survey sample to that of the employed population in the Current Population Survey

(CPS). The two are broadly aligned, with my survey sample being more educated, less female

12



and undersampling young individuals. A more detailed description of the sample, including

occupation, area of residence, home ownership status is available in the Data Appendix.

Table 1.2: Sample comparison with Current Population Survey

Survey CPS
High-School Degree or Less 12,6 33,8
Some College Education 24,7 25,7
College Degree or More 62,7 40,5
Age 18-34 29 33,5
Age 35-49 42,5 32,1
Age 50-65 24 27,4
Over 65 4.4 6,9
Female 41,5 46,8
White 77,4 77
Part-time 15,8 16,7
Northeast 16,7 17,4
Midwest 23,2 21,3
South 27,6 37,5
West 32,4 23,8
Management, professional, related 60,4 42,9
Service occupations 10,3 16,2
Sales and office 19,5 19,2
Farming, fishing, and forestry 0,3 0,6
Construction, and maintenance 3,9 8,4
Production, transportation, and material moving 5,6 12,7

Average shares for Current Population Survey computed using
2022 monthly data on employed respondents only. Survey weights

used.

13



1.4.2 Descriptive analysis

Prior macroeconomic expectations Figure 1.1 shows the distribution of one-year ahead

expectations for inflation and unemployment rates, respectively.
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0- 0-

-20 -10 0 10 20 0 5 10 15 20
Expected inflation rate Expected unemployment rate
(a) Inflation expectations (b) Unemployment expectations

Figure 1.1: Distribution of prior macroeconomic expectations

Respondents’ one-year ahead inflation expectations are highly correlated but lower than their
inflation perceptions over the previous 12 months, as can be seen from Figure 1.2. On average,
respondents believed prices to have increased by 7.6 percent over the last 12 months and
expected prices to increase by 3.9 percent over the next 12 months. Figure 1.3 shows the

cross-sectional joint distribution between inflation and unemployment expectations.
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Figure 1.2: Inflation perceptions and expectations Figure 1.3: Unemployment and inflation expecta-

tions

Prior intentions to search  Figure 1.4 shows the distribution of respondents’ intentions to
search on-the-job for a higher-paid job over the next 3 months. About a third of respondents
report a zero percent chance of searching for a higher-paid job over the next 3 months. Around
23 percent of respondents have a 50 percent or higher chance of searching for a higher-paid job
over the next 3 months. Figure 1.5 plots respondents’ intentions to search for a higher-paid job
against their inflation expectations. On-the-job search can be seen by respondents as either a
tool to relocate to a better job, or as a way to avoid unemployment.” To gather whether these
different motivations shape the relationship between search intentions and unemployment rate
expectations, I divide workers into two quantiles based on the unemployment rate they report
facing. I classify workers as facing below and above median unemployment risk, respectively.
Figure 1.6 relates intentions to search on-the-job and unemployment rate expectations con-
ditional on individuals’ own unemployment risk. Two findings emerge: Firstly, individuals
with above median unemployment risk are more likely to search for a higher-paid job while
employed. Secondly, while search on-the-job increases with expected unemployment rates

among workers facing high unemployment risk, the opposite relationship is present for workers

7See, for instance, Adams-Prassl et al. (2023) on main motivations for on-the-job search

15



in safer positions. Figure 1.7 shows how workers’ self-reported reservation wages vary with
intentions to search on-the-job. Workers who report higher percent chances to search on-the-job

tend to have lower reservation wages, regardless of whether they face high or low unemployment

risk.
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inflation expectations
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Effects of Central Bank communication Figure 1.8 shows how respondents adjust their
macroeconomic expectations under the direct and indirect scenarios, respectively. In particular,
1.8a plots respondents prior expected inflation rates against an orange line signaling the 7%
inflation rate specified in the scenario, and their posterior inflation rates under that scenario. As
can be seen, across all bins of prior expected inflation, respondents revise their expectations
in the direction of the Central Bank announcement. Revisions in expectations are of larger
magnitude among respondents with prior expectations much higher or lower than the ones
specified in the scenario. Similarly, 1.8b plots revisions in expected unemployment under the
indirect scenario where the Central Bank announces an expected unemployment rate in line
with 7% inflation, but no expected changes in prices. For each bin, the figure plots respondents’
prior unemployment expectations, the unemployment rate that is specified in the scenario and
the posterior expectation. Here too, respondents revise their expectations toward the Central

Bank forecast .
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Figure 1.8: Revision in expectations under inflation and unemployment scenarios

1.4.3 Average treatment effects

Table 1.3 shows average treatment effects (ATE). The average magnitude and statistical signifi-
cance of the effects of inflation expectations on search behavior are muted when variation is not

isolated from its spill-overs through labor market expectations.

Table 1.3: Average treatment effects

ATE: Inflation expectations

Direct  Indirect Total
(B1) (B2y)  (Pr+Bay)

Search 1.014***  -0.250 0.764
(0.294)  (0.533)  (0.632)

1.4.4 Individual treatment effects

There is rich heterogeneity behind the average treatment effects that I identify. In the following
subsections, I characterize the cross-sectional distribution of each individual treatment effects

(ITE) of interest. These correspond to the direct and indirect effects. These effects are identified
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by comparing baseline and re-elicited behaviors under the Scenarios 2 and 3 described in Section

1.3.

Table 1.4 summarizes the distribution of individual treatment effects under the direct and
indirect scenarios, as well as inflation expectations and planned search behavior before and

after the scenarios were presented.

Table 1.4: Individual Treatment Effects - Search

Direct scenario

e e

g § po(search) pj(search)  Bj;
Mean 4.46 5.88 25.24 28.94 0.76
SD 4.48 4.07 31.52 32.15 5.11
plo 0 0 0 0 -2
p25 1 4 0 1 0
p50 4 7 10 16 0
p75 7 8 40 50 1.67
po0 10 10 80 85 5

Indirect scenario

ug uf po(search) pj(search) Biry;
Mean 8.98 11.18 25.24 26.99 -0.14
SD 9.61 10.38 31.52 30.11 9.29
p10 3 4 0 0 -3
p25 4 5 0 1 0
p50 5 8 10 15 0
P75 10 13 40 45 1
po0 19 22 80 76 4.4

Table 1.5 shows the share of negative, zero and positive individual treatment effects by scenario.
Overall, the share of individuals revising their intentions to search upward is very similar in

both scenarios.

Table 1.5: Share of search ITE, by sign

Sign of ITE

Negative Zero Positive

Direct Scenario 0.19 0.43 0.39
Indirect Scenario 0.24 0.40 0.36
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Heterogeneity On average, inflation expectations directly increase workers’ plans to search for
higher-paid jobs. However, the indirect effect of updated unemployment expectations mitigates

these revisions. Behind these findings there is wide heterogeneity.

To study heterogeneity in the magnitude and the sign of the response to the scenarios, I run
OLS and ordered probit regressions reported in Table 6. The first column studies how workers’
baseline probability to search on-the-job varies with respondents’ characteristics; The two
following columns assess heterogeneity in the magnitude of responses to direct and indirect
scenarios; The last two columns study the sign (negative, null or positive) of the response to

direct and indirect scenarios.

Responses to the direct scenario - recall, that induces ceteris paribus variation in inflation
expectations - are heterogeneous across gender and education. Responses to the indirect

scenario, that focuses on the labor market, are heterogeneous for different levels of job tenure.

The regressions are estimated with respect to a baseline category with the following characteris-
tics: white man aged between 30 and 40 years old, college-educated, working full-time in the
same city that he lives in; who has had a pay raise over the past year; employed at his current job
for more than 6 years; owns a home with an outstanding mortgage; with a pay contract without
cost of living adjustments and not a member of a labor union; employed in a management

occupation in the South region of the United States.

Direct effects of higher inflation expectations are lower for individuals between 50 and 59
years of age. Female and non-college educated workers are more likely to reduce the percent
chance of search for a higher-paid job. Indirect effects through unemployment expectations are
heterogeneous across job tenures. In particular, workers with lower job tenures would increase
their intentions to search for a higher-paid job more than workers who have been in their job for

longer than 6 years.®

8Note that given the large mass of zero ITEs, coefficient estimates should be interpreted with caution. Relative

differences with respect to the baseline category are the focal point of this heterogeneity analysis.
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tab:het_search

Table 1.6: Heterogeneity in ITE - on-the-job search

ITE Size - OLS ITE Sign - Oprobit

Probability Direct Indirect Direct Indirect
tosearch  (Bi1)  (Bi2yi)  (Bi1)  (Bi2vi)

Under 30 years old -3.84 0.19 -3.21%* 0.33 -0.03
(5.26)  (0.61)  (1.56)  (0.21)  (0.22)
Between 40 and 49 yearsold -0.87 -0.33 -1.00 -0.10 0.12
(3.97)  (0.45)  (1.24)  (0.15)  (0.17)
Between 50 and 59 years -4.13 -0.94** -0.13 -0.23 0.09
(4.24) (0.48) (1.33) (0.16) (0.18)
Over 60 years old -9.96* -0.83 -1.04 -0.13 0.05
(5.16) (0.58) (1.66) (0.20) (0.23)
Female 0.96 -0.07 -1.06 -0.24** -0.14
(3.16) (0.36) (0.99) (0.12) (0.13)
No college degree -3.99 -0.75* -1.13 -0.14 -0.10
(3.40)  (0.39)  (1.07)  (0.13)  (0.15)
Renter 8.24** -0.07 -1.11 -0.06 -0.14
(3.51)  (0.40)  (1.07)  (0.13)  (0.15)
Never had a pay raise 13.16** 0.47 -2.09 -0.15 -0.19
(5.94)  (0.67)  (1.89)  (0.23)  (0.27)
Tenure lower than 1 year 4.03 0.33 4.32%* 0.19 0.47*
(6.40)  (0.72)  (1.91)  (0.25)  (0.27)
Tenure between 1 and 2 years 14.54***  -0.64 4.28%* -0.19 0.40%
(5.32) (0.60) (1.70) (0.20) (0.24)
Tenure between 2 and 6 years  8.07** -0.71* 2.37** -0.22 0.28%
(3.54)  (0.40)  (1.10)  (0.13)  (0.15)
Constant 23.41°0% 2,310 -0.79

(6.10)  (0.69)  (1.92)

Other controls Y Y Y Y Y

Observations 462 454 365 462 371

“Other controls” include dummies for race, home ownership status, commuter
status, residence, liquidity constraints, part-time contracts, cost of living adjustment

clauses, labor union membership, occupation and region.
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1.5 Follow-up survey: contrasting planned and realized behavior

The causal effects estimated in the previous sections are evaluated ex-ante by respondents. These
subjective causal effects are informative to the extent that planned behavior predicts actual
behavior. To test whether that is the case, I re-contacted survey participants 3 months after
the original survey was fielded. The data collection took place between 29" November and
December 1%t. Out of 682 respondents, 500 completed the follow-up study. The follow-up
study was designed to contrast reported probabilities to search for a higher-paid job with actual

self-reported behavior. In this sense, respondents are asked the following questions:

Have you searched for a higher-paid job in the last 3 months?

Additionally, I elicit labor market outcomes:

Have you received a pay raise in the last 3 months?

Have you changed jobs in the last 3 months?

When the survey was originally fielded, the average percent chance of search on-the-job over the
next 3 months was 25 percent. Three months later, 38 percent of respondents who completed the
follow-up survey reported to have searched for a higher-paid job. The average search intention
among respondents who ended up searching for a higher-paid job was 46 percent, compared to
12 percent among workers who did not search.

Table 1.7 contrasts realized and planned behavior in more detail. Subjective search probabilities
predict ex-post search behavior. ? In both cases, there is a positive correlation between planned

and realized behavior.

Note that uncertainty and the materialization of shocks may lead to divergences between ex-ante assessments and

ex-post choices.
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Table 1.7: Ex-post behavior and ex-ante beliefs

Searched
P(search) 0.78***
(0.059)
Constant 0.50
(0.121)
Controls Y

Observations 497
R-squared 0.301

1.6 Validating direct effects of inflation expectations

1.6.1 A simpler scenario: The effects of housing inflation expectations

In this section, I focus on the particular role of shelter inflation expectations in affecting
individuals’ job search behavior. I elicit expectations of local rental prices.!’ While inflationary
pressures have eased since the peak in June 2022 (9.1%), shelter inflation has been taking longer
to cool off (Kmetz et al., 2023). On average, housing services account for one-third of the overall
personal expenditures in the United States (Hazell et al., 2022). These facts illustrate how
housing may be particularly salient to survey respondents, and how a scenario around that
object may be realistic and easy to understand. Moreover, with regards to the simultaneity issue
described in the introduction, a shock to local housing prices is more likely to affect agents’
inflation expectations, without spilling-over to expectations about the labor market. In support
of the former, Dhamija et al. (2023) find that households overweight house price expectations
when thinking about their inflation expectations. With regards to the latter, Kuchler and Zafar
(2019) document extrapolation from local home price changes to formation of national inflation

expectations but zero effects on unemployment expectations.“

I elicit one-year ahead rent inflation expectations r{;, and r{, based on the scenario transcribed

below:

10My focus on rent inflation expectations, instead of house price expectations, is in line with the BLS methodology

to measure all shelter component of housing services.

Hyp my survey, the cross-correlations between inflation expectations, rent inflation expectations and unemployment

expectations are of 0.43, 0.32 and 0.21,respectively.
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Higher expected rent inflation, ceteris paribus

Suppose the following:
The news report that average home rents in the city where you live are expected to increase by
9 percent over the next 12 months. This expected increase in rents is not caused by changes in

jobs, wages or other prices.

Let S; denote the same baseline search as previously defined and S define search under the

direct scenario.

In this scenario, by what percentage do you think home rents in your area will increase over the

next year?

On average, I find that a 1 pp increase in rent inflation expectations leads to a 0.294 pp increase
in intentions to search for higher-paid jobs, and this effect is significant at a 95% confidence

level.

Table 1.8 shows how rent expectations change in response to a scenario where local news informs
that rents are expected to increase 9% over the next year. As can be seen, rent expectations
after the scenario become significantly less dispersed and concentrated around 9%. The 10t

percentile increases from 0 to 6 percent and the 90!

percentile decreases from 20 to 14%
expected rent inflation. On average, the percent chance of searching for a higher-paid job
increases from 23.7 to 26.11%, with median intentions increasing from 8.50 to 14%. On average,
ITE are small and feature a significant mass around 0. As can be seen from Figure 1.9, this
correspond to a large extent to respondents with baseline 0 percent chances of searching for a

higher-paid job. On average, a 1 pp increase in rent inflation expectations leads to a 0.29 pp

increase in intentions to search for a higher-paid job.
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Figure 1.9: Distribution of ITEs to Rent Scenario

Table 1.8: Individual Treatment Effects - Rent scenario

e

5 5 po(search) pjq(search) ITE
Mean 7.84 10.25 23.71 26.11 0.29
SD 7.82 5.11 31.51 31.23 3.46
plo0 0 6 0 0 -1
p25 2 9 0 1 0
p50 5.5 9 8.5 14 0
p75 12 10 39 40 0.6
p90 20 14 76 81 2.79
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Table 1.9 shows nearly 48% of respondents do not change intentions to search following the

rent shock, 35% increase intentions to search and 16.8% decrease search intentions.

Table 1.9: Share ITE responses, by sign

Sign of ITE

Negative Zero Positive

Search 0.17 0.48 0.35

Heterogeneity Table 1.10 shows heterogeneity of individual treatment effects along observable
characteristics. The baseline category is defined as previously. The first column is, as before, a

regression of baseline search behavior on observable characteristics.

Consistent with the general inflation scenario (Columns 3 and 5 of Table ??), ITEs are lower for
female and non-college educated individuals. However, some new results emerge compared to
the direct effects estimated before. We see that renters have higher baseline search intentions,
but also higher ITEs to the rent scenario; Additionally, there are heterogeneous ITEs with respect
to age, with lower estimated ITEs for all age categories compared to the baseline of 30 to 40
years old. Lastly, individuals who never had a pay raise have a higher estimated ITE compared

to individuals who had a pay raise sometime over the past year.

1.7 Further robustness, extensions and discussion

1.7.1 Zero individual treatment effects

As highlighted in Section 1.4, a sizeable share of respondents does not change their planned
behavior in the scenarios. To respondents who, for one of the scenarios, did not change their
intentions to search, the survey asks why. Respondents can select all options that apply from
the following: a) Scenario is not different enough b) Chances of finding a higher-paid job would
not be affected by the scenario ¢) Doesn’t know how to look for a higher-paid job d) Doesn’t
have time to look for a higher-paid job e) Satisfied with my current job or f) The scenario was
difficult to understand. In providing this list of options, I account for three main reasons behind

zero-effects:
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Table 1.10: Heterogeneity in ITE - on-the-job search - rent scenario

ITE

Search  Size OLS Sign -

Oprobit
Under 30 years old -3.98 -1.16%* -0.20
(5.22) (0.53) (0.20)
Between 40 and 50 years 1.60 -0.65 -0.50%**
(4.34) (0.44) (0.17)
Between 50 and 60 years -1.40 0.14 -0.41**
(4.92) (0.50) (0.19)
Over 60 years old -12.47** -0.65 -0.58%**
(5.69) (0.58) (0.22)
Female 2.05 -0.66% -0.27%*
(3.46) (0.35) (0.13)
No college degree -1.67 -0.52 -0.29**
(3.62) (0.36) (0.14)
Renter 9.91%%* 0.75%* 0.17
(3.76) (0.38) (0.15)
Never had a pay raise 4.86 0.38 0.57**
(6.72) (0.70) (0.26)
Tenure lower than 1 years 4.39 0.69 -0.07
(7.12) (0.72) (0.27)
Tenure between 1 and 2 years 19.69*** 0.29 -0.06
(5.92) (0.60) (0.23)
Tenure between 2 and 6 years 13.25%* 0.02 0.09
(3.85) (0.39) (0.15)
Constant 20.69%%¢ -0.46
(6.82) (0.69)
Other controls Y Y Y
Observations 388 380 388

1. Scenario complexity
2. Expected returns of search relatively low

3. Expected costs of search are relatively high
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Table A4 shows, for each scenario, the share of zero individual treatment effects by individuals

with baseline zero or hundred percent chances of searching for a job.

Table 1.11: Zero individual treatment effects, by scenario

Scenario

Inflation Unemployment Rent

Total Search ITE 500 418 581
of which: Zeros 214 163 230
of which: P(Search) =0 49.5% 55.2% 49.6%
of which: P(Search) =100  15.0% 10.4% 14.3%

Across the scenarios, the most common answer was that the scenarios were not different
enough to change respondents’ planned behavior. The second most frequent answer was that
respondents are satisfied with their current job. Third, same chances of finding a higher-paid job
- while this is correlated with the first reason, it specifically ties with the expected returns from
job search under the two scenarios, rather than potential income effects. Very few respondents
mention that they do not know or cannot look for a higher-paid job, and only 3 respondents

select difficulty in understanding scenarios as an option for zero changes in planned behavior.

Overall, this sub-section suggests that null ITEs may be more reflective of respondents’ actual

job constraints or non-pecuniary benefits, than of scenario complexity or confusion.

1.7.2 Consistency with other empirical evidence

Table 1.12: Comparison with other surveys’ expectations

US. CPI
Median one-year Mean one-year
YoY
ahead inflation expectation ahead inflation expectation
percent change

(Aug 23) (Aug 23)
(Aug 24, BLS)
Survey of Consumer Expectations (NYFed) 4.9% 2.5% (all items)
Michigan Survey of Consumers 3.5% 5.6% 3.2% (core)
This paper 4% 4.7%

Table 1.12 compares the median and mean one-year ahead inflation expectations of my survey

to those in long-running surveys established in the measurement of inflation expectations, the
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Survey of Consumer Expectations of the New York Fed and the Michigan Survey of Consumers.

The last column of the table shows realized inflation one year later.

My elicitations correlate positively with similar measures in more extensive and widely accepted
surveys. The longitudinal nature of these surveys can be used to understand how planned job
seeking behavior correlates with realized job-to-job transitions. Figures 1.10 and 1.11 illustrate
how realized inflation and job-to-job transitions correlate with self-reported survey measures of
on-the-job search behavior - namely, those elicited in the Labor Market Survey, the in-depth
quadrimestral module in the SCE focused on job search. Figure 1.10 shows that job-to-job
transitions co-move positively with realized inflation. Figure 1.11 shows, especially since 2016,
a co-movement between the self-reported percent chances of switching jobs and the actual

job-to-job transitions.
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Figure 1.10: Inflation and job-to-job transitions - realizations

Source: Federal Reserve Bank of Cleveland (CPI YoY percent change) and US Census Bureau (Rate of job-to-job hires,

non seasonally adjusted).
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Figure 1.11: Survey measures of job search and realized job-to-job transitions
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Source: Labor Market Survey, Federal Reserve Bank of New York (on-the-job search indicators and percent chance
of working for a different employer in 4 months) and US Census Bureau (Rate of job-to-job hires, non seasonally

adjusted).

Lastly, Figure A5 shows individual revisions in their unemployment expectations in response to
higher inflation expectations. This corresponds to how I defined y; in Section 1.2. Around two
thirds of respondents revise their unemployment expectations up in response to a 1 percentage
point increase in inflation expectations. Most individuals (41% of respondents) revise their
unemployment expectations upwards by at most 1 percentage point. For 6% of respondents
the magnitude of revisions is between 1 and 2 percentage points, while 8% of respondents
revise by more than 2 percentage points. Almost a fifth of respondents (19%) does not revise
their unemployment expectations at all. On average, these findings are consistent with findings
there is heterogeneity in belief updating even when provided with the same information
about macroeconomic variables (Andre et al., 2022), and that on average individuals hold a

recessionary view of inflation.
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Figure 1.12: Changes in unemployment expectations (pp) given a 1 pp increase in inflation

expectations

1.7.3 Extensions: other variables

The Data Appendix extends the analysis to workers’ propensity to ask employers for a pay
raise. Workers are more likely to search on-the-job than to ask for a nominal pay raise. Only a
small share of workers would ask directly for a pay raise to their employer. This is compatible
with workers facing some degree of nominal wage rigidity, documented in the literature. While
the model I present in the next section assumes a specific form of wage rigidity (Calvo) that
keeps the analysis tractable, I will comment on how inflation expectations change the wage
bargaining outcome. The expected frequency of wage renegotiations, however, will be kept fixed

by assumption.

1.7.4 Consistency with macroeconomic models

A recent literature has focused on effects of monetary policy on labor market flows, and
how these flows can result in inflation pressures. To the extent that monetary policy affects
households’ expectations (Binder et al., 2022), these effects can be related to the ones of this
paper.Most studies addressing the effect of monetary policy in frictional labor markets use
modelling choices where transmission channels operate through labor demand. For example,
when firms use wages to compete over workers, on-the-job search co-moves positively with
inflation (Moscarini and Postel-Vinay, 2022). A monetary tightening increases propensity to

search on-the-job and resulting job-to-job transitions (Faccini and Melosi, 2023). Graves et al.
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(2023) explicitly focuses on the role of labor supply in a partial setting with sticky wages,
studying the participation margin. In this stylized model, a monetary contraction produces a
substitution (reduces the job finding rate and hence, returns to search) and an income effect
(increases the marginal utility of consumption) on workers’ decision to participate in the labor
market. Cantore et al. (2022) consider a two-agent model with hand-to-mouth and saver
households, but no on-the-job search. An increase in interest rates increases debt repayments
and generates an income effect in labor supply. In particular, it generates an increase in working
hours at the bottom of the income distribution, though on average hours and labor earnings
decline. Unconstrained households reduce consumption because of intertemporal substitution,

as well as higher returns to savings.

In ongoing work, I study the choice of optimal search intensity through the lens of a New
Keynesian Dynamic Stochastic General Equilibrium (NK DSGE) model. The purpose of the
model is to provide insight into how inflation expectations theoretically affect on-the-job search,
mapping with the direct and indirect effects elicited in the survey. The model features search
and matching frictions, as well as nominal price and wage rigidities. The model follows closely
the works of Gertler et al. (2020) and Gertler et al. (2008). Workers search on-the-job to improve
match quality, but do not directly negotiate their pay when joining a new job, joining the firms’
existing payscale. Wages are negotiated in nominal terms and there are wage rigidities. Match
surplus is decreasing with expected inflation across all match qualities. I describe the model
framework in the Model Appendix, but leave a full-fledged theoretical exposition of the results

for future work.

1.7.5 Experimenter demand effects

Recent evidence that demand effects in online experiments is quantitatively small (see Fuster
and Zafar (2023); De Quidt et al. (2018); Clifford et al. (2021), and in particular Roth et al. (2022)
for evidence on macroeconomic information). I follow best practices to minimize concerns of
experimenter demand effects (see, e.g. De Quidt et al. (2019); Falk and Zimmermann (2013)).
In particular, the purpose of the survey and instructions are neutrally framed. Respondents are

not primed in any direction of updating and are informed that their decisions are anonymous.
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1.7.6 External validity and reverse causality

The elicitation of stated choices or behavior may prompt concerns regarding the unbiasedness
or external validity of the estimated effects. Evidence (for example, Fuster et al. (2021); Fuster
and Zafar (2022)) suggests that if scenarios are realistic and relevant for individuals, stated
choices are meaningful and retrieve similar preference estimates to actual choices. With regards
to inflation expectations in particular, Coibion et al. (2023) find that transitory shocks in
inflation expectations lead to persistent effects on spending. The authors argue that a potential
mechanism is revision of planned behavior that is followed through even after the shock has

worn out.

A final issue for discussion is that, while I explore the link from inflation expectations to
unemployment expectations, it could be argued that the inverse direction also affects behavior.
I focus on the causal chain from inflation expectations to unemployment expectations to study
responses to inflationary shocks. Additionally, there is empirical evidence that while news
about inflation move both inflation and unemployment expectations, news about real economic

variables do not generate this co-movement (Hou, 2020).

1.8 Conclusion

The recent inflationary period has revived interest in measuring the role of inflation expectations
for nominal wage growth. Studies that take labor market frictions into account show how wage
pressures can materialize, of which on-the-job search is an important mechanism. My survey
sheds light on how increases in inflation expectations may have heterogeneous effects on
individuals’ search behavior. These behaviors are important as they could materialize into
an effect on aggregate wages. Existing experimental studies contributing to measurement of
this response do not take into account that individuals may hold heterogeneous views of what
causes higher inflation - depending on how individuals observe or interpret shocks, some may
expect unemployment and inflation to co-move positively, and others negatively. By doing that,
my work allows for a more complete description, not only by identifying which individuals’

responses to expected inflation are muted or exacerbated, but also why.

I find that inflationary pressures may per se increase search for higher-paid jobs. This effect,

however, is counteracted by how average individuals think about the real economy in an
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inflationary environment. There is rich heterogeneity behind these average effects.

The findings of this paper raise interesting policy implications with respect to Central Bank
communication and its use for expectations’ management. In particular, this paper highlights
how managing expectations of one macroeconomic variable may spill-over to how individuals

view the broader economic reality.
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A Data Appendix

Al Aggregating individual treatment effects

The previous sub-sections identify average treatment effects and unpack the underlying hetero-
geneity at the individual level. Each of the effects is based on two observations per individual,
which effectively identify how behavior would change if expectations changed from one point
to the other. This change, however, may not be the same for other points of the individual’s
inflation expectations distribution. To evaluate this, one could elicit behavior conditional on
different inflation expectations, keeping unemployment constant. An alternative approach
that minimizes the burden on respondents is to interpret these effects as local. Under minimal
assumptions, I can aggregate responses to identify a curve between expectations and planned
behavior. To illustrate, consider Figure A1, that plots survey responses for four hypothetical
individuals (A, B, C and D). For each individual, the survey elicitation recovers a linear re-
lationship between two points, corresponding to prior and posterior inflation expectations,

respectively.
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Figure Al: Illustration of hypothetical individual responses

The slope of each line is f8;1, the subjective direct effect of inflation expectations on behavior

(job search or wage bargaining). A first assumption required is that this effect holds locally, this

41



is, for every point of the inflation expectation distribution between the two elicited points!?.

For each integer value of inflation expectations j, let J be the set of respondents such that

:7""”, " land j+1¢€ [7cmin 7t;""]. Let N; be the number of respondents in that set. Then,

for each ¢ € [j,j + 1], we can estimate an average effect 8;(j), with standard deviation o (j):

fr =0 Y i oli)= \/ﬁ Y (b - br())7

Jieg ieJ
As an example, in Figure A1, this aggregation method would imply using individual’s C response
to identify the effect between 7t° = [4,5); individuals A and C for nt° =[5, 6); individuals A, C
and D for ¢ = [6,7); and individual B for ¢ = [7, 8).

min T(mux]

121 et g and 7§ denote the prior and posterior inflation expectations, ¢ € [min{rg, 7§}, max{rg, 7{}] = [r;""", 7]
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Figure A2 plots the aggregate relationship between planned behavior and inflation expectations,
ceteris paribus. In each plot, I estimate f81(j) and plot 95% confidence bands. In line with previous
findings, there is a positive relationship between inflation expectations and both intentions to

search, as well as to bargain for a higher nominal wages.
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Figure A2: Average treatment effects

A2 Inflation expectations and wage bargaining

The elicitation is done to the same individuals on the same date and session, and follows the

same flow as described in the main text. The elicited objects are:

* Probability of asking current employer for a raise given inflation and unemployment

expectations P (Y3 = 1|75, uf)) = W;

* Probability to ask for a pay raise conditional on higher expected inflation, keeping expected

unemployment constant: Py (Y3 = 1|1tf,, uj,) = WZ.D
* Probability to ask for a pay raise conditional on unemployment expectations u{:

Pi(Yipi3 = 1|7TfO,ufl) =Ww!

1

The elicitation question is:

43



What is the percent chance that you will ask your employer for a pay increase over the next 3

months?

Table A1l: Average treatment effects

ATE: Inflation expectations

Direct  Indirect Total
(B1) (Bay)  (B1t+pay)

Wage bargaining 1.259***  0.139 1.399*
(0.399)  (0.552) (0.711)

Table A2 presents similar summary statistics for the reported percent chances of asking for a
pay raise following the direct and indirect scenarios. As in the previous sub-section, a scenario
where the Fed reports an expected 7% inflation rate shifts the median respondents’ expectations
under that scenario towards that value. In terms of wage setting behavior, the median percent
chance of asking for a pay raise increases from 5 to 8%. The 90" percentile also increases from
55 to 58%. On average, the percent chance of asking for a pay raise increases from 17 to 18.4%.

The ITE is small on average, with significant heterogeneity.

The indirect scenario shows the effects of a change in unemployment expectations equivalent to
that caused by a 1 percentage point increase in inflation expectations. An equivalent change
in unemployment expectations generates a small increase on average intentions to ask for a
pay raise, from 17.04 to 17.29%. While the median intention increases from 5 to 8 percent, the
right-tail of the distribution decreases from 55 to 50%. The extremes of the distribution of ITE

are of slightly larger magnitudes than under the inflation expectations scenario.
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Table A2: Individual Treatment Effects - wage bargaining

Direct scenario

e e D
U LSt Wi W /51'1

Mean 4.46 588 17.04 18.41 0.96

SD 448 407 25.68 2558 7.26
pl10 0 0 0 0 -3.12
p25 1 4 0 0 0
p50 4 7 5 8 0
p75 7 8 25 25 1.97

p9o0 10 10 55 58 6.67

Indirect scenario

ug uj W; Wl By

1

Mean 8.98 11.18 17.04 17.29 0.10

SD 9.61 1038 25.68 23.58 9.93
p10 3 4 0 0 -3.71
p25 4 5 0 0 -0.14
p50 5 8 5 8 0
p75 10 13 25 25 083
p90 19 22 55 50 5

Table A3 shows that in response to a scenario where the Fed announces 7% inflation, 48% of
respondents increase intentions to ask for a higher-paid job to their current employer (9 pp
higher than search behavior). A scenario focusing instead on unemployment rates increases wage
bargaining intention of 37% of respondents, with a larger share of null or negative treatment

effects.

Table A3: Share of wage bargaining ITE, by sign

Sign of ITE

Negative Zero Positive

Direct Scenario 0.20 0.31 0.48
Indirect Scenario 0.26 0.38 0.36
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Participants also reported in the follow-up study actual wage bargaining behavior which can be

contrasted to elicited behavior.

Have you asked your employer for a pay raise in the last 3 months?

The average 18.5 percent chance of asking employers for a pay raise, which aligns well with the
fact that 17 percent of respondents reported having asked for a pay raise 3 months later.

Figure A3 contrasts realized and planned behavior in more detail.

1004
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404

Percentage of respondents who asked
.

204
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Percent chance of asking for a pay raise

Figure A3: Wage bargaining: planned and realized behavior

Table A4: Zero individual treatment effects, by scenario

Scenario

Inflation Unemployment

Wage bargaining behavior:

Zeros 187 157
of which: P(Raise) = 0 80.7% 75.8%
of which: P(Raise) = 100 2.7% 2.5%

I elicit the main reasons for not asking for a pay raise for individuals with baseline zero percent
chances of doing so. The most frequently mentioned reason by survey respondents is that
their employer will not accept giving a pay raise (selected by 38% of respondents). A fifth of
respondents mention their pay already automatically adjusts for changes in cost of living as the
main reason for not asking for a pay raise. For 16% respondents, overall economic conditions
are not favourable to asking; Finally, 17% respondents had already recently asked for a pay

raise.
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Table A5: Reasons for not asking for a pay raise

Share N
My employer will not accept it 38% 93
My pay automatically adjusts to changes in the cost of living  20% 49
I already asked for a pay increase recently 17% 41
The economy 16% 39
My pay is negotiated in collective bargaining 10% 23
Current work contract ending soon 2% 5
My partner recently had a pay increase 1% 2

A3 Additional tables and figures

Rent scenario - individual treatment effects
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Figure A4: Individual effects of higher rent expectations on search

Joint unemployment and inflation expectations
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Figure A5: Individual percentage point changes in unemployment expectations in response to a

1 pp increase in inflation expectations
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Figure A6: Search behavior and inflation expectations - general and rent inflation
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B Model appendix

This appendix studies the choice of optimal search intensity through the lens of a New Keynesian
Dynamic Stochastic General Equilibrium (NK DSGE) model. The purpose of the model is to
understand the theoretical mechanisms through which inflation expectations may affect on-
the-job search, and to map these with the direct and indirect effects elicited in the survey. The
model features search and matching frictions, as well as nominal price and wage rigidities. The
model follows closely the works of Gertler et al. (2020) and Gertler et al. (2008). The former
introduces idiosyncratic match quality and on-the-job search in a search and matching model
with staggered wage bargaining. The latter estimates a New Keynesian DSGE with search and
matching frictions, but does not consider on-the-job search. I first present the model extensively,
but focus my analysis on the labour market block, which the main differentiating element and

object of interest.
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B1 Model description
Environment

There are three types of agents in the economy: households, wholesale firms and retailers.
Households consume, save and supply labour to wholesale firms. Wholesale firms hire labour
through a search and matching process with idiosyncratic match quality k € {g, b} and produce
intermediate goods sold at relative price x;. Retailers operate under monopolistic competition,
aggregate intermediate goods into a single final good, and sell this good to households. Retailers
choose the price of the final good optimally, given Calvo nominal price rigidities. Furthermore,
a monetary authority sets interest rates based on a Taylor rule and a government finances

unemployment benefits through lump-sum taxes.

Timing

Consider the following intra-period timing of events: at the beginning of the period, shocks
materialize. A share p of the workforce exogenously separates and can only search in the next
period. Wholesale firms post vacancies, workers and firms meet, and matches form. Production
takes place by firms with the workforce size and composition reflecting the outcomes from the

search and matching process. Firms and workers bargain on the wage with a probability A.

Firms produce and the household consumes and saves.

Households

There is a representative household with a continuum of family members of measure 1 and
perfect consumption insurance (Merz (1995); Andolfatto (1996)). Within the household, a
measure g; is employed in good matches, b; is employed in bad matches, and 1 - g; - b; collect
unemployment benefits. The family pools all income and benefits before deciding how much to

consume and to save. Households do not earn utility from leisure.

Let B;_; be the beginning of period bonds, r, the one-period nominal interest rate, p; the nominal
price level, IT; lump-sum profits, T; government transfers. There is a number I; of employed
workers that is determined through a search and matching process, and 1 — I, unemployed

family members. The value of the representative household is Q;:
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Q= m%x{log(ct) + BE Qi1 }

Ct,Dt

s.t. Ct+ﬁ‘f‘c(ct):wtgt+¢wtbt+(1_gt—bt)uB+Ht+Tt+E (Cl)
TtPt Pt

8 = {81 +Efist (c.2)

by = 5?bt—1 + &Py fisy (c.3)

With ¢; is the quality mix of bad to good hires in the economy and the total cost of search

Co
1+1¢

is given by ¢(C;) = (Cémcgt_l + (f;:q‘:bt_l ), with C the average search intensity of workers
employed in bad matches. Given period employment /;, the representative household chooses
consumption ¢; and savings B; subject to a budget constraint (c.1) and to an employment

accumulation equation for good and bad matches (c.2 and c.3, respectively).

Vacancies, match quality and hires

The search and matching process is analogous to Gertler et al. (2020), with the important
difference that new hires start working within the period. Match quality is idiosyncratic, with
good matches occurring with probability £ and bad matches with probability 1-£. Bad matches
produce a fraction ¢ of the output produced by good matches. At the beginning of period ¢, the

existing labour force in efficiency units of firm i is:

lit—1 = git—1 + Pbjr—1 = (1 + P)gir—1 (1.3)

Firms post vacancies, workers search, and they match randomly. Workers in bad matches search
on-the-job with intensity Cj; to improve match quality.Workers in good matches face probability
Cq to search on-the-job for any other match, allowing for relocation shocks. I normalize the
search intensity of unemployed workers to 1. After meeting and randomly drawing match
quality, firms and workers decide whether or not to actually form a match (i.e. a hire).

Letg; 1 = fgit_ldi and b,_; = Jbit_ldi denote the total of good and bad matches in the economy
in the beginning of period t. Then, the number of unemployed workers in the beginning of the

period is:

upy=1-1l (1.4)
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The total efficiency units of search in the labour market at a given time ¢ is defined as:

sp=up 1 +(1—p)(Cg8-1 + Cptbs1) (1.5)

Where (1 - p) is the probability that the match is not destroyed, and employed workers in good
and bad matches are weighted by their respective search intensities. The matching process in

the economy is described as:

my = 0,8 v} 0 (1.6)
Where o denotes elasticity of matches to units of search effort, o,, the match efficiency and v,
the total number of vacancies posted.
The job-finding probability per unit of search intensity in the economy is:

my

fi= (1.7)

St

The probabilities of finding a good and bad match are, respectively:

=&, ff=1-9f (1.8)

Similarly, a firm that posts a vacancy will meet workers with probability g;":

m_ Mt
9t = 7, (1.9)
The probabilities of a posted vacancy resulting in bad and a good hire are, respectively:
b _ Cotbe1) m 8§ _ ¢ m
¢ =(1=&)|1-(1-p)=——)ai q; = &4 (1.10)

t
These job-filling probabilities account for the fact that hires are conditional on realized match

quality.!> When firms post vacancies, the expected hires in efficiency units are:

I3While all good matches lead to hires, bad matches only lead to hires if the worker is either unemployed or employed

in a good match and forced to search, which occurs with probability Cg.
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q:=4q; + gl (1.11)

The number of hires in the economy in a given period are equal to g;v;.

Firms

Each period, wholesale firms produce output using only labor as an input. The ratio of
bad-to-good matches in firm i, @;; = b;;/g;;, describes the quality mix of the firm’s total labor

force. The stock of labor in efficiency units is:

lit = (1 + 0@it)git (1.12)

The number of good and bad matches in the firm evolves through retentions - workers who do
not separate from the firm into unemployment or into another match - and new hires. The laws

of motion for good and bad matches in firm i are:

it = (1= p)(1 = Cof)it-1 + 45 Vit = 55 Giro1 + 3 Vit (1.13)
bis = (1= ) (1 = Coe f¥)big1 +qPviy = 80 biy_y +qPvyy (1.14)

Matches separate exogenously with probability p. Retention probabilities in good and bad
matches are denoted by 6%,k € {g,b}. Their convex combination yields the firm’s retention

probability of a unit of labour in efficiency units:

g N4
Y
5y = LT PPi10F (1.15)
L+ ¢@it

The firm’s hiring rate is measured with respect to its existing workforce at the beginning of time

t, Ly

S (1.16)
lit1

The employment stock in firm i at the end of period ¢ is:
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Liv = (0i¢ + %) lir—1 (1.17)

Let x; be the relative price of intermediate goods, w;; the nominal wage per efficiency unit of
labour at firm i, a; the productivity per efficiency unit of labour (a; = %),14 A1 = BA1/ A =
Bu’(ciq1)/u’(c;) the firm’s discount rate. Firms use their employment stock /;; to produce output
vi+ = aslj;. They add labour by choosing the hiring rate for labour in efficiency units, x;;. Hiring
activities involve costs that are assumed to be quadratic in the hiring rate (x;;) and linear in the

existing stock of employment at the time of hiring (/;;_;).

The firm value F is homogeneous in the stock of labour, due to the assumption of constant
returns. The firm decides the hiring rate to maximize expected discounted profits subject to the
laws of motion for labor (/;;) and quality mix (¢;;), taking as given the expected path of wages

wy. The value of each firm is:

K w;
Fe(lit—1, Qir—1,wit) = Lnax {xtatlit - Exiztlit—l - p—ltlit +EiAt i1 Frin (e @it wit+1)} (1.18)
itrbit t

subject to:

= h

) b_ Qi1 Pt .
Pt = 5P pit_1 +4Pvir/Sir _ O o e it
i g, 8 N
O +4q; Vir/git-1 O H(le + H;Wxit
lit = (03¢ +%ie)lis1
The firm’s hiring decision yields:
w; aF 1
1elio1 = Xe@lip_y — — L1 + EiA¢ 11 %
Pt Ait
Now, note that F; 1 = Fy,1(1;(%it), @it (%i1), Wit 1). Therefore:
OF 11 _ OF 1 9l + OF;1 09 _ OF 1 . OF11 09y

= = i+
Iy oy Inyy gy Iy g T Ay oy

14The productivity per efficiency unit of labour is independent of the firm and its logarithm is assumed to follow an

autoregressive process with persistence parameter p, and standard deviation o,
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Using that:

oF (l -1 Pit-1, Wi ) K
— ol Ilt == Exizt + KOt
it

We have:

Wit K o IFi41 9@i
Kxelipo1 = xpaglip g — Lito1 + E¢Ap i Exit+1 + K01 %41 | Lit—1 + EtA g1 ] 9
Pt Pir Iy

Where the second term reflects the composition effect of hiring in the future value of the firm.
I follow the assumption in Gertler et al. (2020) that firm retention of good and bad matches
is identical in the steady-state. As a result, the steady-state search intensity of workers in
good matches will be a fraction & of that of workers in bad matches i.e. £Cp; = Cg. Under that
assumption, it can be shown that % = 0.1> This simplifying assumption lends considerable
tractability to the model and allows me to focus on the link between inflation expectations,

search intensity and hiring that are not driven by quality composition adjustment motives of

the firm.

Given the assumption of constant returns to scale, the firm’s hiring decision can be expressed as:

Wit K >
KX (Pig, Wip) = Xpap — _p +EiAy i I:Exiﬁ_] + KOjp1 %ite1
t

In order to define the wage bargaining process, let the value of the firm of hiring one additional
efficiency unit of labour at time t after workers have already joined the firm at time ¢. This is,
define this value net of current adjustment costs and taking hiring and worker composition as

given, J;(¢;;, w;;). We have that:

I(Fi(lis-1, Pir-1,wir) + 55, 1is1) wj JF
Ji(@it, wir) = l a alitlt 2 it :Xtﬂt—p—ztt-l-EtAt,Hl#:
Where the last term is simply:
JF JF JF;,1 dl; K i
alt,ﬂ = alt,ﬂ al,Hi allt_tl = _E}fiztﬂ + (0irs1 + %irr )11 (Pire1, Wirs1)
1t 1t 1t+ 1

15Crucially, it holds that & +x = 1 in the steady state. See Appendix of Gertler et al. (2020) for further details
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This value, which corresponds to the firm’s surplus, will consist of average expected profits per

efficiency unit of labour:

Wit )
Je(@ip, wir) = xpa; — p_ —EiAi i EX”H +E A1 (051 + %itr1) 101 (Pir1, Wirs1)
t

Workers

The value functions for unemployed workers, workers in good matches and workers in bad
matches are defined in units of efficient labour. Workers in bad matches search with variable

search intensity. The cost of search intensity for each match quality k € {g, b} is:

o(Cre) = Cpe e (1.19)

1+17C

Where 7 is the search cost elasticity and Cy is a scale parameter. Let the average value of being

employed in a match of quality k at the end of period ¢ be:

Vtk = J Vtk(wf-‘t, it)dG(w, @) (1.20)

In the beginning of period ¢, workers in bad matches optimally choose search intensity Cy;, taking
as given the end of period wages and composition. Workers in bad matches may upgrade to a
good match, with average value V£, or continue in their current match, with value V;? (¢, wi;).
Workers in good matches do not choose their search effort, they simply observe the shock C, in

the beginning of the period. The value of search for each match quality k is:'®

87 = max{Cuuf Vi + (1= T ) VY = (T (1.21)

SF = (1= Cef)VE+C(fEVE+ FIVD) = (i) (1.22)

16Recall that workers and firms match, but not all matches lead to hires. T express the values of search, employment
and unemployment in terms of the average unconditional values of good and bad matches and refer to Gertler et al.
(2020, 2008); Gertler and Trigari (2009) for first-order equivalence results between values of matches conditional

and unconditional on being hired.
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Workers in bad matches will choose, for each given (¢;;, w;;), the search intensity that equalizes

the marginal benefit and cost of one additional search unit:

Colyy = f(VE - V) (1.23)

Consider the value of being employed in a bad and a good match at time t. These values are
defined after hires take place and are net of current search costs. The value of a worker hired in

a bad match employed in firm i is:

w
V= Vg wh) = {p—if +EfApia[(1-p)Sh, + pUHl]}} (1.24)

The value of a worker hired in a good match will be:

Wet
VE = VE (@i wf) = {p—g +EfA i [(1-p)SE, +pUt+1]}} (1.25)
t

The value of an unemployed worker is:

Ur=up+E; [At,t+1 [fti Vil +ftﬁ—1 thil +(1 _ft+1)Ut+1” (1.26)

I now define the match surplus, which will be essential to characterize the contract wage. The

match surplus for a workers in a good and bad matches will be, respectively:

H; = H(@ip, wir) = Vtg -U; (1.27)

th = th((Pitfwit) = th -U; (1.28)

Wage-setting

There is staggered Nash wage bargaining, where wage contracts are negotiated in nominal terms.
Define 7; = p;/p;_1. Let w denote the nominal wage per unit of labour quality. As such, w will
be the nominal wage of a good match, and ¢w the nominal wage of a bad match. For simplicity,
I follow Gertler et al. (2020) and assume that wage bargaining is led by workers in good matches,

and workers in bad matches simply reap the quality-adjusted bargained nominal wage.
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Every period, there is a probability 1 — A to renegotiate the wage. In other words, each period
there is a share A of firms that cannot renegotiate the contract wage. Firms who cannot

renegotiate wages will index wages to past inflation according to the following rule:

wir =1 wi_y, ¥ €(0,1) (1.29)

Let w}, denote the nominal wage per unity of labour quality chosen if wage renegotiations are
possible at time t. Let H; and J; denote the match surplus for workers employed in good matches
and for firms, as defined in the previous sub-section. The optimally renegotiated wage wj, is
chosen to maximize the Nash product of one unit of labour quality to a firm and a worker in a

good match:

max  H(w;)]; " (w;y) (1.30)

it
subject to:

Y . .
Wit j1T0 1 with probability A

Wipyj = , foreveryt+j,j>1.
|» With probability 1 -7

Wityjo
The expected duration of an optimally chosen contract wage will be ﬁ, where A is a measure

of nominal wage stickiness in the economy. The first order condition is:

xiJi = (1—xi)H; (1.31)

" n
Xt =—————— = 1.32
A e (1.32)

Where €} = p;dH[/dwj, and p (@i, wir) = —p; 9] (@ir, wi,)/dw], will be the effects of a rise in the

real wage on the worker and firm surpluses, respectively. I express €; and y; recursively as:

€ =1+ (1=p)AEA;11(1 = Cofrr1)Tty pp 1€t+1 +0; (1.33)
t+

(i) = 14 AEA a ) gt (o] i) + O (1.34)

t+
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Where O; and O, are composition terms that are equal to zero up to a first order in the steady-

state. Average nominal wages per unit of labour quality are defined as:

wy = J- w;;d Gy (@, w)
w,p

To a first order approximation, the evolution of average nominal wages per unit of labour quality
is equal to a linear combination of the target nominal wage contract and last period’s nominal

wages partially adjusted to inflation:

uq:u—AW4+Aj (! wis1)AGy1 ()
w,p

Retailers and price-setting

There is a measure one of monopolistic competitive retailers indexed by j. These retailers
repackage goods produced by wholesalers into intermediate goods, and price them at nominal
pj:- Intermediate goods y;; are purchased by a competitive final goods sector, that aggregates

them into a final good v, taking the final price p; as given.

1 sp—l {;7111
%{L%%w] (1.35)

where ¢, denotes the elasticity of substitution between different varieties. The demand facing

retailer j will be:

1
pitr\ . L
Vjt:(i) yt;WIthpt:(j Pj épd])
Pt 0

Retailers are price-setters in this economy. They purchase intermediate goods at relative price x;
and choose p;t to maximize expected discounted future profits. There are Calvo-style nominal
price rigidities: every period, retailers have a probability 1 — i) of choosing pj;- Formalizing the

optimization problem of retailer j:

Pjt

Pjt)_g”
s.t. = —
Yjt (Pt Yt

Pjt
max II; = (p_] _xt)yjt +PE A 1
t
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As can be seen from the first order condition, the optimal price Pjt will be a function of p;x;, the
nominal marginal cost faced by the retailers. This nominal marginal cost is simply the relative

nominal price of the wholesale good.

From the hiring equation of wholesale firms, we can express the real marginal cost faced by
retailers (x;) as a function of real wages and of current and expected future discounted hiring

COStS.17

1 Wit K

_ 2

Xt = e KXt (Pit W) + _P —EiAt i Exit+1 + Kéit+lxit+1]
t t

In this environment, the aggregate price level will be:

pr=1-Y)pi+¥pi (1.36)

Monetary policy There is a monetary authority that sets rates based on the following Taylor

rule:

1 =1 () ? e (1.37)

Where ¢} is a monetary policy shock.
Government The government finances unemployment benefits through lump-sum transfers:
T,+(1-g—b)ug=0 (1.38)

Resource constraint Aggregate output is equal to the total of resources allocated towards

consumption, vacancy posting costs and search costs:

1
K . C 1
Vr=cp EL il di + 1 +0’7C (1- p)(cnh—%gt + Cbtﬂkbt) (1.39)

The role of prices How do current prices p; affect optimal search? From the optimal hiring

condition, we can observe that an increase in p; reduces unit labour costs % and increases x;;.

t

17See ? for discussion on how search and matching frictions change the nature of the real marginal cost through use

of labor.
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As a result, firms post more vacancies, f; increases, and the probability of finding a good match
f# = &f, also increases. To assess how prices affect the flow value of improving match quality i.e.

V& — VP, note that we can write it as:

g b
- w; w: _
VE-vh= j p—lttht(w,(p) - p—’f +E[ Mg [(1-0)8501 = St ] (1.40)
t
St = VEL+ FIVE L —e(Cy) (1.41)
St = max{Cot £ Vids + (1= Corat f1) Vi) —c(Cous)] (1.42)
>bt+1

From (21) we see that higher p; erodes the difference in flow gains from upgrading match quality

¢ b
[ Yt d Gy (w, ) -
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B2 Expected inflation, hiring and search intensity

To deepen the intuition about the mechanisms through which expected inflation affects on-
the-job search, I derive log-linear equations that describe search and hiring dynamics. A
more detailed account of these results is available in the following sections. Let 7; denote the

log-deviation of any variable y; at time ¢ from its steady state value 7.

The loglinearized surplus for a worker in a good match is:

A

s 5o p 7
Hy = = (@ + ABOCE (] + 7ty = Ttpy — W)} )+

Ha ~ A H_a A A A
B(l—p- 5)ﬁEt(At,t+1 +H/ ) - fﬁﬁEt(le +HL g+ A+
! H* . . .
+ IB(O -1- p)(l - ﬁ)EtftH + ﬁéEt(At,tH + Ht+1)
Where € = dH/Jdw evaluated at the steady state, w" denotes real wages, H? denotes the surplus
in all matches (good and bad) and f;,; denotes the probability of finding any match. Focusing on

the first term, we can observe that surplus of workers in good matches decreases with expected

inflation.

Similarly, the surplus of workers employed in bad matches is:

=t
~b w A%t

t = Hb (wt
H A

+OPEHY (i) + B(1=p—0) =y EHyey — Bf 7 Ed(H],y)

+BAOEE, (YTt + Wy = Tpy —Wiiq)) + XAE A1 + XfEtft+1

Where x5 and x s are functions of the model’s primitives and are reported extensively in the next
subsections. As expected, expected inflation decreases the surplus of workers in bad matches as

well.

The loglinearized optimal search intensity for a worker in a bad match is:

Where H — H? is the steady-state difference in the surplus from a good and a bad match and

f# denotes log-deviations from the steady-state probability of finding a good match. Search
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intensity of workers in bad matches will be increasing in the surplus of good matches relative to

bad matches, as well as in the probability of finding a good match. Recall that:

The loglinearized hiring rate is:

~ * Xa . A u_}r A ~ * ~ * ,B A
#(wy) = E(xt +d) - Ew: + ﬂ/\Et(XHl(nZwt) = %1 (W) + 5(1 +O)E; A+

BOAE(3p41 (6] W) = 141 (wiy1)) + BOEH(Sy11 (W) + BEs (i1 (W), 1))

Deviations from steady-state hires are driven by expected future changes in the firm’s labor

force, through hires and retentions. These, in turn, can be expressed recursively, so that:

r -

. xa, R w o, w . . . .

fe(wy) = E(xt +dy) - Ew: - al’lEt(')/T(t + Wi =Tt - wzil)"'
1-p-6 ow" . .

+ P ¢ €E; (y1ty + Wy — 1ty —Wi4)

on  H-HY

+-(1+ 5)Et[\t,t+l + ﬂéEt(5t+l(w:+1)) + BE; (%1 (Wi, 1))

On the one hand, higher expected future inflation increases current period hires (%) As can
be seen by the fourth term of the equation above, this positive effect is however tapered by the

changes in expected retention of matches, which depend on 7 (the cost of search elasticity).

Discounting and expected inflation An increase in expected inflation in t + 1 decreases the
marginal utility of consumption at t. Recall that the discount rate of firms in the model
is Ag 1 = pu'(cp1)/u'(cy), with u'(cy) = rtﬁEt(%). Consequently, an increase in expected
inflation will increase the discount rate of firms and workers use in the labor market to make
search and hiring decisions. Firms discount more heavily the hiring costs they will have to pay
on their next period labor force - this in turn, affects hiring decisions in the present period.
Workers will discount more heavily future possible upgrades in match quality, even though
inflation erodes the difference in flow values from good and bad matches.

In this appendix, I follow GHT20 closely and show that, under the assumption of equal retention

of good and bad quality matches in the steady-state, there is no composition effect in nominal
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wage setting. The proof follows the structure of the Appendix of GHT20, and is established
by using a set of auxiliary results, which I also prove. The appendix is structured as follows:
first, I present the set of auxiliary results which allow me to prove the lack of composition
effect; then, I present two results that allow me to conveniently express the average surplus as
approximately the surplus in a firm with an average wage and average composition; Finally,
I derive the loglinearized equations of the labor market block of the model. Note that, while
my model and results build from GHT20, it differs from the authors’ model in important ways,
namely nominal wage rigidity, model timing and the existence of within-period hires. As such,
it is not straightforward that their results carry over to my setting, which justifies the need for

derivations.

B3 The average contract wage

To derive the average contract wage through the Nash Bargaining first order condition, I need
the average firm surplus and the average workers’ surplus in good matches in renegotiating
firms. While the wage is negotiated by workers in good matches, the contract wage will depend
on average retention rates, which hinge on search intensity of workers in bad matches. This, in

turn, depends on the surplus of the workers employed in these bad matches.

Take a firm 7 renegotiating wages. With probability A, next period’s nominal wage w;;,; will

be equal to this period’s wage adjusted for inflation 7; w;,. With probability 1 - A, it will be

*

equal to next period’s target nominal wage w7, ;.

The Nash bargaining condition (recall, w* is

nominal) will be:

X?]:((plt’w:t) = (1 _X:)H;((Pltl w;t)
. Ui

Y I P ——
' 1N+ (1—n)ui/e;

With:

aHt((Pit’w;t((Pit))
aw;t((Pit)

(@it Wi, (@ir))
w} (@ir))

e @i, wi(@ir)) = py

(@it wi(@ir) = —ps
In particular, we can show that these can be written recursively as:
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€r=1+(1-p)AEiA141(1 —Cgft+1)7'fz/L€t+1 +0
Pt+1
£ . ) Yy Pt V.oo+
pe(wy) = 1+ AEAp 1 [0ir41 + %irs1 7ty ﬁ#tﬂ(ﬂt wy)+ 0y
+
Where O; and O, are composition terms which will be zero in the steady-state.
The goal is to solve for the average contract wage wj. In order to solve for the contract wage, we
need the log-linearized expressions for the average firm and worker surplus. I drop the subscript

i to refer to a firm with average wage and average composition. First, the log-linearized Nash

bargaining condition for a renegotiating firm with average composition is:

Ji(@pw) + (1= )" %e(w)) = Hy(p, w;)

Average worker surplus in good matches

*

% wi‘
Hy(ppwi) = — —up+
pt
B[ (1= 0)(1 = Cfort) Mo (@it ) i)+ (1= Ve (i wiy )|+
+EtAt i1 [(1 -p)Cefri1H —ft+1Hf+1]

Which can be re-written as:

*

% wt
Hi(pp,wi) = — —up
pt

+ AEiA (1= p)(1 = Cg frr )] Hivt (@irs1, 7] w)) = His1 (@irs1, w5y, )]
+EtAg 1 [(1 = p)(1 = Co fra)Her1 (@itr1, w5y q)

+EtAp [(1 -p)Cefir1HE —ft+1Hf+1]

Using the definition of retention rate 6§+1 = (1 -p)(1 —Cgft), log-linearizing and using w” to

express the real wage:

HA, = v o]+
ABSSHE(Hyy1 (1] w},) = Hy1 (W), )+
+ BOSHE(Ay 141 + S}gﬂ +Hypp )+

+EPHY1—p—08 = f)(HL + Ap i1 + fre1)

: _ 8 Yy p .
Using €, = 1+ AE; Ay 41107, T ’Tilet_,,l.
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*r

Et[HtJrl(nz/w;)_Ht+1(w;+1)] =Et€rq1 (ﬂz/i

W )
) t+1

Log-linearizing around the steady state, defining the steady-state values of the surplus in good

matches H, the steady-state real wage w" and defining € = m:

& * s * u_}r A% A A AR
E¢[Hps1(r] w)) —Hp(wig)]= ﬁeEt(wtr + YT = Teper — WY )

Substituting into the main expression, using 6868 = —(1 — p)Cgff = (65 - (1-p))f, rearranging

and using the surplus approximation Hy 1 (i1, Wi, 1 (Qir+1)) = Hep1 (Pre1, Wiy ):

.u—)i’

Hiylpr,w}) = o (f + APOSeE (@] + 7ty sty — 7))+
HY . . HY . .
B(l-p _5g)ﬁEt(At,t+l +H ) _flgﬁEt(le +H + App)+

Ta

H £ N A 2 *
+p(68 =1 -p)(1- ﬁ)Etle +BOPE (At 1 + Hep1(@re1,wiy 1))

Average firm surplus in good matches

*

+ Wi K 2 Vo«
Je(pr,wy) = xpap — E —AEtAp 141 Exit+1(<ﬂit+1'7'ft wi)+
K 2 %
—(1=AV)EtAt 41 5%”+1((Pit+1’wit+1 )+
+AE A 141 (05041 + %ite1) X Je1 (Pit+1, Tiz/w;)

+(1=VEtA; 101 (0ir1 + %ite1) X a1 (Pire 1, Wip 1)

Which can be combined with the hiring condition to write:

*

Wi K 2 4
Ji(prwi) = xpar - o +AEf At 141 Exit+1((Pit+1’Tft wy, )+
K 9 .
+(1=NEAg 41 Exit_'.l (Pitr1, Wi )+
+ ?\Et/\t,t+1(5it+1(<Pit+1:7TZ/W:) X J11 (@it 7] W5) = Sits1 (@its1, Wipyp) X]t+1((Pit+1:w;t+1))

+EtA 1 (5it+1(¢it+1rwft+1) X]t+1((Pit+1rwft+1))

Loglinearizing:

# A A s X A A * ~ * A *

Jr = xa(%; +ds) - w'wy +ﬁ(§ + 5)At,t+1 + Bt 1 (W) ) + BAXE: (%it+1(ﬂz/wt)—%it+1(wit+1))+
- 3 Y s 3 " S Y % - *

+ﬁ/\bEt(blt+1(nt w}) —51t+1(wit+1))+ﬂA6Et (]t+1(7'[t w}) —]t+1(wit+1))+

+ ﬁé(SiHl(w;Hl)+ft+1(w;t+l))
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Using x+0=1:

Ji(ppw) = xa(%; + dy) —w" ”+ﬁ( )E Appa1 + BAE (%iger (] w)) = Zigsr (w],1)) +

+BAOE; ( it+1 (nz/wt) Sit+1 (Wi )) + ﬂéEtéiHl (Wiyp)+ ﬁEtle (Pr+1, Wiy q)

Average hiring rate at renegotiating firms

Considering that the composition term will be zero up to a first order, we can express the average hiring rate at a

renegotiating firm as:

*

w;
2
X (P, wy) = xpar — E +EtAt 141 %¢+1 + KOt 1 %441

2
Loglinearizing:
. o Xxa w’
*lppwy) = = (£ +d) - awt +B0c+O)Etpy + /3( +8)EtAg 1+ POESy 11
Which results in, given that x+ 0 = 1 in the steady state:
e prw?) = 20 (g4 a) = Lo+ BE gy + L1+ 0)E Ap gy + BOES
tppwp) = = (X +dp) =~ + PEsitpr + 5 tAt, 41+ POEIOL]
Considering nominal wage rigidity:
~ * xa ~ w’ AT ” V. % ” + ﬂ N A
(o wy) = K—i(xt +dp) - oLl BEt(Astpy1 (1t wi) + (1= A)pyq (wyy, 1)) + 5(1 +O0)EtAp i1+
BOE(ASp1 (1] wi) + (1= )11 (W], )
Rearranging:
xa, . w,, N Y s s + B A
i (pp wy) = ?x(xt +dp)— Ll BAE(Rp41 (1 wy) =31 (Wi q)) + 5(1 +O0)EtAp 1+

BOAE (81 (1] w}) = Sy (1)) + BOER(Sp1 (1)) + BEe (Gers1 (wiyyy)

Average retention rate at renegotiating firms

Recall the definition of retention rate:

5 + o0} - ~Cofi)+ bPr-1(1 =T fF)

Oy =
Ty L+dppr

Loglinearizing around a steady-state where 68 = &Y = 5 and Cq = Cpié, and recalling that 58 = (1-p)(1- Cgft) and
bb (1-p)(1 - Cps& f;), we can show:

385 = 85]) = (1~ pICg [ + o)
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Which simplifies deviations in average retention rate as:

Note that:

o0-(1-p)

Et(5t+1 (nz/wt) - 5t+1 (w;tﬂ ) = TpEt (ébt+1 (nz/w,) - ébt+1 (w:tﬂ ))

Average search intensity at renegotiating firms

The optimal search intensity for workers in bad matches in renegotiating firms is:

CoCbt Pt W) ft ( Ht (Ptlwt))

Log-linearizing and using ﬁg = ft

CoCnlye = FE(AHH, - HPAY (W) + fE£5(H, - AY)

Which simplifies into:
s o (HH - HYHP(w])
NCpt(wy) O_Hb t
But then:
: Vo _# ; H® b b
NE: (Cbt+1(7'(t wy) - Cbt+1(wit+1)) = _ﬁE (Ht+1(7"t wy) = Hy,yp (w zt+1))

Average worker surplus in bad matches

*

* w 3
th((Ptlwt) = (Pp_: —up—=EiAy141(1 = p)c(Cpre1) + E¢Ag py1 (1 - p)(cbt+lﬂ§.1)Ht+l +
(a) (b)
+EiAy i1 (1-p)(1- Cbt+1ftg+1)Hf+1 (Pits1, Wer1) _EtAt,t+1ft+1Htu+1

(c)

Now, note that E;Cp;1 = /\Cbt+1(ﬂz/w;) + (1 = A)Cpes1(wi,, ;). As such, we can re-write (a) as:
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—EiAt i1 (1= 0)e(Cpeer1) =

—AEA ;1 (1 = p)e(Cprsn (ntyw;‘)) —(1=NEA1(1=p)c(Cprsr (w;tﬂ )

By a similar token, we can re-write (b):

EtAt,t+1(1 - p)(Clefi])HHl =
AE( A (1 - P)(Cbt+1(ntyw:)ﬂ§1)Ht+l+

(1- AMEiA i1 (1- p)(Cbt+l(w:t+1)fti1)Ht+1

Likewise, for (c):

EiAp o1 (1=p)(1 = Cppir £ )HE  (wy1) =
AE( A1 (1= p)(1 = Cypir (e} w) £ HE, (1] w))

(1- /\)EtAt,Hl(l - P)(l - Cbt+1(w;t+1)ft§1)th+1(w:+1)

Which we can re-write as:

EiA 1 (1=p)(1 - Cbt+1ﬂ§.1)th+1(wt+1) =

= /\Et/\t,tﬂ(1 - p)(th+1(nz/w:) _th+1(w;t+l))
= AE(A 1 (1= p)f5 1 (Corer (] W) HY, g (7] W]) = Tt (W] ) HY g (W)
t 141 P41 \Cot+1\T0 Wy )11, (T0 Wy br+1\ Wi 1 ) 1\ Wi

+ EiAp g1 (1= p)(1 = Cppar (Wi, ) S DHE (W)

Loglinearizing and collecting terms:
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1+1¢
B}y wi) = o007 - (1 - p)co’?—Et [ALoear (] w)) + (1= )y (.| -

c(Cp)

—/3(1— )H EAtt+1+ﬁ(1 p—9) Et[Att+1+Ht+1]

_ﬁf Et(ft+1 +Att+1 +Ht+1)

-B(l-p- 5)(1 - ﬁ)Et (fet + ALprsa (7] w)) + (1= V)1 (Wi,
+ OBAE (A r + Yy (] w))
+ 5[3(1 - )Et (At t+1 T Ht+1( 1t+1))

Collecting terms, this can be further simplified as:

HY (¢, w) = %wrﬁ/tr + XAEA 1 + XpEefin
+BASEH,, (11} w) - Hf+1<w’;+1>1
+OBEHY, (w),) + B(1—p - 5) EHm ﬁf t+1)
With x = [-g(1- )< + (1 - p-8) 2 - pf L5 + 5] and
)(f:[—ﬁfm— (1-p- 6)(1——)] Fmally,notethat

B[ ) )~ B (1)) = g (1 A5+ (BASY) (s + 07 =~ 07)

b B . . . .
E [Ht+1 s wt) Ht+1(w:+1)] = mwre(ynt + W =Tt —wiil)

Substituting:

th = %w E; (W} + BAO€ (y 7 + W} — T —w::1))+XAEt/A\t,t+1 +XfEtft+1

A

H* -«
+OﬁE Ht+1(wt+1)+ﬂ(1 —pP- 5) E Ht+1 ﬁmet(Hta+1)
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B4 Auxiliary steady-state results

Effect of composition on contract wage

A firm has composition ¢;; and contract wage w’,(¢;;). Let the implicit function Fy(¢;;, w},(¢it)) =

(@i, wi (@ir)—(1-1)Hy (@i, wi,(@ir)). By the surplus sharing rule, F = 0. Applying the implicit

function theorem we have that:

With

Evaluated at the steady state:

Jwi(@it) _ _JF/0g;
a(Pit aFt/aw:t

JF,  J]; - )aHt
Pt 179§0it 1 I
JF,  J]; JH,
dw; B ﬂaw}‘ @ _”)aw;

Jw' _ nd]/de - (1-n)dH/dp

dp  nd]/dw—(1-n)dH/ow
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Effect of composition and wages on worker surplus in good matches

Consider the following auxiliary expressions for average surplus in all matches, in good matches

and in bad matches, respectively:

H=&EH +(1-8)A!
I:Izg = Vtg — Ut

th = th_ Ut

The value of a worker in a good match will be, net of search costs:

Wt
Vtg = Vtg((Pz‘t:wi) = {p_gt +E; {At,t+1 [(1 - P)Stg+1 + PUt+1]}}

Where, recall:

S/ = H%baX{Cbtﬂthg +(1L=Tufi)V) - C(Cbt)}
S§ = (1-Cef)VE+CfEVE+ FIVD) = (i)

The value of an unemployed worker is:

7 b b
Ui =up+E, [At,t+1 [ffﬂ V[i1 +ft+1 Vil + (1 _ft+1)Ut+1”
The surplus of workers in good matches net of search costs can be written as:

Wet 8
Hy = P_ —up+EApi ((1 —p)(1- Cgﬁ+1)vt+1)+
t

g 78 b 17b g 78 b 7b
+ EtAt,tH ((1 - p)Cg(ftH Vt+1 + ft+1 Vt+1) - ft+1 Vt+1 - ft+1 Vt+1 ) +
+EA 1 (p =1+ fri1)Upa
Which reduces to:
Wy g
Hy(pir, wir) = _p —up+EiAg 141 [(1 -p)(1- Cgft+1)Ht+1]+
t

+EiAg i [(1 - P)Cgft+1Hta+1 _ft+1Hta+1]
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Which, given the nominal wage rigidity, will be:

w

gt
Hi(@it, wi) = —— —up+
Pt

EiAy i [(1 -p)(1- Cgft+1)(/\Ht+1 (Pits1, ﬂfwt) +(1=A)Hyq ((Pit+11w;t+1))]+

+ EtAt,t+1 [(1 - p)CgftHHtaH _ft+1Hf+1]

OH (@i, wiy) { ( aHH—l((PH—l’nt w;) ) AP }
——=(1-p)(1-C E{A +
a(Pit ( P)( gft+1) t tt+1 a(Pt+1 d(Pt
+(1-\E, {At,t+1 (aHt+1(§0t51:w:+1((Pt+l)) + aHt+1((Pt51:}V;+1((Pt+l)) gw:+1 ) d;PtJrl }
Pr+1 Wi Pt+1 Pt

Recall that retention of good matches is 65 = (1 —p)(1 - Cefr)- So in the steady state, dH,/d¢;;
will be:

oH
9@

As for the effect of wages on worker surplus in good matches, we have:

* d )
d"’) 5gﬁ(1_A)§—Zalg;@) d“(‘; (S2)

JH 1 Y aHt+1((le‘+1177zjwzt) OH 1 (Pite1, 7V wit) 0Piri1
— = —+EA 1-p)(1-C +
ow Pt t4NE 41 [( gft+1 [ a(nyw”) a(lel 8wlt

((Pit+1’w;t+1)+ IHes1(@itr1, w it+1)awit+1]3¢it+1]
IPits1 3w,t+1 i1 | dwi

9Ht+1
+EiAg11 [(1 —p)(1=Cofrs1)(1-A) [

In the steady-state:

JH w*(p)de’ JdH do’
g Y58 RS i S §p—__—
(1 OSBATY =68 B(1- 1) Jo  dw 1/p+o [j’a(P o (S3)

Effect of composition and wages on firm surplus

The firm surplus is, for each given composition and wage:

Wit K >
Ji(@i, wiy) = x40 — — — EiAy i —Xit+1((Pit+1;wz‘t+1)+
Pt 2

+EA ;105141 (@it 1, Wire1) + its 1 (@irr 1 Wins 1) 41 (Qir1, Wirs1)
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With

Jer1(@itr1, Witr1) = A1 (@irs1s T(Z/wit) +(1- A)]t+1((Pz't+1lw;‘et+1)

V4 *
K 1 (Qitr1, Wirr1) = A1 (Qipr1, 0 wig) + (1 = /\)Xt+1((Pit+1;wit+1)

Or1(Pits1, Witr1) = A0pi1 (Pirs1s 7Zz/wit) +(1- A)5t+1(§0it+1:w;t+1)

We will use these auxiliary expressions:

O 141(Qitr1, Wits1) A9]t+1((Pit+1f"Z/wit)

IJt+1 (‘Pit+1'w;t+1 (@it+1))

= +(1-A
IPits1 IPits1 ( ) IPits1
1) a]t+1((Pit;1f:U;t+1((Pit+1)) ZW;H
Wit Pit+1

V4
A% 1 (Qirs1, Wits1) %1 (Pite1, 7T i)

-1 axt+1((Pit+1’w;t+1((Pit+l))

+(1-A

dpits aﬁoit+1 ( ) aﬁoit+1

- axt+1((pit+17w;t+1((pl’t+1)) aw;t_,.l

Wi IPiti1
We can write:
I A%t 1 (Pits 1, Wire1) AQirs1

— —kE:A . 1, W

Yo KE¢ t,t+1(><zt+1((P1t+1 Wit+1) At don

dé‘t 1 d}{‘t 1
+EA aatisd sl i Wite1 )+
t t,t+1( doir doir t+1 (@it 1, Wit

s 1(Qit+1, Witr1) APir+1
# B (Bit (Piret Wieed )+t (i1 w1 ) S DO S
1t+ 1

Note that in the steady state 6 +x = 1.

a dx\do’ ] o] ow*\dy’
Rt R R

Which yields:
aJ do’\ dx de’ o] ow* d¢’
%(l_ﬁdfp)__ﬁ]% ag P Y500 g
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To compute d]J;/dw;, we will use the following expressions:

i1 (it 1, Wire1) _ An73]t+1(§0t+1)nz/wit) .
dwit ! 8nz/wit
a]t+1(({)t+1rw:+1)

+(1-21) Er
n

+(1-2)

. [/\a]tﬂ ((Pt+1'772,wit)

141 (Pre1, Wi ) OWE g ) depry
IPri1

dwi dpiy1 ) dwis

YV
A%t41(Pit+ 1, Wits1) _ Py %41 (Pre1, 705 Wig) .
dwi ! Bntywit

9%t+1(({’t+1rw:+1)

V..
+(/\axt+1(§0t+1x7'ft wit) F(1-A) (12

axt-%—l ((Pt+1:w:+1) aw:+1 d(PtH
IPri1

IPi41 aw:+1 0P ) dwis

Ao 1 (Pits1, Wiry1) [Any 961:1(@Pre1, 7] wit) ]+
=| At

dwi anz/wit

< Y N * N * *
i /\abt+1((f)t+lrnt wit) n (1 _)\) 8bl‘-%—l ((Pt+1xwt+1) " (1 _/\) 3bt+1(‘Pt:1:wt+1) awt+1 d‘PtJrl
IPi41 IPi41 owi I ) dwis
We can express:
] 1 A%itr 1 (Pit+ 1 Wite1
tht = —KE{Ag 1 %141 (Pits1, Wigp1) — (ZZ; b )+
do; dx;
+EtA (ﬁt;l ﬁt:l Jer1(@ity1, Wiy 1)+
i dJ, 141, Wi
+Et At 41 (Oit41 + %ite1) t+1((pg+1 it+1)
Wi
Evaluating at the steady-state yields:
aJ 1 ox ox ox Jw*\de’
= = AV =+ ==+ (1-)1)=—= p
Jw p ﬁ]( T 8w+(8(p+( )Bw 8(p)dw

FARNE) ] dw\ dg’
Yy L _Z |
+/3(A" 9w)+’3(8(p+(1 Y w a<p)dw

Which yields:

aJ ow* do’ 1 dx o] d¢’
— (1= Y _ — - _gr== _
aw(1 pArr =p1=A) dp dw) % ﬁ]dwﬂga(p dw
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Effect of composition and wages on hiring rate

Under the assumption of equal retention of good and bad matches, we have, from the optimal hiring condition:

1 Wit L)
®it(Qit wit) = e n +E AL a1 | 5%+ Kéit+1(({)it+1zwit+1)Xit+1((f)it+1zwit+1)]
t

dxit dxit+1 APit+1 ddit+1 dQit+1
=E/A itsl +0; — —— +EA X it+1, Wi — =
dgis 1A 1 (Kt Zt+l)d(Pit+l dois tA L1 %41 (Pt Zt+l)d<l7it+1 dois
A%ite1 + Oit+1 , APits1 A%l d@irn
—EA . it+1 it+1 it+ E.A . i+ 1t
A1 %41 ( don )d(Pit +E; t’HlblHld(Pitﬂ don
Evaluated at the steady state:
d do’ } dx ow* do’
X1 - o2 ) = po(1—a) 2L v 2P (6)
do do dw de de

As for the effect of wages:

Mite1 dwire1 dQirs1

d%it 1
——— = ——— + EtAp 1 (%irs1 + 0itr1) +EtA 1%t 1 (Qire1, Wit 1)
dwj;  xpy Qwity1 dity1 dwjy Qwity1 Ity dwjy
_ 1 +EiAp pa1 it Mire1 | Iirs1 )awit+1 d@it+1 + 80t Mirr1 Awirp1 APir1
= —— + Et Aty 1%t it+
Kpt Owiry1  Owipy1 ) Qi1 dwjy w1 Aoty dwis

Evaluated at the steady state:

dx  oxde’ dx Jw* do’
dw 7 aw TV YV Gp dw

1
de 1 +ﬁ6[n7’/\
dw Kp

Jwde’\ 1 dxde’

dx _
1 =77 _ _ — -
dw(l 7’ BSA— BS(1 - A) 5o dg 7 P dw
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Effect of composition and wage on future composition
The law of motion for composition given ¢@;;_1, wy is:
b_ Qi1 ‘Pt

Qir = 5f(Pit—1+‘1f7/it/git—1 Pl 1+4)<p %it
it =

S 8. /o T8 1
bt +a vit/8it-1 bt T+o@ir—1 1+¢(p, %it
Therefore
bb Pit + (Pt+l 1
t+1(Pzt+qtvzt+1/gzt t+1 1+ @i 1+¢(p' it
Pit+1 = < R
0} 1+qt+1vzt+1/gzt 6‘«‘”% W“itﬂ

b
dpitt1 IQits1 | IPitr1 Mirel + it abt+1 ICpts1

doit Ipir  Mite1 Ipir 9oL ICprer IPit

N/
dpite1 _ OPirs1 a(Pit+1 Ixiti1 + IPiti1 aOHl ICpti1
dwiy dwjy a%it+1 dwjy 86f+1 OCprs1 dwyy

From the definition of ¢;;, we have:

5 ( 5 Xi ) $o (b Pi1 o X‘)
dpit  (1+d@ir_1)? 1+(/"Pit1 L+t 1P )2\t T+dpi1 * Trgpg it
IPit-1 ( o L )2

T+pi-1 * 1+¢p@,"

Ipie _ 1+ 9@ +dir-1)
Hit (551 + @)+ 441+ dir_1)]

2 ((P?b}g - (pit—lé?)

Pit-1

Ipit _ 1+ @it
aétb 5rg 4 it
+0@it-1 * 1+pgh

b
As before, we have ag —(1- ftg In addition, a(;p”” = 0. Although (pt the ratio of bad to good matches among
new hires is denoted with subscript ¢ (i.e. end of period), these new hires are made from the initial pool of searchers

s; that depends on g;_1,b;—1,us—1. In the steady state evaluation, the ratio of good-to-bad workers among new hires

is equal to the ratio of good-to-bad workers overall i.e. ¢" = ¢.

Evaluating the expressions at the steady-state yields:

& (5g % ) P68 (6”<p (P%)

29" _ W)’ \T+69 " To69 )" (1rgg)’ \T9 " Tofg ) o 1 S ix Boe
dp ( 68, % )2 1+ ¢ (68 +x) (6g+x)2 1+o¢@
1+¢pp = 1+¢gp
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op’ 1 2 . 68 — ot
99’ _ (1+¢9) 2((pég_(pbb):‘p‘ <p2
I (08 +0)(1+ )] (68 +30)
4
a(p’ _ 1+pe %
b~ 8 Y
06 W+ 1_:(;)({) 08 +x
Putting it together yields:
dp’ o Lo, 8 +% 5g¢(p+(p5g—q)5b@_(l_ P gy
dp ~ 1+¢@ (68 +%)  (88+%)21+¢p (58 +%)?2 do PI" 58 1 dp
Note that under the assumption that 68 = 8b = 5, it will be that:
dp’ a9’ dp’
dp o o0 ¢
So under that assumption we have a simplified:
d(p/ . acb
=6—(1- 8 =2
ip 0 U-effeg, (S8)

As for the effect of wages on future composition evaluated in the steady-state:

do’ _ g, 9%
Tw =-(-p)ffo>5 (S9)

Effect of composition and wages on search intensity

To get dC/d¢ and dC;/dw and complete the previous expressions we have, for any composition and wage, the search

intensity can be re-written in terms of worker surplus:

ol i = 1 (i~ )

1-1¢
It _ i 58 oH{
Ipir  1cCo”t Ipit
1—7]C
Defining 7 = ,]bg(o f& we have, at the steady state:

ay JHY
= =T (S10)
I I

Similarly, we have:

L-n¢
ICpt __Cbt gath((Pit'wit)

dwir  ncCo’t owjy
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Evaluating at the steady state yields:

ac oHb
i (511)

Effect of composition and wages on worker surplus in bad matches

The worker surplus in a bad match will be, similar to that in a good match:

wj _
HY (i, wit) = ¢ﬁ —up—EtAr1(1 = p)c(Cprr1) + ExAp 1 (1 - P)(Cbt+1f[§1 )H}g+1+

+EiA1(1-p)(1 - Cbt+1f{31)Hf+1 (Pit+ 1, Wits1) — EeAppi1 fra1Hein

This surplus is maximized given the search decision of the worker at time t. However, note that Cpy 1 = Cp1 (Qit+1, Wit+1)-

Let:
ath+1 _ AaHb((Pit+1:7TZ/(Pit) +(1 —)\)M
IPit1 IPiti1 IPitt1
Therefore:
ath = (1-p)E/|A (1-¢ fg ) 8H1?+1((f)it+1'wit+1) +
0ir = PIEt| At 141 bt+1J41 Pite1
b * E3
(1-1) OHy o1 (Pite 1 Wipy (Pite1) Wiy | dpir
aw;t+1 IPitt1 dpit ¢
With:

_ g (a8 b 1, e |91 dPit
Zp =EApi1(1 p)[ft+1[Ht+l Ht+1] Cocbtﬂ}a@itﬂ doir

Substituting the optimal search intensity condition at ¢ + 1, we will simply have Z,, = 0.

Let 1) = (p(Cp)¢. We have that:

oHb oHb IH" Jw*\\d¢’
W:ﬁ(l—ﬂ)(l—Chfg)(W+(( N )W%)) de

Which simplifies to, given the definition of retention:

8Hb ,bd(p, _ b 9Hb ow* d(p’
) 00 )6 o
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Finally, the effect of wages on the surplus of bad matches is:

IH} ¢ y OHp (@ice, 7] wie)  OH]y deiry
=L a-p-c AE | Ay | ] bt |
dwit  py (1=p)l leftH e 6’nt Wit IPire1 dwis
OH (@it w})  OH], (@irs1, ) dw], ) 1dgip
+ (1= 1_C & 1= ME|A [ t+1 13 + t+1 - 1t t+1] 1t+ +7Z
(1-p) b1 fq ) )E¢| At,t1 Er ale dprer ) dwig w
With Z,,:
8Cbt+l(‘Pit+1:T‘Z/wit)
Zy =1 /\EtAt t1( [[ft+1 [Ht+1 t+1” (chﬂ-l on!
T(t Wit
But if search is chosen optimally at t + 1, Z,, = 0. Evaluating at the steady-state:
oHY b b dw' de’\_¢ oH" dg’
1-— Y_sP1=-21 =L S13
(9w( OTApTT — o )ﬁd(pdw) P ’Sa(p dw (513)
Effect of composition and wages on retention rate
The average retention rate in firm i is:
o 85 + pir_10}
T T+ i
87 = (1= p)(1 = Cpelit,win) )
The derivative of retention with respect to composition is:
doir _ 9oit 98] ATy
doir 96t ICut Ipit
With:
D _ o7 -57) %it __ it 9 1 p)ff
0Pit-1 (1+Ppir_1)? 86? 1+ ¢pit-1 Iyt !

Evaluating at the steady-state, this yields:

d(S_ (j)(p ach

(S14)
As for the effect of wages:
ds; 95, 98 ATy,

dwp — gsb Iyt Jwy
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Evaluating at the steady-state:

o Pp 9
(1= 4
d (1=p)f 1+¢pp ow
B5 Putting it all together:
ow* _ 1d]/dp—(1—n)dH/dp
dp — 1d]/dw—(1-n)oH/dw
oH o A’ JH ow* (@) do’
——[1-56% 4
9(/)(1 ° ﬁdfp) A do de
JH ow*(p) do’ JH dg¢’
- 8 Y 58 — - |= 8
aw(l O pARY a8 pl1 =)= BT ) P+ BG
aJ do’ % de’ 9 dwde’
%(1 ﬂdip)_ P50 90 de
aJ y ow* do’ 1 dx a] do’
%(1 pan _ﬁ(l_/\)a(p dw _7_/3] Igé?(p dw
dx dcp' dx Jw* do’
@(1_/3 ) PO =N 00 g
dx ow* do’ dx de’
- Y —
dw (1 e’ poA-pell )qud(p) Kp Igdgodw
do’ 1 vfg aCy
ig ~°-(-of (”a<p
do’
dw __(1_p)
dp — dp
%y _ _ LHh
ow
aHb bd(p b 8Hb d /
e e M R
8Hb b b dw* do’ (]f) oHY dg’
Y xr
( —oTApmT —on(l - ﬁd(p dw p ﬁa(p dw
~(1-p)f¢ e 9%
d(p 1+¢e dop
do LS
= (1= 8 =0
dw = PTG

(S15)

(S1)

(S2)

(S3)

(S4)

(S5)

(S6)

(S7)

(S8)

(S9)

(S10)

(S11)

(S12)

(S13)

(S14)

(S15)

Where I simplified the expressions taking 6P = 68 = 5. In sum, we have a system of 15 equations and 15 unknowns:

ow* 3] 9] 9H oH d¢’ d¢’ dT, IT, oHY 9HY dx dx do do
09 dp dw’ dp’ dw’ de’ dw’ ow’ dp’ d¢ ow’ dw de dw’ de

We can see that dw*/dg = 0 solves the system for any given price level p (or, more simply, that dJw*"/de = 0, with

w =w/p).
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aw*_aH_ax_a]_aHb_acb_da_O

dp dp do dp dp dp dp

H_
ow  p(1-88pAnY)
dJ 1 ox
—(1- Vy=—__ _ Y=
aw( pATT) P pIAm Jw
dx 1 -1
- (1Y
Tw Kp(l 7’ BSA)
do’
do =0
do’ aCy

= —(1- 8§=Y
T - L-pff S
%y __oH
ow  dw
9Hb (P b -1
—_ % - )4
v p (I1-0"ApmY)

ds pp IHY
— =(1- 8 -
dw (1-p)f 1+¢pp Jw

B6 Composition effects: Surplus approximations

See GHT Model Appendix C.2.6 for derivations. In short, we can approximate period-ahead surplus at renegotiating
firms with period-ahead surplus of a firm with average composition and average wages. Crucial to obtaining this
result is a first-order Taylor expansion around the average values for composition and wages, and the results that
JdH/d¢p = dw*/d¢p = 0, which yield "H,, = ', = 0, which my model verifies. The firm surplus approximations,
instead, hinge on 9J/d¢p = dH?/d¢ = dw*/d¢ = 0, also verified by my model. In turn, these yield Ny = Hb, = w, =
0.

The approximations for surplus of workers in good matches in renegotiating firms:

I:It+1 ((Pit+lfw;t+1 (Pit+1)) = Ht+1 ((Pt+1»w:+1)

Hi1(@its1, n)/w’;) =Hiq (‘Pt+1:w;+1) + TIHW(Vﬁt +y - UA/:H)

The approximations for firm surplus:

Jee1(Pite1, Wiy (Pit1) = a1 (@ra1, W), )

ft+1 ((Pit+1:7'(yw;) = HH—I ((Pt+1zw;+1) + 77],4,()/7%1‘ +f — "A/Lr])

The approximations for surplus of workers in bad matches:

24/ * b *
Ht+1 ((pit+1rwit+1 ((f)it+1)) = Ht+1 ((Pt+lrwt+] )

Ab Ab A A A
Ht+1 (Pit+1, nyw;) = Ht+1 (§0t+1rw;+1) + UHE/(VRI‘ + w: - w:+1)

Finally,
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w:“ (Pite1) = w:+1 (Pre1)

Because we also have that dx/dp = 05/d¢ = 0, similar approximations can be derived for log-deviations in hires and
retentions.

Where 71y, denotes the steady-state elasticity of surplus H with respect to w, and so on for 7y and My
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Chapter 2

The Part and the Whole: Unemployment
Expectations of the Employed

Abstract

How do workers’ beliefs about idiosyncratic unemployment risk and national unemployment change with public
information? In this paper I make use of expectations data representative of the United States population to
measure updates in workers’ beliefs following announcements about local and nationwide events. In particular, I
focus on widely reported idiosyncratic lay-offs. Workers update beliefs about their own job loss risk and national
unemployment, even in an expansionary period with low and stable unemployment rates. A highly salient lay-off
is associated to a 3.5 percentage point increase in the average reported probability of job loss and a 2.5 percentage
point increase in the average reported probability of higher national unemployment. Findings are consistent

with models of imperfect information where workers observe a noisy signal of the aggregate state.
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1 Introduction

Recent work shows how increased unemployment risk can amplify business cycle fluctuations (Broer et al., 2021;
Challe, 2020; Den Haan et al., 2018; Gnocato, 2024; Oh and Rogantini Picco, 2024; Ravn and Sterk, 2021). In
this paper, I provide empirical evidence that workers are imperfectly informed about their unemployment risk.
Unemployment risk is linked to job creation and job destruction - I focus on job destruction risk. I make use of survey
data representative of the United States household head population to measure whether news about large local
labour shocks have an effect on individuals’ perceptions of their idiosyncratic unemployment risk, as well as on
the expected evolution of national unemployment. First, I use data from the Survey of Consumer Expectations to
provide descriptive evidence of households’ beliefs about their own job loss risk, as well as about the evolution of
aggregate unemployment. Then, I match firms’ advance notices of mass lay-offs made in accordance to the Federal
WARN Act to a news repository database (Factiva). This allows me to identify the events with the highest number
of displacements that have been reported in the news. I then use daily variation in the date of survey response to

employ a high frequency identification strategy and quantify the effect of reports of mass lay-offs on average beliefs.

This paper focuses on the effects of public information on beliefs about personal job loss risk and about national
unemployment. In particular, it attempts to understand whether individuals use public information when updating
their beliefs about idiosyncratic and aggregate conditions. As such, it relates to the literature that uses survey data
to understand belief formation. An extensive body of work has leveraged survey data to measure and understand
agents’ beliefs about different economic variables - from inflation to returns to education (see Bachmann et al., 2022
for a comprehensive review across different fields of economics). There are fewer studies that focus on evaluating
agents’ beliefs about the labour market - Mueller and Spinnewijn (2021) review the literature. Namely, empirical
evidence on belief formation has mostly focused on the role of personal experiences (Kuchler and Zafar, 2019;
Hartmann and Leth-Petersen, 2022; Mueller et al., 2021). In an experimental setting, Roth and Wohlfart (2020) find
that information about macroeconomic variables is incorporated by individuals on their expectations about personal

unemployment risk.

Secondly, this paper also contributes to the literature assessing spill-over effects of local labour shocks (Gathmann
et al., 2020; Helm, 2020; Giroud et al., 2021). I focus on an outcome variable that is typically unobserved in these
studies - workers’ beliefs. To the extent that public information about a local event affects workers’ beliefs about

aggregate conditions, this may shed light on spill-over effects of local labour market shocks.

Whether public information influences beliefs carries important policy implications. The ability of a policymaker to
manage or influence average beliefs is mediated by the extent to which individuals incorporate public information
when forming their beliefs. Moreover, it matters what public information affects beliefs - I measure updating
with respect to local idiosyncratic events, and later extend my analysis to official communications about aggregate

conditions.

The remainder of the paper is structured as follows: Section 2 explains the data used and shows descriptive results
about labour market beliefs. Section 3 describes the empirical strategy and identification assumptions. Section 4

presents the results from the empirical analysis, as well as robustness and validity checks. Section 5 concludes.
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2 Data

This section describes the data I use in the empirical analysis. First, I describe the data I use on workers’ beliefs
about personal and national unemployment. I study how these beliefs correlate with variables frequently studied in
the micro (age, race, education) and macro (job tenure, income) labor literatures. Then, I describe the events that I

use as treatments.

2.1 Beliefs: National unemployment and idiosyncratic job loss risk

The Survey of Consumer Expectations (SCE) is an online paid survey filled in by a rotating panel of 1,000 household
heads. Data for the SCE is made available by the New York Federal Reserve at a monthly frequency from June 2013
to June 2020. Data is released with a 9 month lag relative to the date of survey completion. The survey is designed
to measure expectations at a high frequency on different domains, such as inflation, household finance, the labour
and the housing markets. It features several probabilistic questions that are formulated so as to elicit respondents’
perceived likelihood of different events.! Each respondent may be asked to complete multiple survey waves for
a period up to 12 months. Most individuals respond to the survey at least twice. Nearly a quarter of individuals

responds to the survey every month for a year, as can be seen in Table 1.

In total, there are 111,838 observations in the raw data, out of which 86,961 are of working-age. Survey weighs are
provided to make the sample representative of United States household heads and are computed based on income,

education, region and age.

The Labour Market Survey (LMS) is an in-depth module which is filled by SCE respondents every four months. Data
is available for the period from March 2014 to July 2019 on further labour market expectations. It follows the same
elicitation processes described for the SCE and allows us to retrieve information for both unemployed and employed

individuals on expected and realized wage offers, expected and realized number of offers, and reservation wages.

Belief variables Unemployment beliefs are reported answers to the question: “What do you think is the percent
chance that 12 months from now the unemployment rate in the U.S. will be higher than it is now?”. Note this could mean
that individuals believe that unemployment will either decrease or stay unchanged. Job loss beliefs are captured by
answers to the question: “What do you think is the percent chance that you will lose your current job during the next 12
months?”

Figure 1 plots the distribution of responses to job loss and unemployment beliefs. For both types of beliefs there
is mass in all points from 0 to 100. Own beliefs exhibit a higher share of responses equal to zero, while nearly 20
percent of reported aggregate beliefs concentrate around the 50 percent mark. Although slightly skewed to the left,
reported unemployment beliefs are relatively spread out. By contrast, own beliefs are concentrated to the left of the

50 percent mark.

IThere are four types of elicitation methods i) expectations of binary outcomes; ii) pointwise expectations for
continuous outcomes; iii) probability densities for forecasts of continuous outcomes and iv) qualitative questions

using a point scale. See Armantier et al. (2017) for details
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N obs Percent

High-School Degree or Less 9,542 10.98
Some College Education 28,571 32.88
College Degree or More 48,773  56.13
Age under 34 20,305 23.30
Age 35-49 30,690 35.28
Age 50-65 35,983  41.37
Male 43,175 49.65
Black 9,099 10.46
White 71,765 82.51
Married 8,372 66.6

Working full-time 59,054 67.9

Working part-time 11,243 12.93
Not working but would like to 3,312 3.81

Not working and searching 2,592 2.98

Household income under 50k 28,730 33.28
Household income over 100k 26,413 30.6

# respondents 12,570
# respondents w/ at least 2 obs 10,324
# respondents w/ all 12 obs 3,062
# observations 86,961

Table 1: Sample characteristics of the SCE dataset, working-age population

Data quality checks Respondents may report rounded instead of true perceived probabilities, either to express
subjective uncertainty or to simplify communication. Granularity in responses, or lack thereof, may therefore convey
information about rounding practices®. I find that bunching of responses at certain percentage points is more
prevalent for unemployment than for job loss beliefs (see Table A1 of the Appendix). The frequency of answers
equal to 0 and 100 is significantly higher for events under the direct control of respondents - namely, starting search
or voluntarily quitting their jobs. By contrast, events such as finding an admissible job offer will likely be influenced

by factors outside of respondents’ direct control. Interestingly, the frequencies of 0 or 100 percent responses linked

2For example, it can be used to establish an upper bound to the extent of rounding, as in Giustinelli et al. (2020).
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Figure 1: Sample distribution of job loss and unemployment beliefs

to the event of losing a job are placed between the former two events.>

Best linear predictors Given the rotating panel structure of the data and the existence of multiple observations
per individual, I conduct two distinct analyses, similar to Kuchler and Zafar (2019): First, a cross-sectional analysis
based on a sample that takes only one observation per respondent (Table 2) Then, the full sample of survey answers
is used to understand the effects of within-individual variation in beliefs (Table 3).

The role of socioeconomic characteristics ~ The analysis highlights different best linear predictors for own and aggregate
beliefs. For instance, controls related to work experience are sizeable and significant predictors of individual beliefs,
but not of aggregate beliefs. Indeed, longer job tenures are associated with lower subjective likelihoods of job loss,
with individuals who have kept the same job for longer than 5 years reporting on average a 7.5 percentage points
(pp) lower perceived job loss risk compared to individuals who have been employed for less than a month (the
baseline category). Likewise, one can observe that sociodemographic covariates such as age or income are more
predictive of job loss rather than national unemployment beliefs. This can be linked to the nature of the events asked
to individuals - whereas the likelihood of a personal event may be informed by one’s own characteristics, that is less

likely the case when assessing a global event.

The sign of association between working part-time and beliefs is symmetric for national unemployment and job loss
beliefs. Compared to full-time workers, part-time workers are on average expected to report a 2 pp lower perceived
likelihood of an increase in unemployment, as well as a 3.5 pp higher perceived likelihood of job loss. The latter is
not surprising given the lower attachment of part-time workers to the labour market. That part-time workers hold
more optimistic beliefs than full-time workers regarding the evolution of national unemployment could also be

reflective of how labour force attachment influences beliefs. Spinnewijn (2015) finds that unemployed individuals

3This is in line with de Bruin et al. (2000) who document reported 50 percent subjective beliefs as a result of ‘evoked

feelings of less perceived control’.
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hold more optimistic views than employed individuals - the attachment of part-time workers to the labour force is

between these two categories, and so are their beliefs.

Role of other beliefs ~On average, individuals who assign low probabilities to losing their jobs over the next year are
associated with lower reported likelihoods of higher unemployment over the same time period. A one percentage
point increase in the chance of losing their job is, on average, associated with a 0.35 percentage points increase in
likelihood of higher unemployment rate. The significant negative squared term on Table 2 suggests that these effects
are decreasing in job loss beliefs - this is, the positive association between job loss and national unemployment is
stronger for individuals with a lower subjective likelihood of losing their jobs. This non-linearity is not present
on Column 2. On average, a 1 percentage point higher perceived chance of unemployment increasing next year is
associated with a 0.1 percentage points higher subjective chances of getting fired in the cross-section. The analysis is

robust to the inclusion of different measures of beliefs (e.g different non-parametric partitions of beliefs).

Within-individual variation  Table 3 shows the predictive power of beliefs on within-individual variation. Estimation
now includes individual-level fixed effects. An interesting result is the symmetric signs of the national unemployment
rate coefficients on national unemployment and job loss beliefs, respectively. A 1 percentage point (pp) increase in the
reported monthly national unemployment rate is associated with a 0.57 pp decrease in reported likelihood of higher
unemployment occurring over the next year. The same increase is associated with a 0.21 pp increase in own-job
loss beliefs for the same time horizon. The measure of national unemployment rate included in the regressions
is the national unemployment rate from the month preceding the survey completion made publicly available by
the Bureau of Labour Statistics. While one cannot assert whether individuals are de facto using this information
when forming beliefs, one can nevertheless test if it is a relevant predictor. The resulting estimates, however, could
either indicate how public information is used by individuals for belief formation, or simply capturing how public

information is affecting belief formation through other unobservable channels.
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Table 2: Linear prediction - cross-sectional analysis

(1) (2

National unemployment beliefs Job loss beliefs

Sociodemographic characteristics

Age -0.0620** 0.1440%*
(0.0224) (0.0198)
1.Black 0.897 -0.219
(0.806) (0.737)
1.Male -0.272 0.172
(0.498) (0.425)
1.College=1 0.756 -0.750
(0.833) (0.795)
Middle income -1.260 -3.415%%%
(0.645) (0.592)
High income -2.195%* -3.540***
(0.694) (0.622)
Professional characteristics
Working part-time -1.996%* 3.455%**
(0.763) (0.798)
Employed between 1 and 6 months -1.761 -0.676
(1.974) (1.995)
Employed between 6 months and 1 year -1.233 -0.978
(1.971) (1.956)
Employed between 1 year and 5 years -1.392 -4.713%%
(1.774) (1.747)
Employed for more than 5 years -1.109 -7.567%%%
(1.774) (1.743)
Other beliefs
Job loss beliefs
Levels 0.349***
(0.0331)
Squared -0.00223***
(0.000428)
National unemployment beliefs
Levels 0.104%*
(0.0311)
Squared 0.000364
(0.000350)
External information
Unemployment rate -0.298 0.134
(0.227) (0.170)
State Fixed Effects Y Y
Year Fixed Effects Y Y
Constant 47.85%** 24.44
(10.16) (13.64)
Observations 9064 9064
R-squared 0.042 0.070

Robust standard errors in parentheses, * p<0.05,** p<0.1,*** p<0.001.
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(1) ()

National unemployment  Job loss

beliefs beliefs
Job loss beliefs
Level 0.319%**

(0.0202)
Squared -0.003***

(0.000232)
National unemployment beliefs
Level 0.083***
(0.0126)
Squared -0.000116
(0.000147)

External information
Unemployment rate -0.586*** 0.21 4%

(0.0987) (0.0520)
Constant 49.52%** 13.65%%*

(1.119) (0.901)
Individual Fixed Effects Y Y
Year Fixed Effects Y Y
Observations 64,349 64,349
R-squared 0.568 0.634

Table 3: Linear prediction - longitudinal analysis

To sum up, individuals hold heterogeneous beliefs about the probability of losing their job and the probability of
an increase in the national unemployment rate. Personal and job-specific characteristics are predictive of workers’
perceived probabilities of job loss, but less so of evolution of national unemployment. Individuals’ job loss beliefs
are predictive of their national unemployment beliefs, and vice-versa, which suggests that unobservables driving

both beliefs are positively correlated.
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2.2 Events: Publicly reported mass lay-offs

This section describes the data sources and process for the collection of publicly reported mass lay-off events. As
noted before, the information set of survey respondents is unobserved. As such, it could be that respondents either
have not observed a certain event, or that they have observed it but have not incorporated it into their belief formation
process. In order to maximize the likelihood that workers know of these events, I focus on large and widely reported

events.

The U.S. Federal WARN Act establishes that employers with 100 or more employees must give a 60 day notice in
advance of plant closings or mass layoffs. I gather evidence of mass lay-off events from the WARN database, a
publicly available # repository of firms that have filed a WARN notice across different states. In total, it consists
of 44,728 events, available from July of 1998 to January 2023. The database provides information on the company
name, city, number of workers affected, as well as whether the lay-offs are motivated by a plant or a firm closure,
temporary lay-offs or permanent lay-offs. From 2014 to 2019, there are 11, 327 registered events across all U.S. states.

Table 4 presents summary statistics by state.

Number of ~ Average Number of
State

WARN events  Displaced Workers

Alabama 104 154
Alaska 13 137
California 3580 88
Colorado 19 133
Connecticut 119 56
Florida 630 106
Georgia 448 115
1daho 47 92
Indiana 221 145
Towa 290 60
Kentucky 90 120
Maryland 197 96
Massachusetts 12 53
Minnesota 258 39
Missouri 123 122
Montana 10 103
Nevada 63 196
New Jersey 480 130
New Mexico 41 173
New York 2060 71
North Carolina 176 107
North Dakota 24 102
Oregon 202 84
Rhode Island 16 122
Texas 1068 108
Virginia 327 125
Washington 240 129
Washington, D.C. 33 13
West Virginia 136 119
Wisconsin 300 110
US Total 11,327 95

Table 4: WARN Events - Summary statistics

I focus on the 99" percentile of worker displacements for each state. This reduces my sample of events to 379
distinct events. These events cover a variety of states (Figure 3), community zones and also industries (Figure 2).
Then, I select the sub-sample of events that have been publicly covered in the news. For that, I match the company

name and the event date from the WARN database to Factiva, a global news database. I consider all news classified

4Omer Arain, WARN database, last accessed on April 14 2023
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as “lay-offs/redundancies” published by a United States media source around the dates of the official WARN Act
files. If an event was covered in different dates, I consider the first date of publicly available news. The events are
spread throughout the sample of analysis, without strong temporal clustering (Figure 4). I exclude any overlapping

events from my analysis.
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Figure 2: Industrial decomposition of all events
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Figure 4: Timeline of all events

3 Empirical Strategy

I exploit the high frequency variation in the day of SCE survey responses to design an event-study specification.? For
each event, I define a window w of length 2k + 1. Each day within a given window is assigned a relative time-stamp
7. Let ; 4,1 denote individual i’s perceived probability of losing their job reported at day 7 of window w. I estimate

the following benchmark regression:

k
Viwr=ayt Zﬁjl{T:j}+®Xi+fi,w,r (2.1)
j=k
j=-1

Where Xj are individual time-invariant characteristics and a,, are window fixed effects which capture other time-
varying factors that could affect job loss beliefs. I define T = —1 (i.e. the day prior to the event) as the benchmark
period. In other words, each coefficient f; tells us the average difference in job loss (unemployment) beliefs in
period j compared to the average beliefs one day before a lay-off announcement. I cluster standard errors at the
level which the treatment is being assigned - in this case, by window. Additionally, let u; ., ; denote worker i’s
probability that national unemployment will increase in the following year. I estimate the same regression with

aggregate unemployment beliefs u; ,, ; as the dependent variable.

The coefficients estimated after the lay-off announcements can be interpreted as causal under two main conditions.
First, that there is no omitted variable driving the dynamics of average job loss beliefs within an event window. I
assess the validity of this hypothesis both by using high-frequency variation in my analysis, but also by estimating
effects on the days prior to an announcement, which allows me to test for the existence of pre-trends. Second, that
there is no reverse causality. My research setting minimizes reverse causality concerns - workers’ beliefs are unlikely

to cause mass lay-off announcements.

The baseline equation assumes that information about lay-off events is widespread - in other words, that all
individuals are treated with information about a large lay-off. While this may be arguably reasonable if I focus on a

small subsample of highly salient and broadcasted events (see Salient Events), it is unlikely to hold for extremely

5Binder et al. (2022) also leverage daily variation in the NYFed SCE to analyse the response of inflation expectations

to monetary policy news.
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local shocks. As such, I consider a differences-in-differences specification which considers the treatment is assigned

to the subpopulation of individuals employed in the same state as the lay-off announcement.®

k
Virwr = Qu,r + Z ﬁjDDeventjs-”me +OX; + & rwr (2.2)

j=k
j=-1

Where eventjs.“me is a dummy variable equal to 1 if T = j and individual i is from the same region as the region
with lay-off announcement in event window w, and «a, , are regional-window fixed effects regional-window fixed
effects which control from time-varying factors that can be affecting ”treated” and “untreated” differently at a given
point in time and 7 are relative event period fixed effects. Coefficients /S]DD can be interpreted as the difference
in updating behaviour between workers from treated regions (“insiders”) and workers from regions that were not

treated (“outsiders”). An alternative hypothesis is that treatment is assigned at the industry level.

k
Vilwr = Qwl + Z ﬁ]L)Devent]game +OX; + & [ wr (2.3)
j=k
j=-1

same
t

The specification is identical as before, only even ] is now equal to 1 if T = j and individual i is from the same

industry as the one featured in the lay-off announcement of window w.

4 Results

4.1 Event-study results

All events Figure 5 shows the results from estimating Equation 2.1 on the entire sample of mass lay-off events that
were reported in the news. The window length is of 3 days and the reference period is the day before the first news
of the event. As it can be seen, on average, workers’ beliefs about their own unemployment prospects and national
unemployment do not change in response to mass lay-off news in a three-day window. Figure 6 shows results when
all events are considered at a weekly frequency. On average, there are no statistically significant effects of all events
on workers’ beliefs about their own unemployment in the weeks following announced lay-offs. While the right panel
suggests a significant decrease in individuals’ national unemployment beliefs on the week of the event, this appears
to be part of a pre-event trend and therefore unrelated to the event itself. As discussed in the previous section,
the interpretation of these results as casual is valid under the assumption of no pre-trends. While the inclusion of
controls such as job tenure reduces the magnitude of the pre-trend, it does not fully eliminate it. As such, until

further work and analysis disprove it, I interpret my results as correlational rather than causal.

A more refined specification would test whether beliefs of workers in treated commuting zones significantly differ
from those in non-treated commuting zones after a mass lay-off. Although I have information on the commuting

zone of workers and events, the number of observations per commuting zone is too low to have statistical power.
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Figure 5: Unemployment beliefs and mass-layoff events - daily frequency
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Figure 6: Unemployment beliefs and mass-layoff events - weekly frequency

Salient events  This section focuses on the most searched lay-off events on Google Trends during my sample period.
I collect data from Google Trends to access the most searched lay-off events at a monthly frequency. I then match
these lay-off events to Factiva and retrieve the precise date when they were announced. Table A2 lists these events.
To the extent that Google Trends conveys a measure of public attention to events, these announcements are the most
likely to be salient to respondents. Figure 7 shows the results of estimating regression 1 on the sample of salient
events. On average, three days after a salient event is covered in the news for the first time, individuals revise their
job loss beliefs up by 3.5 percentage points. In other words, highly salient lay-off events cause an average employed
worker to report a subjective probability of losing their job that is 3.5 percentage points higher compared to the day
before the salient event was reported. No statistically significant effect is found for beliefs about the evolution of

national unemployment.
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Figure 8 focuses on the effect of salient events on beliefs at a weekly frequency instead. On average, I find a positive
and statistically significant effect of announced lay-offs on workers’ beliefs about their own probabilities of job
loss. Compared to the week prior to the announced event, workers report on average a 3.5 percentage points
higher subjective probability of losing their jobs. These effects persist up to two weeks after the event, becoming
non-significant on the third week. The right-panel shows that there also a statistically significant effect, albeit of a

lower magnitude and delayed in timing, for beliefs about the evolution of national unemployment.
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Figure 7: Unemployment beliefs and salient events - daily frequency
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Figure 8: Unemployment beliefs and salient events - weekly frequency
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4.2 Differences-in-Differences Specification

Figures 9 and 10 show the results from estimating Equations 2.2 and 2.3, respectively. The left panel of Figure 9
shows that, on average, lay-off announcements do not lead to differences in job loss beliefs between workers employed
in the state of the lay-off vis-a-vis workers employed in other states. In other words, following an announced lay-off
in a given state, workers from that state do not report a higher perceived probability of losing their jobs compared to
workers from not affected states, ceteris paribus. However, as the right panel shows, differences emerge with respect
to beliefs about the evolution of national unemployment. On average, workers from a treated state report a 12
percentage points higher percent chance that unemployment increases compared to workers from an untreated state,

on the the day following the event announcement.
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Figure 9: Diff-and-Diff: State-level analysis

As Figure 10 shows, no effects are found when I focus on insiders and outsiders with respect to the industry of the
announced event. Ideally, it would be interesting to measure differential effects comparing workers in treated and
untreated occupations, industries and their interaction. However, the available data is not granular enough to pursue

this type of analysis.
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Figure 10: Diff-and-Diff: Industry-level analysis

4.3 Robustness

I conduct three types of robustness checks to my analysis. I first verify that the sample is balanced across the event
study, as well as the differences-in-differences specifications. Then, I conduct randomization inference using 1,000
samples of placebo events. Last but not least, I vary the window length in my estimation. Overall, my results are

robust to all three batteries of tests.

Balanced sample checks The first effort to probe the validity of my findings is to verify whether the composition
of my treated and control groups are similar, conditional on fixed effects. In order to do that, I first regress
sociodemographic characteristics on window fixed effects. I then regress the residuals on the different time-stamps of
my event study. The resulting coefficients show the residualized mean differences with respect to income, education,
gender and age within an event-study window between individuals in a given relative time period t € [t — 3, T + 3]
and individuals in the benchmark period (7 —1). As you can see from Figure 11, these are stable throughout the

event-study window.
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Figure 11: Balance checks: Event-study specification

A similar regression can be run for the differences-and-differences specification. Here too, I retrieve the residuals
from a regression of each sociodemographic variable on fixed effects. These residuals are then regressed on a dummy
variable equal to one if an individual is part of the treatment group, and zero otherwise. The estimated residualized

mean differences between treated and control groups across different sociodemographics are plotted in Figure 12
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Figure 12: Balance checks: Differences-in-differences specification

Randomization inference

I follow Imbens and Wooldridge (2009) and perform randomization inference to validate my analysis. I focus on
the set of results that are significant in the main analysis - this is, responses of beliefs to salient events at a weekly
frequency (as reported in Figure 8). For that, I generate 1,000 different samples of placebo events.” I estimate the
event-study regression for each of the randomized samples and store the t-tests for each of the relative time window
coefficients {r — 3,7 — 2,...t + 3}. I then plot the distributions of t-tests for each of these coefficients, and positions
the t-tests within those distributions, yielding a Fisherian p-value. Figure 13 shows results for own and national
unemployment beliefs, respectively. The extremes of the box plot (in solid blue) are the 10th and 90th percentiles of
each distribution. The t-statistics from the true event-study estimation are plotted as orange markers. As we can see,
the t-statistics of all periods after a salient announcement are statistically significant, corroborating my initial results.
In line with the main analysis, there are some subsisting issues indicative of pre-trends on the second week prior to
the event. While deeper analysis and inclusion of appropriate additional controls may address this possibility, for

now I present my results as correlational, rather than causal evidence.

7 An illustrative example of the results generated by one of the random samples of dates is provided in the Appendix.
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Figure 13: Balance checks: Differences-in-differences specification

Window length A narrow window rules out other sources of systematic variation other than the events under
study. This window must be small enough to reject other sources of variation but wide enough to reasonably argue
that individuals were exposed to the treatment. I estimate Equations 2.1, 2.2 and 2.3 on a four-day and five-day

window, with no change in results (Figures 14, 15 and 16).
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Figure 14: Event study: Extended window analysis
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Figure 15: Diff-and-Diff: Extended window analysis, state-level analysis
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Figure 16: Diff-and-Diff: Extended window analysis, industry-level analysis

4.4 Extension: learning from other events

To compare belief updating with respect to salient events other than mass lay-offs, I extend my analysis to Federal
Open Market Committee (FOMC) announcements. Evidence shows that individuals on average do not update
their inflation and interest rate expectations following Federal Open Market Committee (FOMC) announcements
(Lamla and Vinogradov, 2019). These findings are corroborated in Binder et al. (2022). I find similar evidence for
unemployment beliefs, reported in the Appendix. Note that, as aggregate unemployment was low and decreasing at
a stable pace during my sample period, one would have to test whether these results would carry to periods with

higher unemployment rates.
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4.5 Discussion and theoretical mechanisms

The literature on local labour market effects of mass lay-offs highlights two competing forces when a large local
displacement takes place (Gathmann et al., 2020). Importantly, these are made under the assumptions that workers
have full information about the economy. On one hand, agglomeration effects are such that a mass lay-off in one
firm may reduce labour demand in other firms from the same region and/or industry. On the other, if local wages
are flexible and decrease after the shock, then other firms may become more willing to hire. If agglomeration
forces are stronger than (downward) wage pressures, employment is expected to decrease in other firms. Therefore,
ex-ante the probability of a worker involuntarily losing her job can either remain constant or increase following
an announcement. If shocks occur in local labour markets, then they should not propagate to national wages and
employment through general equilibrium effects. As such, under complete information, announcements should

have no effect on workers’ beliefs about the evolution of aggregate unemployment.

Instead, my results suggest that individuals update their beliefs about the aggregate state from idiosyncratic events.
This is in line with imperfect information and models of local learning (see Baley and Veldkamp (2023) for a review).
The differences-in-differences analysis cannot assert that workers geographically or occupationally closer to the shock

revise their beliefs more strongly.

5 Conclusion

Workers’ beliefs about idiosyncratic and national unemployment are positively correlated. Reduced form analysis
sheds light on best predictors, but offers limited insight into how workers update their labour market beliefs in light
of new information. To this effect, I design an empirical strategy to study how workers’ update beliefs in response to
a given announcement. First, I focus on reported mass lay-offs of idiosyncratic nature. Secondly, I study responses to
information about the aggregate state of the economy, by focusing on FOMC announcements. I find that average
beliefs about national unemployment change more markedly among workers in states where lay-offs took place.
Additionally, and despite the Federal Reserve’s dual mandate and commitment to pursuing maximum employment,

average workers’ labour market beliefs do not significantly change following announcements.

The evidence presented in this paper suggests that workers use local idiosyncratic events to update beliefs about ag-
gregate conditions. This updating mechanism may stem either from information frictions or from an overestimation
of “general equilibrium” effects of local shocks. While it is out of the scope of this paper to separate and test for these
hypotheses, future work could move in this direction. In particular, these empirical findings are consistent with
models of imperfect information where workers observe a noisy signal of the aggregate state - the fact that workers
update beliefs about national unemployment, that mass lay-offs in the event-study are not associated to a change in
unemployment rates and that national and regional unemployment rates during period of analysis were low and
decreasing point are all in line with this hypothesis. Moreover, they are consistent with models where workers job
destruction risk is endogenous. Future work could expand on these findings with a model with search frictions, a
precautionary savings motive and imperfect information to research the macroeconomic implications of this type of

belief updating.
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A Appendix

Bunching of variables

Percentage of responses in:

Panel A. Rounding in subjective unemployment beliefs, SCE

Question: percent chance that. .. Ntotalobs V50 V100 V25 VIOT V10C V5T V5C VIT VIC

U.S unemployment rate higher in 12 months 111,532  0.180 0.031 0.048 0.208 0.232 0.058 0.039 0.099 0.102
within the coming 12 months you will find a job that you accept 3,013 0.160 0.143 0.052 0.212 0.166 0.062 0.025 0.102 0.077

within the coming 3 months you will find a job that you accept 3,014 0.151 0.107 0.064 0.214 0.181 0.057 0.032 0.117 0.077
lose job during the next 12 months 65,064 0.054 0.215 0.025 0.228 0.059 0.136 0.009 0.248 0.027
quit voluntarily during next 12 months 65,086 0.083 0.251 0.034 0.200 0.090 0.102 0.014 0.187 0.039
start looking for a job coming next 12 months 27,900 0.038 0.463 0.015 0.146 0.048 0.069 0.004 0.197 0.020
start looking for a job coming next 3 months 27,895 0.021 0.574 0.011 0.095 0.029 0.052 0.003 0.200 0.014
if you were to lose job now, finding one within 3 months 65,282 0.117 0.130 0.065 0.234 0.168 0.070 0.024 0.121 0.069

Panel B. Rounding in subjective beliefs, LMS

Percent chance you receive a job offer in
Ntotalobs V50 V100 V25 VIOT V10C V5T V5C VIT VIC

the coming 4 months (including offers you may reject)

unemployed respondents 4,829 0.047 0.488 0.017 0.126 0.049 0.059 0.005 0.183 0.025
employed respondents 12,287 0.088 0.261 0.035 0.198 0.085 0.081 0.013 0.190 0.048

Table Al: Rounding patterns in aggregate- and own- subjective unemployment beliefs
Note: V = {50}, V100 = {0,100}, V25 = {25,75}, V10-T = {10, 20, 80,90}, V10-C = {30, 40, 60,70}, V5-T = {5,15,85,95},
V5-C = {35,45,55,65}, V1-T = non-round values in 1-24 or 76-99, V1-C = non-round values in 26-74.
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Salient events

Event Lay-offs Date
Best Buy 400 26feb2013
IBM 12jun2013
Cisco 4000 15aug2013
Wells Fargo 1800 19sep2013
Merck 8500 0loct2013

Teva Pharmaceutical ~ 5000 100ct2013
Wal Mart Sams Club 2300 25jan2014

Bank of America 100 26jan2014
Kellogg 200 04feb2014

JP Morgan 8000 25feb2014
Poor Dart 325 04mar2014
Microsoft 18000 17jul2014
Target 1700 10mar2015
Whole Foods 1500 28sep2015
ESPN 300 21oct2015

GE Transportation 1500 06nov2015
Johnson and Johnson 3000 19jan2016

Sprint co 2500 25jan2016
Yahoo 1700 03feb2016
Intel 12000  20apr2016
Loewe 2400 18jan2017

Berkshire Hathaway 300 04apr2017
State Department 2300 28apr2017

Kellogg 300 03may2017
ESPN 150 29n0ov2017
Walmart 10000  12jan2018
Kimberly Clark 5500 25jan2018
Chesapeake Energy 400 30jan2018
BP 260 11feb2018
General Motors 14000  26n0v2019
Tesla 3150 18jan2019
Verizon 800 23jan2019
Vice Media 250 02feb2019
General Motors 4300 04feb2019
Uber 400 29jul2019
Daimler 900 020ct2019

Table A2: List of salient events

Extension: other events

Evidence shows that individuals on average do not update their inflation and interest rate expectations following
Federal Open Market Committee (FOMC) announcements (Lamla and Vinogradov, 2019). These findings are
corroborated in Binder et al. (2022). I test whether that is the case for unemployment beliefs. Figure A1 shows that
on average, workers’ beliefs about their own unemployment risk, as well as beliefs about the future evolution of
national unemployment did not significantly change in the days following an announcement from the FOMC. Note
that aggregate unemployment was low and decreasing at a stable pace during my sample period. An extension of
this analysis could test whether communications during a period with historically high unemployment rates move

beliefs or not.
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Figure A1l: Unemployment beliefs and FOMC announcements - daily frequency

Figure A2 shows that prior conclusions about the effect of FOMC announcements do not change when I take a weekly

stance.
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Figure A2: Unemployment beliefs and FOMC announcements - weekly frequency

Placebo events

I conduct a placebo test by drawing a random sample of dates and estimating equation 1. As can be seen from Figure
A3, for this random sample no effects are found in the placebo analysis with the event-study specification. In a
similar fashion, no effects are found when estimating the differences-in-differences equation both at the industry

(Figure A4) and at the state (Figure A5) levels.
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Figure A3: Placebo tests, event-study specification
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Figure A4: Placebo tests: Differences-in-differences, industry-level analysis
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Chapter 3

Avoiding Unemployment:

Job Loss Beliefs and On-the-Job Search

Abstract

How do workers’ perceived risk of job loss affect on-the-job search and wage growth? Using a representative
survey, I show that employed workers systematically over-estimate their job loss probability compared to
actual separation rates into unemployment. This is at odds with models where workers decide based on
perfectly observable job values. I incorporate these findings into a partial equilibrium model of job search with
heterogeneous separation risk and imperfect information. In this model, workers hold dispersed priors about
the job loss risk they face and learn from survival. As time advances and individuals are not laid-off from their
current jobs, they perceive their jobs to be safer, become choosier and therefore are less likely to switch to a new

job. Survival and learning are determined by true job loss risk.
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1 Introduction

“Owerall job growth has remained substantial (...) but that seems not to have relieved the fear of displacement. And
that fear has doubtless played a significant role in the slowdown of the growth of wage compensation as workers
have in effect sought to preserve their jobs by accepting lesser increases in wages.”

— Alan Greenspan, Economic Club of Chicago, October 19th 1995 1

’

Job-to-job transitions play a key role in explaining cyclical wage dynamics and lifecycle welfare. How do workers
perceived risk of job loss affect on-the-job search behaviour and aggregate wage growth? Using a survey representative
of the United States household head population, I show that employed workers systematically over-estimate their
job loss probability with respect to actual separation rates into unemployment. This is at odds with models where
workers decide optimally based on job values that are perfectly observable and forecastable. Instead, this paper
suggests workers are uncertain about the unemployment risk they face and act on this uncertainty by searching

on-the-job.

Incorporating individuals’ subjective beliefs into models of job search can shed light into social mobility and
inequality. Extensive evidence shows that individuals’ actions are informed by their beliefs. In this sense, systematic
biases may influence workers’ search and acceptance decisions and translate into persistent labour market outcomes.
To understand these links, recent studies have used increasingly available survey data that consistently elicits beliefs
and outcomes to inform models of job search that relax assumptions of full information about the distribution
of wage offers (Conlon et al., 2018), the arrival rate of offers (Potter, 2021), workers’ skills (Baley et al., 2022) or
productivity (Venkateswaran, 2014; Di Pace et al., 2021).

I focus on employed workers’ beliefs, given the impact of job-to-job flows for lifecycle welfare, labour market
efficiency and wage growth (Karahan et al., 2017). My work relates to literature examining the role of job security in
search models, where individuals search for jobs not only to improve their wages but also to avoid unemployment
spells (Nagypal, 2005; Jarosch, 2021; Pinheiro and Visschers, 2015). Differently from these studies, I consider
unemployment risk as an unknown variable for workers on which they hold subjective beliefs, rather than an

exogenous feature of the firm or job match.

My empirical findings are summarised as follows. First, cross-sectional heterogeneity in job loss beliefs cannot be
explained by observable characteristics. In fact, individuals’ socio-demographic and professional traits explain
less than 4 percent of total cross-sectional variation in beliefs. Workers who search on-the-job report on average 8
percentage points higher job loss probabilities than workers who do not search. Job loss beliefs are predictive of

future realised job separations observed in the data.

Second, I find that individuals who switch to lower-paid jobs reported higher than average subjective probabilities
of job loss and lower than average reservation wages prior to switching. After switching jobs, workers revise their

beliefs downwards by approximately 8 percentage points. Acceptance of wage cuts is an empirical feature of 40% of

L A5 cited in Manski and Straub (2000)
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job-to-job transitions that current search models cannot account for (Jolivet et al., 2006; Bowlus et al., 2001). One
possibility is that they accept lower wages in exchange for expected future wage growth (Postel-Vinay and Robin,
2002). Another hypothesis suggests that wage cuts are accompanied by increasing non-pecuniary benefits (Hall
and Mueller, 2018). Nevertheless, recent evidence shows that the majority of earnings declines from job-to-job
transitions are not offset by future increases (Sorkin, 2018) or higher non-wage values (Briggs et al., 2019) - I propose

that individuals’ perceived job loss risk may generate a motive for acceptance of wage cuts.

Third, I compare individuals’ beliefs with observed outcomes. I find a systematic overestimation of beliefs relative
to outcomes of around 10 percentage points, with very little variation across observable characteristics. I use
my empirical findings to build a simple model of job search with heterogeneous job loss risk, which I modify to

incorporate subjective beliefs. Future work will expand on this bare-bones model.

This paper contributes to a body of work linking wage growth, heterogeneity and on-the-job search (Carrillo-Tudela
et al., 2022; Salgado et al., 2019). Compared to existing studies, I document a source of heterogeneity directly
measurable from survey data that cannot be explained by other existing measures. Additionally, it speaks to the
literature on uncertainty-driven business cycles. The latter has mostly emphasised how firms respond to uncertainty

(Schaal, 2017; Freund et al., 2022), whereas here I consider the worker-side.

The paper is structured as follows: Section 2 describes the data and main empirical findings. Section 3 tests for
rationality in workers’ job loss beliefs. Section 4 proposes a simple model to illustrate how job loss risk shapes

employed workers’ search and acceptance decisions. Section 5 concludes.

2 Empirical evidence on job loss beliefs

2.1 Data description

This section uses data from the Survey of Consumer Expectations (SCE) to characterize workers’ job loss beliefs. The
Survey of Consumer Expectations is a monthly survey ran by the Federal Reserve of New York since 2012. It features
a rotating panel of 1,200 individuals representative of the United States household head population. Respondents

stay on the panel for up to 12 months. A complete description of the survey is provided in Armantier et al. (2016).

Individual-level responses to the SCE can be matched to responses to the Labour Market Survey (LMS). The LMS is
ran every four months as a supplement to the SCE, and elicits information on workers’ earnings, industry, on-the-job
search behaviour, reservation wages, received and accepted offers as well as expected and actual transitions in labour
force status. Matching the two surveys allows me to effectively analyse how individuals’ job loss fears relate to their
search behaviour and observed labour market transitions. While each individual is followed for at most one year,
this high-frequency account of individual-level beliefs, search behaviour and outcomes is only possible by matching
these two data sources?. Other features related to the quality of survey elicitation, such as limited attrition, add

credibility to using this source for comparisons between beliefs and outcomes.

2See Mueller and Spinnewijn (2021) for a review of surveys eliciting job loss and job finding beliefs.
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In the SCE, employed individuals answer the following question: “What do you think is the percent chance that you will
lose your current job during the next 12 months?”. Figure 1 plots the distribution of answers in the pooled cross-section.
Job loss beliefs are strongly right-skewed, a reasonable feature given that job loss is a low-probability event. The
strong prevalence of responses equal to zero is therefore unsurprising. Nevertheless, analysis of response granularity
suggests that, despite some bunching of responses around multiples of 10 and 5 percent (see Appendix) akin to this
type of data, the existence of mass around the entirety of the distribution of values suggests that reported beliefs

represent agents’ true beliefs.

15
]

Fraction of responses
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1

0 10 20 30 40 50 60 70 80 90 100
Percent chance that you lose your job during the next 12 months

Figure 1: Distribution of job loss beliefs, Survey of Consumer Expectations

Table 1 presents descriptive statistics of job loss beliefs of working individuals aged between 20 and 65 years old. We
see that mean job loss beliefs are increasing in age and decreasing in education, as well as household income. There
are no significant differences across gender. Importantly, experiences of unemployment prior to belief elicitation
seem to be associated with significantly higher average job loss beliefs. This is in line with a body of evidence that
relates individuals’ experiences to their beliefs (Malmendier and Nagel, 2016; Kuchler and Zafar, 2019)3. Individuals
with weaker labour market attachment (i.e. holding a part-time contract) also report, on average, higher subjective

probabilities of job loss.

Notwithstanding, as can be seen in Table 2 workers’ observable characteristics explain very little of the cross-sample

3] select instances where I have direct information from survey respondents in past waves that they were unemployed
prior to their current employment spell and elicited beliefs. Given that I do not observe individuals’ unemploy-
ment history prior to entering the survey, it could be that I underestimate the number of individuals with past

unemployment experiences.
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variation in job loss beliefs. 4

Table 1: Job loss beliefs and respondent characteristics

Mean percent chance Robust Nr
of losing job standard errors observations
High-School Degree or Less 15.16 (0,66) 5,460
Some College Education 14.67 (0,35) 17,335
College Degree or More 13.88 (0,24) 34,947
Age 20-34 13.81 (0,44) 15,401
Age 35-49 14.30 (0,41) 22,447
Age 50-65 15.31 (0,44) 19,937
Female 14.48 (0,35) 28,631
Male 14.54 (0,35) 29,148
Household income < 50k 17.54 (0,51) 15,874
Household income € [50k, 100k] 12.95 (0,35) 22,434
Household income > 100k 12.80 (0,35) 20,183
Part-time workers 17.53 (0,61) 8,250
Full-time workers 13.67 (0,25) 50,573
Unemployment experience 25.19 (1,47) 1,928
No unemployment experience 13.89 (0,26) 47,514

Own computations based on Survey of Consumer Expectations, sample of respondents

aged 20-65 from June 2013 to December 2019. Survey weights used.

4A more in-depth analysis on the role of experiences, socioeconomic characteristics and other beliefs in predicting job
loss beliefs is performed on my second-year manuscript. Here, I focus on the finding that observable characteristics

explain very little of the cross-sample variation.
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Table 2: Job loss beliefs: predictors

(1) (2) (3)
Sociodemographic controls Y Y Y
Professional controls N Y Y
Industry controls N Y Y
Year and state fixed effects N Y
Observations 57,386 49,109 33,278
R-squared 0.014 0.025 0.034

Professional controls consist of dummies indicat-
ing whether the individual is working part-time
and whether they have experienced unemploy-
ment.Sociodemographic controls include age, educa-
tion, gender, household income. Standard errors are

clustered at the respondent level.

Table 3 shows that job loss beliefs are, on average, predictive of actual job loss, over and above observable charac-
teristics.? This is in line with findings based on other surveys, such as the Health and Retirement Study (Hendren,
2017) or the Australian Household Income and Labour Dynamics survey (HILDA) (Dickerson and Green, 2012).
This important for two reasons. First, it attests to the quality of the reported beliefs and to the use of survey data in
the analysis. Second, together with the findings in Table 2, it suggests that beliefs incorporate private information or

heterogeneity that cannot be accounted for by the characteristics elicited in the survey.

From a theoretical standpoint, most sources of heterogeneity incorporated in labour models and relevant to the job
destruction probability would be subsumed in the variables that we observe - age, education, gender, race, experience,
industry, local and cyclical business conditions. In that sense, it seems more likely that beliefs are incorporating

private and heterogeneous information, rather than being driven by other unobservable characteristics.

S5Kuchler and Zafar (2019) present similar findings using the same data source and considering the events of job loss

a different time horizons, namely within one, three, six and nine months.

117



Table 3: Predictive power of job loss beliefs

Outcome: lost job within 12 months

(1) (2) (3) (4)

Belief: Probability of losing job
0.212¢% 0.193** 0.095** 0.097**

in next 12 months

(0.026)  (0.026)  (0.033) (0.033)

Sociodemographic controls X X X
Professional controls X X
Year fixed effects X
Observations 8,254 8,189 4,104 4,104
R-squared 0.035 0.049 0.052 0.058

Outcome variable is a dummy indicating whether the individual has lost
their job within 12 months of reporting her subjective belief. Sociodemo-
graphic controls include gender, age, education and household income.

Professional controls include tenure at current job and industry.

2.2 Job loss beliefs, prevalence of wage cuts and on-the-job search behaviour

In this sub-section, I assess how job loss beliefs correlate with workers” search behaviour and search outcomes. Data
from the Labour Market Survey (LMS) is informative of workers’ on-the-job search behaviour, reservation wages, as
well as self-reported earnings. One can learn whether workers are searching on-the-job from the following question:
“Have you done anything in the last 4 weeks to look for new work?”. Information about search effort is provided by
the answers to the following question: “Within the last 7 days, about how many total hours did you spend on job
search activities?”. An additional measure of effort is a count variable of the total number of methods selected by
respondents to describe their past search behaviour. Using that measure of effort does not change the conclusions
presented in this sub-section. Annual earnings are reported before taxes and deductions, and include bonuses,
overtime pay, tips and commissions. Workers’ reservation wage is elicited as follows: “Suppose someone offered you a
job today in a line of work that you would consider. What is the lowest wage or salary you would accept (before taxes and

other deductions) for this job?”. This information is elicited every four months.

Table 4 shows how workers who search-on-the-job and workers who do not differ in terms of reported job loss beliefs,
reservation wages and earnings. For the subsample of searching workers for whom I observe a job-to-job transition, I
can compute the mean change in job loss beliefs, in reservation wages and in earnings. As it can be seen, the number

of observed job-to-job transitions in the sample is quite small. This is partly due to the strict definition that I used to
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identify job-to-job transitions, under which i) an individual is employed in two consecutive months and ii) in the
second observed month she declares that she has switched employers since the last survey. One robustness check
that I can implement is to allow for looser definitions of job-to-job transitions - for example, considering situations

where the individual spends one month unemployed.

Table 4: Summary statistics

Mean change in

Mean job loss beliefs Mean Mean change in Mean Mean change in Mean
job loss beliefs
N. obs before transition gross earnings ~ gross earnings  reservation wages reservation wage reservation wages
after transition
(percent) (USD/year) (USD/year) (USD/hour) (USD/hour) (USD/hour)
(percentage points)
Employed non-searching 12,513 11.44 61,067 34 34
Employed searching 4,972 19.16 65,121 32 32
of which: job-switchers 204 25.37 -8.18 49,472 5,939.4 30.40 1.75 30.40
of which: to higher pay 118 23.05 -7.25 47,123 18,520.4 31.23 3.01 31.23
of which: to lower pay 86 27.92 -9.19 52,259 -8,994.6 29.40 0.26 29.40

Own computations based on Survey of Consumer Expectations and Labour Market Survey. Survey-weights applied. Mean change in job loss beliefs refer to sample averages of
individual-level differences computed before and after the observed transition to new job. For individuals who have experienced a JT] transition, “Mean gross earnings”, “Mean

job loss beliefs” and “Mean reservation wages” refer to these variables as observed prior to transitions.

Tables 5, 6 and 7 assess whether job loss beliefs are predictive of search-on-the-job, over and above socio-demographic
characteristics. Table 5 regresses a binary variable indicating whether an individual has searched on-the-job over
the past month on his job loss beliefs. Tables 6 and 7 regress search effort, as measured by the number of methods
used and the hours spent searching, on job loss beliefs. In both instances, we see a positive association between job
loss beliefs and search on-the-job. Associations are more pronounced if expressed in relative terms (i.e. comparing

individuals with non-zero and zero job loss beliefs, or high and low job loss beliefs).

Note that while reverse causality may be a problem in similar settings (e.g in instances where one evaluates the
relationship between the perceived probability of job finding and search effort), this is unlikely to be an issue with

respect to the event of job loss®

60ne can conceive a scenario of professional retaliation whereby an employer responds to knowing that the employer
searches with a threat of firing her. While possible and plausible in given contexts, this should not be the main

driver of my results.
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Table 5: Job loss beliefs and on-the-job-search: OLS regressions

Measure of job loss beliefs

Job loss beliefs as reported 1.(Positive job loss belief) 1.(High job loss belief)

Coefficient 0.00410%%  0.00419°%* 0.00419%%¢ 0.0770*% 0.0724%% 0.0711%%* 0.113%%  0.113%  0.112%0%
(0.000299) (0.000291) (0.000289) (0.00919) (0.00939) (0.00938) (0.00918) (0.00910) (0.00905)

Controls No Yes Yes No Yes Yes No Yes Yes
Year fixed effects No No Yes No No Yes No No Yes
State fixed effects No No Yes No No Yes No No Yes
Nr observations 11,838 11,836 11,813 11,860 11,858 11,835 11,860 11,858 11,835

Dependent variable is a binary indicator equal to 1 if an employed individual is searching on-the-job with the intention to switch
employer. Robust standard errors (clustered at the respondent level) in parentheses. Demographic controls include age, gender,
race, education, income and tenure at current job. “1.(Positive job loss belief)” is a dummy variable equal to 1 if respondents report
a job loss probability above 0 percent, and 0 otherwise. “1.(High job loss beliefs)” is a dummy variable equal to 1 if respondents

report a job loss probability above 8 percent (sample median), and 0 otherwise.* p<0.05,** p<0.1,*** p<0.001.

Table 6: Job loss beliefs and search effort: OLS regressions

Measure of job loss beliefs

Job loss beliefs as reported 1.(Positive job loss belief) 1.(High job loss belief)

Coefficient 0.018°%  0.017%%*  0.017**  0.254 0.312  0.272  0.533%%* 0.479%* 0.444**
(0.00363) (0.00341) (0.00326) (0.215) (0.218) (0.204) (0.159) (0.154) (0.148)

Controls No Yes Yes No Yes Yes No Yes Yes
Year fixed effects No No Yes No No Yes No No Yes
State fixed effects No No Yes No No Yes No No Yes
Nr observations 2096 2096 2091 2098 2098 2093 2098 2098 2093

Dependent variable is number of methods used for search over the past week, as reported by survey respondents.
Robust standard errors (clustered at respondent level) in parentheses. Main results do not change if measure
of effort is instead number of methods used in searching over the past week, as reported by survey respon-
dents.Demographic controls include age, gender, race, education, income and tenure at current job. “1.(Positive
job loss belief)” is a dummy variable equal to 1 if respondents report a job loss probability above 0 percent, and 0
otherwise. “1.(High job loss beliefs)” is a dummy variable equal to 1 if respondents report a job loss probability

above 8 percent (sample median), and 0 otherwise.* p<0.05,** p<0.1,*** p<0.001.
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Table 7: Job loss beliefs and search effort: OLS regressions

Measure of job loss beliefs

Job loss beliefs as reported 1.(Positive job loss belief)  1.(High job loss belief)

Coefficient 0.033%%  0.025**  0.025* -0.230 -0.131  0.073  0.745* 0.599  0.649
(0.00697) (0.00741) (0.00722) (0.668) (0.640) (0.659) (0.367) (0.374) (0.380)

Demographic controls No Yes Yes No Yes Yes No Yes Yes
Year fixed effects No No Yes No No Yes No No Yes
State fixed effects No No Yes No No Yes No No Yes
Nr observations 2,093 2,093 2,088 2,095 2,095 2,090 2,095 2,095 2,090

Dependent variable is hours spent searching over the past week, as reported by survey respondents. Robust standard
errors (clustered at respondent level) in parentheses. Main results do not change if measure of effort is instead number
of methods used in searching over the past week, as reported by survey respondents.Demographic controls include
age, gender, race, education, income and tenure at current job. “1.(Positive job loss belief)” is a dummy variable
equal to 1 if respondents report a job loss probability above 0 percent, and 0 otherwise. “1.(High job loss beliefs)” is

a dummy variable equal to 1 if respondents report a job loss probability above 8 percent (sample median), and 0

otherwise.* p<0.05,** p<0.1,*** p<0.001.

Belief updating Individuals who stay employed and respond to the survey every month for a year update their
beliefs, on average, three times. Most changes in job loss beliefs are very small in magnitude and do not statistically
differ from zero. Individuals reporting to be in the same job as before present on average a monthly job loss revision
of 0.12 percentage points. Instead, individuals who have changed employers report on average a downward revision
of 6 percentage points. The fact that workers revise their beliefs infrequently has been documented for other labour
market related beliefs, such as reservation wages or job finding probabilities. Ellison and Macaulay (2021) also
find that that less 0.3% of revisions in households’ hiring expectations is explained by movements in aggregate
expectations. This could be interpreted as evidence of not learning. Another explanation, given that all the cited
analyses refer to a period of stable growth and unemployment, is that individuals are reporting their “stationary

employment prospects” (Mueller and Spinnewijn (2021)).

In sum, I show in this sub-section that: i) On average, workers who search on-the-job report higher job loss
probabilities than workers who do not search (= 8 p.p difference); ii) about 42% of job-to-job transitions in the
sample are toward lower-paid jobs; iii) on average, individuals that accept wage cuts report a 9 p.p higher subjective
probability of job loss and 2.6 USD/h lower reservation wage than the average searching worker; iv) following a
transition to a new job, workers revise their job loss beliefs downwards (~ 8 p.p) and v) job loss beliefs predict
intensive and extensive margins of on-the-job search in the cross-section, even when controlling for observable

characteristics.
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2.3 Summary of findings

In short, this section shows that the reported beliefs correlate with search behaviour and labour market outcomes
in ways akin to actual job loss risk. It explains job loss outcomes over and above usual predictors, suggesting that
employed workers incorporate private information that is not captured by observable characteristics to predict the

event of job loss.

3 Are workers’ expectations about job loss accurate?

In the previous section, I have documented heterogeneity in job loss beliefs that subsists to controlling for observable
characteristics. This heterogeneity in itself may shed light on differences in search behaviour across individuals
by capturing ex-ante risk faced by individuals that is otherwise unobservable. Given that individuals act on these
beliefs, this can also explain ex-post outcomes (Mueller et al., 2021). However, workers’ beliefs could be, for the most
part, pinned down by fundamentals that also determine workers” actual job loss probabilities. If so, their ability to
shed light on the extent of downward wage transitions should not go beyond what a model with full information
and rational expectations is able to. It is therefore crucial to understand whether these beliefs deviate systematically

from observed outcomes.

3.1 Empirical evidence

As explained before, the rotating panel structure of the SCE allows me to observe both individuals’ beliefs about job
loss and whether the event of job loss has indeed materialized or not within the year. The simultaneous observation of
beliefs and outcomes at the individual-level allows me to test whether beliefs are rational or not. I base my definition
of rational expectations on d’Haultfoeuille et al. (2021), who establish that agents hold rational expectations if and
only if the distribution of realizations is a mean-preserving spread of the distribution of beliefs. Furthermore, given
beliefs ¢ about a binary outcome Y, they show that testing for rational expectations is equivalent to running a “naive”

test, which is robust to classical measurement error. Under the null hypothesis of rationality, we have that:
Hy : E(Y) = E(p)

Where, in the context of my application, i is the subjective probability that the worker loses her job during the next

12 months and Y is a binary variable indicating whether she actually did.

Socio-demographic and professional characteristics  Table 8 shows the result of this test for the entire sample,
as well as for selected sub-samples, in an attempt to understand whether existing biases in expectations are
heterogeneous across observable dimensions”. The null hypothesis of rationality is rejected at a 95% confidence

level for the full sample, as well as for all subsamples. Indeed, estimates suggest that workers are pessimistic i.e.

7Note that from now on, I convert reported percent chances (from 0 to 100) into probabilities (from 0 to 1).
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that overestimate their job loss probabilities with respect to actual separation rates over the same time-horizon. This

is, E(Y) - () < 0.

Individuals with lower levels of educational attainment, older, female, with lower-income or lower labour market
attachment report the highest subjective probabilities of job loss, consistent with the analysis that beliefs correlate
with actual probabilities. However, there is systematic overestimation of the job loss probability even for individuals
with relatively lower job loss beliefs. The difference between beliefs and outcomes is larger for workers holding a

college degree, male and workers aged between 35-49 years old.

Workers who previously experienced unemployment both report higher subjective job loss beliefs and a higher bias
relative to workers who have not experienced unemployment. While the difference in bias between these two groups
is small, note that, I am able to identify workers who experienced unemployment during the survey sample period,
but not before that. So it is likely that individuals who have experienced unemployment in their lifetime prior to
survey completion are currently classified under ‘no unemployment experience’, narrowing the differences in bias
between the two types of workers. In other words, differences in biases between workers who have and have not

experienced unemployment are, if anything, underestimated.
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Table 8: Rational expectations tests

E(y) E(Y) E(Y)-E(y)
Full Sample .161 (.004) .059(.004) -.101 (.005)
High-School Degree or Less 178 (.01)  .077 (.011) -.101 (.013)
Some College Education .159 (.005) .064 (.006) -.095 (.006)
College Degree or More .147 (.003) .039(.003) -.107 (.004)
Age 20-34 .147 (.007) .067 (.009) -.08 (.01)
Age 35-49 .157 (.006) .046 (.006) -.111 (.008)
Age 50-65 .177 (.007) .068 (.008) -.109 (.009)
Female .164 (.006) .064 (.006) -.101 (.007)
Male 157 (.005) .055 (.006) -.102(.007)
Household income < 50k .204 (.008) .099 (.009) -.104(.011)
Household income € [50k,100k] .139 (.005) .042 (.005) -.097 (.011)
Household income > 100k .129 (.004) .026 (.005) -.102(.006)
Part-time workers .205 (.01)  .104(.013) -.102(.015)
Full-time workers .148 (.004) .044 (.004) -.104(.005)
Unemployment experience 277 (.017) .175(.021) -.101 (.024)

No unemployment experience .195(.017) .105(.025) -.09 (.026)

Own computations based on Survey of Consumer Expectations, sample of re-
spondents aged 20-65 from June 2013 to December 2019. Survey weights used.

Reported estimates are rounded to three decimal places.

Local business conditions  Yearly information about job destruction and job creation is available at state and
industry level from the Business Dynamics Survey (U.S Census Bureau). I use this information and match it to
my dataset to test whether biases are larger in individuals that work either in a state or an industry with high job
destruction rates 8. Namely, I identify whether the individual works (i) in a state with a yearly job destruction rate

above the national average; (ii) in an industry with a yearly job destruction rate above the national average; (iii) in

8Job destruction rates at year t are defined in the Business Dynamics Survey as the “count of all employment losses
within the cell from contracting and closing establishments between the week of March 12 of the prior year to the current

year.” divided by “the average of employment for years t and t —1”.
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an industry with a yearly job destruction rate above the state average. Table 9 presents the main results. While
workers in high job destruction states and industries are associated with both higher reported beliefs and experienced
outcomes, the pessimistic bias is larger for workers in low job destruction states and industries. Additional industry-

and state-specific evidence is provided in the Appendix.

Table 9: Rational expectations tests: local business conditions

E(®) E(Y) E(Y) - E($)
Workers in high job destruction state .148 (.004) .081 (.008) -.09 (.009)
Workers in low job destruction state .139 (.003) .06 (.006) -.099 (.007)
Workers in high job destruction industry .154 (.005) .079(.01) -.096(.011)
Workers in low job destruction industry .150 (.004) .055(.007) -.110(.009)
Workers in high job destruction industry in state .151 (.005) .082(.011) -.092(.012)
Workers in low job destruction industry in state  .152 (.004) .055(.006) -.112(.008)

Own computations based on Survey of Consumer Expectations, sample of respondents
aged 20-65 from June 2013 to December 2019. Survey weights used. Estimates are rounded

to three decimal places.

Alternative rational expectations tests  Recall the regression estimated on Table 3. This regression was ran to
test whether beliefs are predictive of outcomes, yet it can also be interpreted as a rejection of rational expectations
hypothesis (Lovell, 1986). Indeed, under rational expectations, given a regression of outcomes Y on beliefs ¢ such as
Y = a + pip + u, the null hypothesis is Hy : = 1. When outcomes y; are binary and predictions p; are probabilities,

Franses (2021) propose the following analogous test based on the logit model:
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i)=A 1
(i) (a+/5 og( T—p; ))
The null hypothesis of rational expectations is, as before, Hy : f = 1. The estimated coefficients are presented in Table

10 and well below 1, which lead me to reject the null of rational expectations at a 95% confidence level.

Table 10: Rational expectations tests: naive logit regressions (Franses, 2021)

A

a p

Full sample -2.148 (.102) .407 (.055)
High School Degree or Less -2.036 (.225) .300(.122)
Some College Education -2.059 (.127) .429 (.068)
College Degree or More -2.389 (.113) .476 (.064)
Age 20-34 -2.047 (.204) .410(.125)
Age 35-49 -2.429 (.171) .343(.095)
Age 50-65 -1.970 (.165) .462 (.073)
Female -2.150 (.131) .344(.079)
Male -2.137 (.164) .485(.076)
Household income < 50 k -1.845(.145) .273(.081)
Household income € [50k,100k] -2.395(.166) .447 (.082)
Household income > 100k -2.683 (.206) .559(.098)

Part-time workers -1.612 (.176) .354(.082)
Full-time workers -2.468 (.124) .412 (.065)
Unemployment experience -1.373 (.202) .292(.127)

No unemployment experience -1.214 (.325) .408 (.143)

Overestimation of small probabilities  One could argue that the bias found is induced by a response pattern
whereby individuals underestimate small probabilities and overestimate big probabilities. This S-shape pattern
between beliefs and outcomes has been prevalent in other domains, such as housing price or inflation expectations
(Enke and Graeber, 2019). Figure 2 shows that this is not the case. In fact, across all probability bins there is
overestimation of job loss probabilities relative to separation rates®. In fact, the bias between beliefs and outcomes

seems to be weakly increasing in the job loss belief.

°This finding is also reported in the recent chapter for the Handbook of Economic Expectations, Mueller and

Spinnewijn (2021)
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Figure 2: Job loss beliefs and average realized separation rates

3.2 Learning from job tenure

The left panel of Figure 3 shows that while job loss beliefs decrease with tenure, the decrease in observed job loss
rates is more pronounced. Workers start new jobs on average with correct beliefs but revise their beliefs too little
during the first year of work, resulting in pessimistic beliefs. The right panel shows that uncertainty, computed as
the weighted average of individual-level uncertainty 6;(1 — 6;), also decreases with job tenure. Figure 4 suggests that

bias is gradually decreasing with tenure.
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3.3 Linking biases and search behaviour

As explained before, the data does not lend itself to an individual-level measure of bias. The measures of biases
at levels of granularity presented in Table 10 however, provide convincing evidence that the overestimation of
probabilities relative to outcomes is systematic. Given my research question, one would like to observe whether in
the data individuals who move to lower-paid positions are (more) biased than individuals who move to higher-paid

10

positions. The small sample of observed job-to-job transitions'”’ compromises the feasibility of this task.

For now, recall that individuals who accept wage cuts have, prior to transitioning, higher job loss beliefs (Table 4), and
that the magnitude of the bias seems to be increasing in job loss beliefs (Figure 2). Secondly, I can investigate who are
the workers who experienced downwards wage transitions.!! These consist mainly of college-educated women with
low-household income (11 percent of observed downwards transitions), low-income men with some college education
(11.75 percent), and low-income high-school educated women (10.58 percent). College educated individuals account
for 36 percent of downward transitions observed in sample, compared to 29 percent of downward transitions from
high-school educated individuals. Though power is small, this suggests that the correlation between beliefs and
accepted wage changes may not fully align with the expected correlation between actual job loss probabilities and

labour outcomes.

The bias for workers who ended up switching jobs is unobservable, given that the switch from job-to-job occurs
prior or immediately after the actual lay-off. In other words, one cannot know if the person who switched jobs was
actually going to lose their job had they not switched. What can be compared, however, is the relative bias between
job-stayers who search and do not search on-the-job (Table 11). Indeed, workers who search on-the-job display a

slightly higher bias than workers who do not search on-the-job.

Table 11: Bias among job-searchers and non-searchers

Workers who do not search on-the-job .150 (.004) .050 (.004) -.100 (.005)
Workers who search on-the-job .211 (.009) .103(.012) -.108(.014)

Another element that would be interesting to assess, but unfeasible given data constraints, is whether workers’ biases
are attenuated following a job-to-job transition. What I do see is that average job loss beliefs are revised downwards
following a transition. If biases are increasing with job loss beliefs then, by this token, the bias would be attenuated

as individuals move to safer positions.

10Recall from Table 4, a total of 204, of which 118 to higher-paid positions and 86 to lower-paid positions

' The frequencies are computed using survey weights.
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3.4 Measurement issues, robustness and discussion

Two further measurement issues arise from the fact that we only observe transitions in individuals’ labour force
status (namely, from employed to unemployed), but not the stated reason for that transition (i.e. whether the worker
was effectively fired or decided to quit, and why). The first issue is that I am not able to identify individuals who
receive an advance notice of lay-off but that are able to transition to another job without experiencing unemployment.
Not accounting for these instances could result in an upward bias in estimated differences between beliefs and
realizations. Evidence from Elsby et al. (2010) shows that job-to-job transitions among laid-off workers are not
prevalent. Laid-off workers face on average a 91% probability of entering unemployment. The second issue is that it
is not possible to disentangle individuals who have quit into unemployment from individuals who were laid-off into
unemployment, hence the terminology “separation rates” rather than lay-off rates. If quits into unemployment are
substantial, this could bias differences between beliefs and realizations upwards. Studies suggest that the scope for

these instances is smalllZ.

In order to probe the robustness of my findings, I consider several alternative measures of outcomes and beliefs.

Namely:

1. I consider monthly job loss probabilities and monthly employment to unemployment transitions: For that,
I impute monthly job loss probability from annual job loss probability p,,, =1 —(1 - py)l% and compare to

observed monthly job-to-job transitions.

2. I narrow the elicitation-outcome conceptual gap by making use of elicitations that exactly correspond to
observable outcomes, at a 4 month horizon. These are available in the LMS. The exact elicitation question is:
“What is the probability that you are unemployed in 4 months?”

3. I extrapolate 12-month job separation rates s, from 3 month separation rates from employment to unem-

ployment s3: sjp =1—(1 —s3)%

I then run a battery of tests analogous to those in Table 8, which I present in the Appendix. The finding that workers

are, on average, pessimistic is robust to the use of these alternative measures.

Another possible source of measurement error would be if individuals, when reporting their perceived job loss
probabilities, integrate how their own actions shape those probabilities.!3. In the context of job loss, it is unlikely
that one reports a very high probability of losing a job in 12 months because they are integrating some action that
will increase that probability. In any case, these effects should be attenuated if the elicitation horizon is shortened. 14
The fact that also at shorter horizons job loss probabilities are systematically higher than job loss outcomes suggests

that the original results are not driven by this possible measurement caveat.

12Elsby et al. (2010) find a probability of 16% that a worker who quits their job subsequently enters unemployment
138ee Spinnewijn (2015) for a discussion ‘baseline’ versus ‘control’ beliefs

14For example, it is less likely that one is able to increase their productivity in a way that it reduces their job loss

probability if she has 3 months rather than 12 months to do so.
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A related concern is whether job loss beliefs are systematically above observed outcomes simply because individuals
act on their beliefs in the meantime. This would be the case, for instance, if somebody who has a high probability of
losing their job increases their work effort so as to avoid being fired. First, note that individuals with very high job
loss probabilities - if accurate - are unlikely to be able to control the job loss outcome. On the other hand, individuals
with smaller but positive job loss probabilities may be more likely to take action that changes the job loss outcome.
But, if this would be the case, we would observe more accurate correspondences between beliefs and outcomes for
high-belief individuals than for low-belief individuals, which is not the case, as Figure 2 shows. The robustness

check at shorter horizon elicitations also mitigates this concern.

A final caveat of the naive regression tests of rationality is that they assume the loss of the agent from positive and
negative forecast errors is symmetric. If forecasters - in this case, workers - evaluate forecast errors asymmetrically,

then departures from rationality can be rationalised. 1°

15Using estimates from the Survey of Professional Forecasters, Elliott et al. (2008) show that output and inflation

forecasts are rational under asymmetric loss.
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4 Model

In this section, I study how the empirical findings can be rationalized through a model of job search. In particular, I
am interested in accounting for the empirical patterns documented in Figures 3 and 4: i) actual job loss risk decreases
with job tenure; ii) beliefs about job loss decrease with job tenure at a slower pace than actual risk, resulting in
overestimation of risk; iii) uncertainty about job loss risk decreases with job tenure. In order to do that, I build from
and extend the framework proposed in Pinheiro and Visschers, 2015 to incorporate incomplete information and

Bayesian learning.

The fact that mean job loss rates in the data decrease with job tenure is consistent with widely documented negative
duration dependence in match hazard rates. Theoretical models of turnover propose two main explanations for this
negative duration dependence.!® One is that workers become more productive in existing matches and accumulate
job-specific human capital (learning by doing) (Parsons, 1972; Audoly et al., 2022). The other is that both workers
and firms learn about the match quality as they spend time on their job (Jovanovic, 1979; Baley et al., 2022). While
the latter seems like a natural candidate to my setting, note that in matching models of turnover, information are
learning are symmetric. Both firm and worker learn about match quality and update their (identical) beliefs about
job separation, and job separations are bilaterally efficient. As such, in this class of models, there will be no difference
between actual and perceived separation risk!” akin to my empirical findings. The model I propose below implicitly
recognizes this information asymmetry between firm and worker, in that the worker cannot fully observe how her job
separation risk declines with tenure. The way I model this decline in actual separation risk could come from either
increasing on-the-job skills or from firms learning about match quality. Given that I only have data on the worker

side and do not model the firm, I take the former route.

4.1 Model description

Time is continuous. Risk-neutral workers maximize lifetime expected discounted utility. They search on-the-job. In
each period they draw wage offers w from a known distribution F(w). They observe the value of the offer and, if

better than the current offer, they accept it. Offers arrive at rate A, when employed and 1,, when unemployed.

There is idiosyncratic productivity risk z, which is independent and identically distributed. Productivity risk follows
a normal distribution, z ~ AV (p, 7;!). The worker does not directly observe idiosyncratic productivity and holds

priors Zg ~ /\/’(;40,*(61). Instead, workers observe noisy signals s, with noise parameter #:

ds(t) = zdt +ndW(t),n ~ N'(0,7; 1)

Where W(t) is a standard Brownian motion. The signal is centered around true productivity and has precision 7.

16Nagypal (2007) explores the differences between both classes of models, theoretically and empirically.

171 use the term separation risk to acknowledge the known difficulty of this class of models of separating between

quits and lay-offs
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The worker updates her beliefs after receiving the signal through the Kalman-Bucy filter. The posterior distribution

of beliefs about idiosyncratic productivity has mean and variance, respectively:

A a2
ds(t) = %(ds(t)—idt) dﬁ(t):—(%) dt

Workers accumulate job-specific skills while employed. These skills do not generate an increase in flow wages, but

=

instead reduce the probability of separations.'8 Skills increase with time on the job:

dk(t) = ak(t)Pdt

The output of the worker is the sum of her job specific human capital and the realized productivity shock. When
output falls below the wage, the job is destroyed.! As z is independent and identically distributed across jobs, it
follows that jobs with higher wages or where the worker has accumulated high level of job-specific skills will have a

lower separation probability. Given posterior beliefs, the worker’s subjective probability of losing her job at time ¢ is:

The Hamilton-Jacobi-Bellman function expressing the value of employment is therefore:

. w . a . . a1 AV
rVw23%)=w+ Aej max{V(w’,z0, %) - V(w,8,5), 0} dF(w) + (w, 2,2)[U ~V(w 2 B)|+ —
w

Where % accounts for the changes in the value function due to the evolution of the worker’s beliefs (2(t),5(t)).

Using Ito’s lemma, we can express this term as:

2 2
M V. 107V
dV/dt‘(ﬁ) (‘ﬁ*iﬁ)

The value of unemployment is:

w
rU=b+ 1, J- max{V(w,zg,X0)—U,0}dF(w)

w

18The disconnect between wages and productivity is admittedly a large simplification, but allows workers to not
learn about productivity - and hence job separation risk - from their wages. Alternatively, a combination of wage
rigidity and noisy signals about output could generate similar learning dynamics.

19 Although at this stage I do not model firms, this is similar to an endogenous separation decision, with the difference
that the worker does not know the state z. I abstract from explicitly modelling this information asymmetry by

keeping the analysis in partial equilibrium and not modelling the firm side.
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The reservation wage wg is such that it leaves workers indifferent between being unemployed or working, i.e.

V(wr,20,X0) = U. As can be seen below, this reservation wage is independent of 5:

w
wR=b+(N, - /\e)j max{V (w,zp,Xq) — U, 0}dF(w)
w

Given workers’ beliefs about the separation probability (w,2,3), the wage that leaves a worker indifferent between

her current job and an alternative offer is:

w*(z0,To) = w+ (8(w*, 20, £0) — S(w, 5, X))V (w, 2, 3) - U)

In sum, the model features heterogeneous job loss risk, job-specific human capital accumulation and imperfect
information about productivity. To build some intuition, I first describe some of the mechanics of the model under

perfect information.

4.2 Intuition from perfect information

In this basic model, unemployed workers will accept offers with a wage higher than their reservation wage, and
reject otherwise. Employed workers will move job-to-job according to a reservation policy where, given their current
wage and job loss risk, they require a wage premium for riskier jobs and are willing to pay a premium for safer jobs.
An extension with endogenous search effort under perfect information is presented in the Appendix, where search
intensity is increasing in (observed) job loss risk. If there was no heterogeneity in job loss risk (i.e if all offers had the
same 0), employed workers would simply accept any offer with a higher wage than their current one. As such, under
full information and rational expectations, a motive for accepting wage cuts may be generated. This motive lies on
the existence of job offers that are safer than the current job held by the worker. Given workers’ beliefs about the
layoff probability 6 (which in this case, completely align with realized ¢), the wage that leaves a worker indifferent

between her current job (w, 6) and an alternative wage-risk pair (w*, 6*) is:

W) = w+ (8" = 8)(V(w,8) - U)

The option value of an offer while employed will be increasing with 6 and decreasing with w. If the worker draws a
less secure position 60* > 6 such that 6" — 6 > 0, she will demand a higher wage to be indifferent between the current
and the future position. This wage premium is increasing in the capital loss of the current job V — U. If the worker
draws a more secure position, the wage that makes her indifferent is lower than her current wage. In the Appendix, I

simulate the probability of transitioning to a lower-paid position for different levels of wages and job separation risk.

Given the relationship between acceptance decisions and job loss risk studied above, one can anticipate that
individuals who overestimate the their job loss risk will be willing to take safer jobs in exchange for larger wage
cuts than they would accept had they known the true separation risk. This increases their ex-ante probability of

transitioning to a lower-paid position compared to a full information rational expectations benchmark.
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4.3 Discussion

The bias in the model is generated by slow learning, whereby “safety gains” from tenure increase at a higher pace
than the worker perceives them. On-the-job search behaviour reduces this bias between perceived and realized job
loss risk, as it gives pessimistic workers “a way out”. Workers who stay on the same job are those who enjoy a high
wage and/or who have accumulated a high level of job-specific human capital. Workers who receive negative signals
will be the ones looking for an outside option. While consistent with empirical evidence, this generates a selection

effect such that job stayers are those who, on average, have received positive signals about productivity.

This is also the case because there is no mechanism in the model through which optimistic workers lose their jobs at a
higher rate. To counteract that, one could extend the model to allow for feedback between skill accumulation and
beliefs. The only incentive for workers to invest in on-the-job training would be to mitigate a negative signal about
current productivity. For a given realized productivity, individuals who receive a signal with positive noise expect
smaller expected benefits from training or search. These individuals will be less likely to train or search, and become
more exposed to productivity shocks. While this is the case for all workers who observe a signal with positive noise,
transitions to unemployment would only occur if the realised productivity shock is i) negative ii) larger in absolute
terms than match-specific output. This in turn is more likely to be the case for low-paid and/or low tenured jobs.
This selection effect is such that the noise in the sample of employed individuals at a given tenure will, on average, be

negative. As a result, survivors would on average underestimate current productivity and overestimate job loss risk.

A general equilibrium framework will also help to shed light on the stabilizing or destabilizing effects of pessimism
in recessions. Though my data sample covers only a period of “expansion”, other data suggests that pessimism may
increase during recessions (Penrose et al., 2021). Intuitively, as more workers grow more pessimistic, they become
more willing to accept wage cuts - this moderates the usual disincentives to job creation in a recession. On the other
hand, more pessimistic workers will search more intensively and possibly crowd out unemployment individuals

from the labour market, delaying recoveries.

5 Conclusion

In this paper, I research how perceived job loss risk impacts job search and job switching behaviours. I draw
empirical evidence from survey data that measures individual-level job loss beliefs, search behaviour and accepted
offers at a high frequency. I find that these beliefs are i) heterogeneous over and above observable characteristics; ii)
predictive of job separation outcomes and job search behaviour; but iii) inaccurate, as individuals systematically
overestimate relative to observed outcomes. These empirical insights can sustain a model of job search where workers
are uncertain about the unemployment risk they face. In ongoing work, I formalize how acceptance decisions of

these workers compare to a full information rational expectations benchmark.

135



Bibliography

Armantier, O., Topa, G., Van der Klaauw, W., and Zafar, B. (2016). An overview of the survey of consumer

expectations. FRB of NY Staff Report.

Audoly, R., De Pace, E, and Fella, G. (2022). Job ladder, human capital, and the cost of job loss. FRB of New York Staff
Report, (1043).

Baley, I., Figueiredo, A., and Ulbricht, R. (2022). Mismatch cycles. Journal Political Economy.

Bowlus, A.]., Vilhuber, L., et al. (2001). Displaced workers, early leavers, and re-employment wages. Department of

Economics, University of Western Ontario.

Briggs, J., Caplin, A., Tonetti, C., Violante, G., Saeverud, J., Leth-Petersen, S., Gregory, V., et al. (2019). Understanding

job-to-job transitions with wage cuts. In 2019 Meeting Papers, number 154. Society for Economic Dynamics.
Carrillo-Tudela, C., Visschers, L., and Wiczer, D. (2022). Cyclical earnings, career and employment transitions.

Conlon, J. J., Pilossoph, L., Wiswall, M., and Zafar, B. (2018). Labor market search with imperfect information and

learning. Technical report, National Bureau of Economic Research.

d’Haultfoeuille, X., Gaillac, C., and Maurel, A. (2021). Rationalizing rational expectations? tests and deviations.

Technical report.

Di Pace, F, Mitra, K., and Zhang, S. (2021). Adaptive learning and labor market dynamics. Journal of Money, Credit
and Banking, 53(2-3):441-475.

Dickerson, A. and Green, F. (2012). Fears and realisations of employment insecurity. Labour economics, 19(2):198-210.

Elliott, G., Komunjer, I., and Timmermann, A. (2008). Biases in macroeconomic forecasts: irrationality or asymmetric

loss? Journal of the European Economic Association, 6(1):122-157.

Ellison, M. and Macaulay, A. (2021). A rational inattention unemployment trap. Journal of Economic Dynamics and

Control, 131:104226.

Elsby, M. W,, Hobijn, B., and Sahin, A. (2010). The labor market in the great recession. Technical report, National

Bureau of Economic Research.
Enke, B. and Graeber, T. (2019). Cognitive uncertainty. Technical report, National Bureau of Economic Research.

Faberman, R. J., Mueller, A. I., Sahin, A., and Topa, G. (2017). Job search behavior among the employed and

non-employed. Technical report, National Bureau of Economic Research.

Franses, P. H. (2021). Testing for bias in forecasts for independent binary outcomes. Applied Economics Letters,

28(15):1336-1338.

Freund, L. B., Lee, H., and Rendahl, P. (2022). The risk-premium channel of uncertainty: Implications for unemploy-

ment and inflation. Review of Economic Dynamics.

136



Hall, R. E. and Mueller, A. I. (2018). Wage dispersion and search behavior: The importance of nonwage job values.
Journal of Political Economy, 126(4):1594-1637.

Hendren, N. (2017). Knowledge of future job loss and implications for unemployment insurance. American Economic

Review, 107(7):1778-1823.

Jarosch, G. (2021). Searching for job security and the consequences of job loss. Technical report, National Bureau of

Economic Research.

Jolivet, G., Postel-Vinay, F., and Robin, J.-M. (2006). The empirical content of the job search model: Labor mobility

and wage distributions in europe and the us. Contributions to Economic Analysis, 275:269-308.
Jovanovic, B. (1979). Job matching and the theory of turnover. Journal of political economy, 87(5, Part 1):972-990.

Karahan, F., Michaels, R., Pugsley, B., Sahin, A., and Schuh, R. (2017). Do job-to-job transitions drive wage

fluctuations over the business cycle? American Economic Review, 107(5):353-357.

Kuchler, T. and Zafar, B. (2019). Personal experiences and expectations about aggregate outcomes. The Journal of

Finance, 74(5):2491-2542.
Lovell, M. C. (1986). Tests of the rational expectations hypothesis. The American Economic Review, 76(1):110-124.

Malmendier, U. and Nagel, S. (2016). Learning from inflation experiences. The Quarterly Journal of Economics,

131(1):53-87.

Manski, C. F. and Straub, J. D. (2000). Worker perceptions of job insecurity in the mid-1990s: Evidence from the

survey of economic expectations. The Journal of Human Resources, 35(3):447-479.

Mueller, A. I. and Spinnewijn, J. (2021). Expectations data, labor market and job search. UT Austin and LSE Working
Paper.

Mueller, A. 1., Spinnewijn, J., and Topa, G. (2021). Job seekers’ perceptions and employment prospects: Heterogeneity,

duration dependence, and bias. American Economic Review, 111(1):324-63.
Nagypal, E. (2005). On the extent of job-to-job transitions. Unpublished Manuscript, Northwestern University.

Nagypal, E. (2007). Learning by doing vs. learning about match quality: Can we tell them apart? The Review of
Economic Studies, 74(2):537-566.

Parsons, D. O. (1972). Specific human capital: An application to quit rates and layoff rates. Journal of political
economy, 80(6):1120-1143.

Penrose, G., La Cava, G., et al. (2021). Job loss, subjective expectations and household spending. Technical report,

Reserve Bank of Australia.

Pinheiro, R. and Visschers, L. (2015). Unemployment risk and wage differentials. Journal of Economic Theory,

157:397-424.

137



Postel-Vinay, F. and Robin, J.-M. (2002). Equilibrium wage dispersion with worker and employer heterogeneity.
Econometrica, 70(6):2295-2350.

Potter, T. (2021). Learning and job search dynamics during the great recession. Journal of Monetary Economics,

117:706-722.

Salgado, S., Guvenen, E, and Bloom, N. (2019). Skewed business cycles. Technical report, National Bureau of

Economic Research.
Schaal, E. (2017). Uncertainty and unemployment. Econometrica, 85(6):1675-1721.
Sorkin, I. (2018). Ranking firms using revealed preference. The quarterly journal of economics, 133(3):1331-1393.

Spinnewijn, J. (2015). Unemployed but optimistic: Optimal insurance design with biased beliefs. Journal of the

European Economic Association, 13(1):130-167.

Venkateswaran, V. (2014). Heterogeneous information and labor market fluctuations. Available at SSRN 2687561.

138



A Appendix

Al Endogenous search effort

Consider again the case of full information. If workers choose to exert search effort s at cost # and if the arrival rate

Ae(s) is increasing with effort, then the workers’ problem becomes:

1 rw
rV(w, ) = max w+Ae(s)J j max{V(u/',é')—V(w,é),O}dF(w')dG(é')+5[U—V(w,é)] (3.1)
s 0 Juw

Optimally chosen effort s* will be such that marginal cost equals the expected marginal benefit of search:

= )\é(s*)J: JW*(V(w’,a") - V(w,68))dF(w)dG(s") (3.2)

Evidence shows that low-wage individuals search more intensively (Faberman et al., 2017). At the same time, I
showed in Section 2.2 that higher job loss beliefs are associated with increased search intensity. The current model

with endogenous search effort is able to accommodate both facts.

First, note that the workers’ reservation rule does not change with the introduction of endogenous search effort.
Indeed, workers will still reject or accept offers based on the mechanism described earlier. However, current 6 and w,
will affect the perceived marginal benefit of exerting effort through their impact on the option value of offers. As
shown earlier, the option value of offers is decreasing in w and increasing in 0. Therefore, the marginal benefit of
search (and therefore the equilibrium search intensity) will be higher for low-wage, high job loss risk individuals,

and lower for high-wage, low job loss risk individuals. This is in line with empirical evidence described above.

Note that, given the value functions above, the value of a job is increasing with the wage offer and decreasing with

separation risk. Indeed, Pinheiro and Visschers (2015) show:

IV(w,9) _ 1 0
ow r+6+ A, [(1-F(w*)dH(&)

IV (w,d) __ V(w,6)-U <0
9o r+6+ A, [(1-F(w*)dH(&)

A2 Simulations under perfect information

w'—p
o

Let wage offers be normally distributed with mean y and variance o'2. Define z = . Given current job loss risk 6

and the job loss risk drawn 6%, the probability that a worker accepts a wage cut is therefore:
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Peut = P(w’ <wls, 6", w) = P(w* <w' < w) =

:P(w _’MSZSw_'M)z

o2 o2
w—H w -
o

As expected, this probability is increasing in 6 — 6*: drawing a safer offer increases the probability of accepting a

wage cut. I compute comparative statics that illustrate how this probability changes with 9,6" and w.

Figure A1 plots simulated probabilities of accepting wage cuts for an individual earning a relatively low and a
relatively high-wage. Given 6 and &’, the expected wage change is decreasing in the wage. Keeping wages constant,

the expected wage change is decreasing in 6 and increasing in &’

Note that, the ex-ante expected wage associated with drawing a safer position &’ < 6 is (see Figure A2):

o rw
E(w's’ < 6) = fo L*m wf (w)dwdd’ (3.4)

Finally, the ex-ante expected wage changes from drawing an offer will depend on distributional assumptions about
&’. For expositional purposes, assume &’ ~ U(0,1). Figure A3 displays the expected wage changes for low-wage

individuals (w = p — o) conditional on different levels of current job loss risk .

The intuition is as follows - if every 6 has an identical ex-ante probability of being drawn, then a worker employed at
a job with a job loss risk very close to zero (6 = 0) will very likely draw a riskier offer next period. The wages she is
willing to accept for a riskier job are higher than her current wage, so the expected wage change is positive. On the
contrary, a worker currently employed at a job with a very high separation risk (6 ~ 1) will very likely draw a safer

job which she is willing to accept at lower wages. Therefore, her expected wage change is negative.
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Probability of accepting wage cut, wage=0.686 Probability of accepting wage cut, wage=1.21
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Figure A1l: Workers probability of accepting a wage cut. Simulations.
Note: Simulations based on normally distributed wages with mean p = 1 and standard error o = 0.24. The horizontal
axis 01 denotes current job loss risk. The vertical axis 6, denotes offered job loss risk. Cell values are the probability

of accepting a wage cut.
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Expected wage change, wage = 1.2
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Figure A2: Ex-ante expected wage change. Simulations.
Note: Simulations based on normally distributed wages with mean y =1 and standard error ¢ = 0.1. The horizontal
axis 01 denotes current job loss risk. The vertical axis 0, denotes offered job loss risk. Cell values are the expected

wage change for every (61,0), according to equation (8).
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Conditional expected wage change, wage=0.68
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Figure A3: Conditional expected wage change. Simulations.
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