Subjective Earnings and Employment Dynamics

Manuel Arellano, Orazio Attanasio, Margherita Borella,

Mariacristina De Nardi, and Gonzalo Paz-Pardo*

August 27, 2025

Abstract

We develop a new approach to estimating earnings and job and employment dy-
namics using subjective expectations data from the Federal Reserve Bank of New
York’s Survey of Consumer Expectations. These data provide beliefs about future
earnings offers and acceptance probabilities, offering direct information on coun-
terfactual outcomes and enabling identification under weaker assumptions. Our
framework avoids biases from selection and unobserved heterogeneity that affect
models using realized outcomes. First-step fixed-effects regressions identify risk,
persistence, and transition effects; second-step GMM recovers the covariance struc-
ture of unobserved heterogeneities such as ability, mobility, and match quality. We
find lower risk and persistence than in prior work, but greater heterogeneity in
ability and match quality. Simulations show that reduced-form estimates overstate
persistence and volatility on individual-level productivity due to job transitions
and sorting. After accounting for heterogeneity, volatility declines and becomes
flat across the earnings distribution. These results underscore the value of expec-
tations data for studying labor market outcomes.
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1 Introduction

This paper revisits long-standing questions in income dynamics: how to measure risk,
heterogeneity, and persistence in earnings and employment, and how job transitions con-
tribute to these dynamics.[] Our key innovation is the use of subjective expectations data
from the Federal Reserve Bank of New York’s Survey of Consumer Expectations (SCE) to
address these questions. These data—which include information not only about expected
future earnings but also beliefs about earnings potential offers and the probability of ac-
cepting them—open new identification strategies and estimation methods that overcome
long-recognized limitations in standard approaches.

The standard approach using observed data suffers from identification and estimation
difficulties. First, estimates of earnings risk and persistence may be biased by unob-
served heterogeneity: differences in ability, job match quality, or preferences that are not
separately identified from stochastic variation. Second, selection into employment and
jobs creates identification challenges, because earnings are observed only when individu-
als are employed. If selection depends on unobserved shocks, then standard estimators
confound risk with endogenous sorting. Third, realized outcomes—particularly discrete
ones—often need to be observed over long panels in order to separately identify latent
factors like ability and match quality from transitory noise. This requirement poses
practical limitations, particularly when the available data span only a few periods per
individual.

We show that a specific kind of subjective expectations data can help address all
three problems. In particular, we use information on the probability distribution of
potential offers individual might receive to inform the latent earnings distribution, and
subjective probabilities of accepting offers to proxy the selection mechanism. Because
individuals report their beliefs about earnings and choices under counterfactual scenarios,
these data offer direct information on both the latent outcome process and the decision
rules that inform selection choices. This information allows us to achieve identification
even with short panels, leveraging rich cross-sectional variation in expectations rather

than requiring long individual earnings histories. These data allow us to identify and

For surveys of the income dynamics literature, see Meghir and Pistaferri (2011, Arellano| (2014) or
Altonji et al.| (2023)



estimate a structural model of earnings, employment, and job transitions—closely related
to |Altonji et al.| (2013)—under weaker assumptions than would be required when using
realized outcomes alone.

Our model builds on the “standard selection framework,” which combines a latent
outcome process (earnings) and a selection mechanism (employment and job transitions)
that depends on latent variables. We associate the subjective earnings offer distribution
with the latent outcome process and the acceptance probabilities with the conditional
selection rule. This structure allows us to estimate the model using methods that are
both transparent and tractable.

In our framework, the residuals from subjective expectations equations reflect mea-
surement error—such as reporting noise—and are orthogonal to the underlying shocks
that drive behavior. When subjective probabilities about future outcomes are elicited,
those outcomes have not yet materialized. As a result, the subjective probabilities reflect
the stochastic properties of future shocks (as in|Arellano et al.| (2024))), while the realized
shocks are absent from the subjective variables we model. Because individuals report
their own beliefs about future outcomes—including counterfactual scenarios—the model
can condition directly on their information set. This setup avoids selection bias: the
residuals do not correlate with unobserved determinants of choices or outcomes.

By contrast, in observational data, selection bias arises when unobserved shocks influ-
ence both the outcome and the decision to be observed. For example, a shock to produc-
tivity may affect both earnings and the probability of employment. If these shocks are
omitted from the regression, the residual becomes correlated with the selection mecha-
nism, leading to biased estimates. This distinction is central to our identification strategy:
subjective expectations allow us to observe the information that typically drives selection,
avoiding the omitted variable problem that plagues purely observational analyses.

We estimate the model in two simple steps. First, we use fixed-effects regressions to
estimate risk, persistence, and the effect of offered wages on transitions, while isolating
reduced-form unobserved heterogeneity. This avoids the nonlinear estimation challenges
typically encountered in models estimated on realized outcomes. Second, we impose

a covariance structure on the residuals from the first step and estimate the structural



components of heterogeneity—ability, mobility, and match quality—using GMM. The
second step is likewise computationally straightforward.

Our estimates yield several findings that highlight the value of incorporating sub-
jective expectations into earnings dynamics. First, relative to |Altonji et al. (2013), who
estimate their model using PSID data, we find substantially less risk and lower persistence
in productivity and match-specific shocks. In contrast, we uncover more heterogeneity,
suggesting that individual and job-match differences play a larger role than previously
estimated.

Second, we find strong positive effects of offered earnings on employment transitions.
Higher offered earnings significantly increase both the probability of transitioning out
of unemployment and the likelihood of changing jobs among the employed. Third, we
estimate that expected earnings in the current job have a positive but smaller and less
precisely estimated effect on the probability of remaining in that job.

Finally, we relate our findings to the existing literature. Our model and estimation
allow us to understand the determinants of the high earnings persistence that we estimate
in both observed and subjective expectations data. Empirically, we find that the high
earnings persistence that we observe comes from lower risk and persistence of shocks than
standard reduced-form estimates suggest, but more heterogeneity. We show that standard
high persistence and volatility estimates arise from unaccounted employer transitions
and heterogeneity, rather than persistent productivity shocks. Similarly, we find that
much of the nonlinear relationship between earnings volatility and income disappears
after accounting for individual- and employer-match effects. These results underscore
the value of the combination of expectations data in combination with a rich model of
employment dynamics for analyzing labor market outcomes.

We also relate our findings to the literature on risk and nonlinear earnings dynamics.
In our simulated data, the standard deviation of reduced-form earnings volatility aver-
ages 7% and varies systematically with earnings, in line with previous studies on risky
and non-linear earnings dynamics. However, once we remove the influence of person-
and match-specific heterogeneity, volatility drops to 4.5% and becomes approximately

constant across the earnings distribution. This indicates that much of the observed



nonlinearity in earnings volatility reflects unobserved heterogeneity and job transitions,
rather than individual productivity risk.

These results suggest that subjective expectations data provide new insights into labor
market dynamics. Our paper is not the first to use such data to estimate a well-specified
economic model. Faberman et al.| (2022), in a seminal contribution, use the same dataset
to estimate a search model and assess how search effort translates into outcomes for
both the employed and unemployed. Our contribution focuses on earnings dynamics and
shows how subjective expectations data and the experimentation within the survey aid
identification under weaker assumptions and enable transparent estimation of models.
Such models are difficult to identify with realized outcomes alone.

Our contributions are fourfold. First, we develop econometric techniques linking
subjective data to structural models, allowing for straightforward parameter estimation
through linear regressions. By relying on simple linear fixed-effects methods, we are
able to estimate a nonlinear dynamic model with unobserved heterogeneity, a task that
is challenging when only using realized outcome data. Second, we demonstrate that
subjective expectations data enable identification of models with employment and job risk
under weaker assumptions that are not driven by functional form. Third, we show that
these data allow us to estimate such models from short panels, avoiding the need to track
long individual histories or impose restrictive functional form assumptions on unobserved
heterogeneity. Fourth, we show that perceived income uncertainty is significantly smaller
than traditionally estimated risks, while heterogeneity plays a larger role in shaping
observed outcomes.

While our framework leverages the tractability of linear fixed-effects methods, we
highlight that the SCE data contains additional information that could be exploited
using nonlinear estimation techniques. This suggests that subjective expectations data
offer opportunities to further enhance model identification and estimation, unlocking even

richer insights into labor market dynamics.



Table 1: SCE data, sample summary statistics.

Women Men
N Mean Std.Dev. N Mean Std.Dev.

Age 4796  42.57 10.33 4552 43.17 10.10
White 4796 0.78 0.41 4552 0.85 0.36
Couple 4483 0.59 0.49 4240  0.74 0.44
HS 4796 0.09 0.28 4552 0.09 0.29
Some college 4796 0.33 0.47 4552 0.27 0.45
College degree 4796 0.33 0.47 4552 0.38 0.48
Post-graduate education 4796 0.25 0.43 4552 0.26 0.44
Unemployed 4796 0.06 0.24 4552 0.04 0.19
Workers

Prob. losing job next 4 mo. 4421 12.77 18.36 4310 13.10 18.16
Current earnings 4243  57.38  113.46 4171 85.30 75.09
Expected offer in 4 mo. 3003  59.20 46.83 3062 89.53 79.34
Prob. receiving offer next 4 mo. 4133 0.22 0.28 3997 0.22 0.27
Prob. employed in 4 mo. 4190 0.97 0.11 4049  0.97 0.11
Prob. change job in 4 mo. 4472 0.09 0.18 4234 0.08 0.17
Prob. unemployed in 4 mo. 4190 0.03 0.11 4049  0.03 0.11

Unemployed/laid off

Previous earnings 291 30.80 48.87 192 51.77 53.02
Expected offer in 4 mo. 257 52.44  219.32 173 49.22 45.17
Prob. receiving offer next 4 mo. 279 0.53 0.34 184  0.56 0.33
Prob. employed in 4 mo. 276 0.52 0.34 181  0.53 0.34

2 Data: The Survey of Consumer Expectations

We use data from the Survey of Consumer Expectations, a monthly internet-based survey
administered by the Federal Reserve Bank of New York. The SCE began in June 2013
and consists of a rotating panel in which respondents participate for up to twelve months.
Each month, approximately 1,300 heads of U.S. households complete the survey.

Each respondent answers a monthly core module and one or more supplementary mod-
ules. The core module collects expectations on inflation, unemployment, and household-
level outcomes. Three supplementary modules rotate on a four-month schedule: house-
hold finances, expenditures, and labor market activity[]

We focus on the labor market module, fielded every March, July, and November.

2For more details about the survey, its design, sampling methods and questions, see |Armantier et al.
(2017).



Respondents in this module report their labor market status and their expectations about
job offers and earnings over the next four months. Because the module is administered
every four months and the SCE rotates respondents annually, we observe each respondent
in this module at most three times before they leave the sample. While this limits
the length of individual panels, the richness of the subjective questions we use offers a
powerful substitute for long earnings histories.

As discussed in the introduction, long individual panels are typically required to
nonparametrically identify latent components—such as ability, match quality, and pro-
ductivity shocks—from discrete outcomes. In our setting, these requirements are relaxed.
The subjective expectations data in the SCE provide direct information about both the
latent outcome process and the decision rule. Beliefs about future wage offers inform the
perceived distribution of counterfactual earnings outcomes, while reported probabilities
of accepting hypothetical offers reveal how individuals would respond to those outcomes.
These expectations allow us to identify key features of the model—risk, heterogeneity,
and selection behavior—using rich cross-sectional variation rather than extended time
series data. This enables the credible estimation of dynamic earnings and employment
transition models even from a short panel.

Our sample spans from the inception of the survey in June 2013 through March 2020.
We use both observed and subjective variables, including annual labor market income,
tenure, job type, part-time or full-time status, sector, employer-provided benefits, and
standard demographics (age, state, marital status, education, etc.). Table |I| provides

some demographics and summary statistics from our sampleﬁ

2.1 Key questions

Our analysis focuses on three survey questions from the labor market module of the

SCE. These questions elicit respondents’ expectations about potential job offers and

3Several papers have studied the features of workers’ self-reported expectations in the SCE. [Kosar
and Van der Klaauw| (2025) show that workers’ expectations about earnings growth and employment risk
tend to align well with realized outcomes, both over the life cycle and over the business cycle. [Mueller
and Spinnewijn| (2023) show that unemployed workers tend to have a good estimate of their job finding
probabilities at the beginning of an unemployment spell, but fail to update downwards the probabilities
of finding a job as their spell becomes longer. Wang| (2023) shows that an estimated model based on
perceived income risks from the SCE better matches liquid wealth holdings.



their willingness to accept them. They include the expected annual salary from the best
offer received in the next four months, the probability distribution of the best offer in
the next four months, and the probability of accepting hypothetical offers. All three are

asked of both employed and unemployed individuals.

Question on expected best offer. Think again about the job offers that you may
receive within the coming four months. Roughly speaking, what do you think the annual
salary for the best offer will be for the first year? Note: the best offer is the offer you
would be most likely to accept.

This question elicits a point estimate for the expected annual salary from the best
offer that respondents anticipate receiving in the next four months. We denote this value
as Uiy
Probability distribution for job offers. Think again about the job offers that you
may receiwve within the coming four months. What do you think is the percent chance that
the job with the best offer will have an annual salary for the first year of...

The best offer is the offer you would be most likely to accept.

o Less than [80% * 7§y ] dollars: ... %

o Between [80% * gyt ] and [90% * i+ [dollars: ... %
o Between [90% * gyt ] and [100% * g3 [dollars: ... %
e Between [100% *y;* ] and [110% * gy Jdollars: ... %
o Between [110% *y;*' ] and [120% * g5 Jdollars: ... %
o More than [120% * 55, ] dollars: ... %

Respondents allocate probabilities across six bins defined relative to 75 ™' less than

80% of g™, 80-90%, 90-100%, 100-110%, 110-120%, and more than 120%. The survey
presents these values in dollar terms, and the system warns respondents if probabilities

do not add up to 100%.



Conditional probabilities of accepting job offers. Think again about the job offers
that you may receive within the coming four months. What do you think is the percent

chance that you will accept the job if it offers an annual salary for the first year of...

o Less than [80% * gyt ] dollars: ... percent chance

o Between [80% * Gyt ] and [90% * g3t [dollars: ... percent chance

o Between [90% * gt ] and [100% * 55 Jdollars: ... percent chance
o Between [100% * 7§y, ] and [110% * g3 Jdollars: ... percent chance
o Between [110% *y;i™ ] and [120% * ;i Jdollars: ... percent chance
o More than [120% * ;'] dollars: ... percent chance

Figure [1| shows the average cross-sectional probability distribution for job offers (top
panel) and the conditional probability of accepting them (bottom panel). In both cases,
the x-axis represents the six bins defined relative to y;/™", with the leftmost bar corre-
sponding to offers below 80% of the reference value, the next to 80-90%, and so on.
Because y;, " varies across individuals and over time, the dollar amounts represented by
each bin also vary across respondents.

Comparing the distribution of expected offers (top panel) to the reference value g+
provides insight into how respondents interpret the “best offer” question. The distribu-
tions are generally consistent with the best offer lying near the mean or median of the
expected offer distribution. Unemployed respondents report more skewed distributions,
with lower-salary offers being relatively more likely. The bottom panel shows that, as
expected, better offers are more likely to be accepted, and that unemployed workers are
more likely to accept a given offer than employed workers.

Figure [2] plots the cross-sectional distribution of responses across bins. Each box
shows the median (central line), interquartile range (box edges), and the 10th and 90th
percentiles (whiskers) for each offer bin. The left panel shows wide variation in the
perceived probabilities of receiving offers: for example, the probability of receiving a

high-salary offer (in the top two bins) is close to zero for the median respondent but is

as high as 10-15% for others. The right panel reveals similar heterogeneity in acceptance
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Figure 1: Expected offers (left) and probability of accepting the offer (right).
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Note: Probability distribution (cross-sectional averages) of expected job offers and the likelihood of
accepting these offers by employment status. y-axis: probability; x-axis: wage offer bins, where e.g.
0.9-1 represents between 90% and 100% of the reference value (the expected best offer).

probabilities. In the 100-110% bin, the median reported probability of acceptance is

around 50%, but ranges from 15% at the 25th percentile to 75% at the 75th percentile.

2.2 Variation in subjective responses that informs identification

The heterogeneity in responses documented above—across bins and across individuals—is
central to identifying the structural components of our model. Figure [3] illustrates four
reduced-form patterns in the data. Each one connects a specific subjective expectation
to either current earnings or hypothetical offers and helps identify a key model object.
Before describing the panels in the figure, it is important to highlight a distinctive
feature of our data. The survey does not only ask respondents what they expect to
happen. It also asks how they would behave under counterfactual scenarios. For example,

employed and unemployed individuals report how likely they would be to accept job offers
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Figure 2: Cross-sectional distribution of the probability of receiving an offer (left) and
accepting it (right), by offer bin. Bins are expressed as a share of the reference value
yi s for example, 0.9-1 represents between 90% and 100% of the expected best offer.
Each box shows the median (central line), interquartile range (box edges), and the 10th

and 90th percentiles (whiskers).
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at various hypothetical wage levels, each of which they have typically assigned a positive
probability of occurrence. These questions generate variation similar to that produced
by experimental designs. Hence, all of these questions allow us to observe decision rules
over a range of hypothetical and counterfactual earnings, rather than inferring them from
realized transitions alone.

The top left panel of Figure [3[shows how expected future earnings depend on current
earnings. Specifically, it plots log expected best offers against log current earnings, con-
trolling for individual-job fixed effects. The positive relationship shows that respondents
who currently earn more also expect to receive better offers in the near future. This
pattern reflects perceived persistence in earnings and helps identify the degree to which
current earnings predict future offers, holding fixed individual and job-specific factors.

The top right panel examines the subjective dispersion of expected offers. It shows
how the (residualized) log odds of the subjective cumulative distribution function (CDF)
of offers varies with the level of the hypothetical offer. The log odds transform maps
probabilities onto a linear scale, making it easier to compare how quickly the CDF rises
across earnings levels. The slope of the line in the figure is informative: a steeper slope
corresponds to more concentrated beliefs, while a flatter slope reflects greater uncertainty:.
Thus, the inverse of the slope provides a reduced-form measure of subjective earnings risk.

The bottom left panel turns to job-to-job transitions. It plots the (residualized) log

11



odds of changing jobs as a function of the hypothetical offer. Respondents are more likely
to report a willingness to switch jobs when the offer is higher. This variation captures
the sensitivity of job mobility decisions to prospective wage gains and helps identify
offer-dependent job transitions in the model.

The bottom right panel focuses on transitions from unemployment to employment.
It shows how the (residualized) log odds of accepting a job varies with the level of the
hypothetical offer. As with the employed, unemployed respondents are more likely to
accept better offers. This pattern provides information about the reservation wage be-
havior of the unemployed and contributes to identifying offer-dependent selection into
employment.

Together, these four reduced-form patterns show that subjective expectations vary
systematically with both realized and hypothetical conditions. They also demonstrate
that individuals report meaningful, monotonic behavioral responses to counterfactual
wage offers. These features provide the variation necessary to identify the persistence,

risk, and selection components of our structural model.

Figure 3: Key elements for model identification: scatter plots and fitted lines. Top left:
persistence (log expected offers on log earnings). Top right: risk (log odds of the CDF
of expected offers on the log of each point/knot). Bottom left: log odds of quitting
if employed, by expected offer bin. Bottom right: log odds of becoming employed if
unemployed, by expected offer bin.
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3 A model of earnings and employment transitions

The model we estimate with subjective expectations data is a version of that developed by
Altonji, Smith, and Vidangos| (2013)), or ASV. It combines two components: an earnings
determination block and an employment and job transitions block. The employment
block is central to shaping earnings dynamics and selection into both employment and
employer transitions.

We depart from the approach taken in ASV along some important dimensions. Our
framework and estimation method allow us to disentangle the role of current shocks and
heterogeneity in shaping employment transitions without making strong functional form
assumptions and using much simpler estimation methods. These shocks, though unob-
served by the econometrician, are observed by individuals and thus influence selection
into employment and job transitions. This selection, in turn, plays a central role in driv-
ing observed earnings dynamics. Furthermore, the simplicity of our approach, leveraging
subjective expectations, allows us to estimate employment and job transitions jointly
using a multinomial specification in a way that is simple, transparent, and reliable. It is
worth noting that ASV regard the multinomial modeling of selection as more attractive,

but they do not focus on it due to numerical instabilityE]

Latent earnings dynamics. Starting with the earnings determination block, we as-

sume that log earnings of individual ¢ at time ¢ + 1, y; 41, are given by:

Yigr1 = Yipgr X Cige1 (1)
Yier1 = x;,t+17 + i T Wit1 T Vig(e41) (2)
Wikl = PWit T €y (3)
0 .
Uijt+1) = Yij(t) if 5041 =0
Vij(t+1) = i (4)

Uilj(t+1) = QUi + €y I Sigpr = 1.
Log earnings coincide with latent earnings y;,,, for employed individuals (e;;11 = 1).

The latter are a function of some observable characteristics, z;+y1, an individual-specific

4ASV’s main estimated model is a sequential one in which an employed person first decides whether
to remain employed and, conditional on that decision, whether to change jobs.
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fixed effect, p1;, and a persistent shock, ef,,; (both unobserved to the econometrician),
and a match-specific effect, vj;41). The observed characteristics x;,41 include an age
profile and an employer tenure polynomial. Tenure is zero for unemployed workers.
The time invariant individual-specific effect p; captures permanent ability effects. The
autoregressive component w41 specifies the transmission of productivity shocks, €7, ;,
with persistence coefficient p.

The term vyj(;+1) represents an employer-specific effect for individual ¢ at ¢t +1 (where
j(t + 1) denotes such individual-employer match). It depends, as specified in equation
(4), on the match-specific effect in period ¢ and an employer-specific shock, E3i(t41) which
becomes operative when the employer-switching indicator s; ;1 equals 1H When there is
no employer change, the quality of the match is fixed, otherwise, its persistence is ¢.

Equations (/1)) to describe the evolution of latent earnings, given individual em-
ployment status and job changes. These transitions are influenced by the innovations

v

li(t+1) 88 well as by other exogenous employment and mobility shocks. The

w
Efr1 and €
match shock, efj(t +1) affects actual earnings only when €; ;41 = s;441 = 1.
For notational convenience later on, it is useful to define latent earnings next period

in the case of staying with the same employer, ygj 41, or switching, y}? 1

0x* .
Yirer i s =0
Yirr1 = , _ (5)
Yigsr s =1
Employment transitions. Turning to the determinants of employer changes and em-
ployment status, each period individuals face a discrete set of choices: remain with their
current employment, switch to a new employer, or transition into or out of employment.

For currently employed workers (e;; = 1), the multinomial model proceeds by specify-

ing the value of the t+1 alternatives “employed in the current job” ee?:; +1 and “employed

5ASV models separately hours and wages, which we combine into earnings, due to data limitations.
They also include additional terms in equation : a constant if unemployed and another constant
if previously unemployed to capture human capital depreciation. While we omit these for simplicity
here, our methodology allows for heterogeneous drifts in the productivity process for the employed and

unemployed. The shocks €7, and Efj( t+1) are 12d and independent of each other.
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in a new job” eej;,; relative to “non-employment,” whose value is normalized to zero:

ee?;—i-l = 93?,It+170 + 52%07;1 + b,'im + 597771' + 5?,t+1 (6)
ee%;_i_l = 3711,/15-5-171 + (5;%1;-%1 + b;ui + b71777i + 5%,t+1 (7)

In equations @ and the term 7; is a “mobility” fixed effect, representing individual
propensity to switch employers and the latent earnings ygj 41 and yzl*; 41 are defined in
equation

Assuming that &7, , and &;,,, are independent with an extreme value distribution
(conditionally on €; 41 = (5‘{; +1 e +1)> and Q; = (y;" ¢ Tis, ui,vij(t))) gives rise to the
multinomial logit model. We define the probabilities of staying in the same job p?yt and

of changing jobs pz{t as follows:

P?,t = Pr(sip1=0,€041 =141, ity €0 = 1), (8)

Pie = Prisi =1l e =1]¢c 1, Qey=1). (9)

Based on these definitions and equations (@ and , we obtain the following log odds

ratios:

0
b; .

i (Trgy) = e ot (10)
it it
Pig

i (Tpgy) = St o (1)
it it

For the currently unemployed workers (e;; = 0), the value of “employment in a new

job” relative to non-employment is given by:

Ue g = mZ;H’Yu + 55%‘1,};“ + b+ bymi + €y (12)

6Equations @, , and, later, equationdo not allow the match component to have an independent
effect over and above that through latent earnings. This restriction is because our data do not allow us
to identify such an effect.
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With the logistic assumption for €, (again conditionally on ;11 and €2;;) we get:

pgj u u w, 1 u u
In ( ) = 37i,§t+17 + (5yyi1,t+1 + buﬂi + bnm- (13)

Unlike ASV, we do not constrain 4, to be zero, thus allowing for endogenous self-selection
into employment. This coefficient captures the reaction of unemployment individuals to
their labor market opportunities and, thus, reflects an important economic mechanism.
To sum up, endogenous self-selection in our model of earnings and employment dy-
namics arises as a result of dependence of the transition probabilities p}yt, pgt and p}'y
on the time t + 1 innovations to latent earnings, as specified in equations and
conditionally on the information set up to period ¢t. As we discuss later, our approach is

possible because the subjective expectations data provide direct information on y;, ;.

4 Using subjective expectations to identify the model

The model we discussed in Section Bl is made of two main blocks: the first character-
izes the evolution of latent earnings while the second deals with job transitions (to and
from unemployment and/or to different employers). Latent earnings are determined by
an individual fixed effect, by a stochastic process that we label ‘productivity’ and by
employer-match quality. As for transitions, the currently employed face three potential
outcomes next period: remain employed with the same employer, remain employed with
another employer, and become unemployed. The currently unemployed, instead, face two
potential outcomes: remain unemployed, or become employed.

Our identification and estimation approach is based on the idea of matching expecta-
tions in the data to those in our model. Therefore, in this section, we first compute the
conditional earning expectations and the distribution of best offers, and then move to the
probability of employment and of employer changes. This allows us to relate these quan-
tities to those observed in our data, which in this section appear on the left-hand-side of

some of the equations and which we bold for ease of exposition.
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4.1 Latent earnings and wage offers

For future earnings, in the data, we have information about the entire probability distri-
bution. However, for expositional purposes, we start with a discussion of the means of
its distribution. We then extend this discussion to the entire distributions.

We start by expressing latent earnings as an autoregressive process by rewriting the

AR(1) process for w; ;41 in equations and as:

Ui — Thoay — i — Vigaan) = p (Yl — T4y — i — Vi) + €5 (14)

Re-arranging terms, we get:

Yirer = PYis + (@1 — Pxi,t),’y + (1 = p) i + Vi jus1) — pUij) + Etils (15)
subject to equation {4 for the law of motion for v; j(;11).

Potential offers. As discussed in Section [, the SCE contains information on both the
prediction and the probability distribution of the yearly salary one might be offered during
the next four months, for both the employed and the unemployed. To map these data
to the model’s quantities, it is convenient to distinguish between earnings from changing
employer and earnings with the same employer for the currently employed, (yll*; 15 yg’; +1)7

which are given by the following expressions:

Yiter = Py + @i — prie) v+ (L= p) i + (6 — p) Vi) + €1 jer1) + €5era (16)

Ui = P+ @i — pxig) v 4+ (L= p) pi + (1= p) vijy + €514 (17)

Our approach exploits the observability in the SCE of the expected potential earnings
in t+1 with a new employer, which in logs we denote with y5'**, as well as several points of
its probability distribution. For expositional purposes, we start by equating yi** to the

expected value of next period’s log earnings in the event of switching employer, subject

to additive elicitation error that is mean independent of the respondent’s information set.
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This implies that, for job changers, v; j+1) = QUi @) + €] i hence:

t+1))
V' = Byl | Q) = oyl + @igen — pxa) v+ (1= p) i + (0 — p)vijy-  (18)

In addition to y5'**, the SCE also contains information on its probability distribution,
which we can match to the corresponding model quantities, as we discuss below. Im-
portantly, the parameters of interest can be estimated using only the information on the
probability distribution, avoiding the assumption that ¥;¢™" is interpreted as the mean
of the potential offer with a new employer.

It is also worthwhile noticing that we observe the distribution of latent earnings for
all individuals, regardless of whether they work or switch employers in the next period.
By contrast, the common practice of using realized earnings in ¢ 4+ 1 restricts the sample
to those who actually work. Consequently, our specification avoids the selection bias that
typically arises when estimation relies on realized earnings alone. This implies that we
can obtain consistent estimates of the parameters in equation using only data on
the employed because in our case e;; = 1 represents an exogenous selection relative to
shocks in ¢ + 1.

This last consideration is particularly noticeable. Estimating equation [18|requires ob-
serving y;;, which for employed individuals coincides with current earnings. The model
also has implications for the unemployed, but their latent earnings are unobserved. Fur-
thermore, the SCE contains only a small sample of unemployed respondents. We therefore
drop the unemployed equations, while reporting them for completeness in Appendix [A.1]

This exclusion does not introduce selection bias.

Future earnings probability distribution for the employed. As we discussed
in Section 2] in addition to point expectations, the survey reports the probability distri-
bution of the “annual salary of the best offer likely to be received within the next four
months” in 10-percentage-point bins, ranging from less than 80% to more than 120%

of the expected offer. Assuming classical measurement error in the observed log odds

18



transformation of the CDFE up.., we have:
logit(Pys; ') = logit(Pr (y,itH < i | ta)) + g (19)
where 1y = 7, X YT and 73, € {0.8,0.9,1.0,1.1,1.2}. So, in view of we have:

Pr(yiiy < Thir | Q)

= Pr (Eftﬂ + €zj(t+1) < Thit — PYiy — (i1 — /)mi,t)/”Y — (1 =p)pi — (& — p)vijw | Qit)

Assuming that €7, + ¢}, ) has a logistic distribution, our model for the log odds

4,5 (41
_ —Ot 41
transformation EE: '=1In (:E‘—c“;tﬂ> is linear in the variables:
~Pkit
—0t41 % /
bay = (1/0e)mhat + (=p/0e) yiy + (Tiper = prig) (=7/0c)
—pi (L= p) Joe = (1/0¢c) (¢ = p) vija) + (20)

where o, denotes the standard deviation of <5§‘jt 1€ +1)>

As noted above, the parameters of interest can be identified using only the probability
distribution of best offers (equation , so the equation for expected future latent earn-
ings is not needed. Accordingly, interpreting y5'™! as the mean of the relevant variable
is unnecessary; instead, it simply anchors the probability distribution.

As with expected latent earnings, it is possible to derive expressions for their proba-

bility distribution also for the unemployed. However, we relegate them in Appendix [AT]

like we did for the discussion for the means.

4.2 Employment transitions

In the previous section, we describe how, based on one’s expected best offer, the SCE

provides potential offer bins, with respondents reporting the probability of receiving

"Respondents report the probabilities for each bin, which we then use to construct the observed
CDF and log cumulative odds logit(CDF) = In[CDF/(1 — CDF)]. It is natural to assume additive
measurement error in the log cumulative odds, as these values can span the entire real line.

8While not pursued in our current implementation of estimators, a sufficiently flexible specification of
the coefficients in equation as functions of r;; can capture a broad class of probability distributions
for (sl“-jt 41 TE (t+1) —including those exhibiting skewness-regardless of the logistic transformation that

we use (see |Arellano et al.| (2024))).
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an offer in each of them. Furthermore, the SCE also asks respondents to state their
probability (in percent) of accepting the offer in each bin. This information allows us to
estimate the transition probabilities between labor market states.

Given that in the model transitions are determined by comparing the values of various
labor market statuses (as in equations @ and , where the value of unemployment is
normalized to zero, we can map the observed probabilities of transitions observed in the

data to their counterparts in the model as follows{

ue _ _ _ —O0t+41 1x —O0t+1 _

Piie = Prisiga=1lei =117 77" <yt < Thar-Tip 50, Qi €0 = 0), (21)
el _ _ _ —O0t41 1x —O0t4+1 0% _

Py = Pr (Si,t—l—l =11 =1]7- Uit <Yire1 < Tht1 Uiz > Yirt1 Qig, €54 = 1) )
e0 _ _ . —Ot+1 1x* —O0t+1 0% o

Phe = Pr(sim =0 =17 Tor " < Uinpr < Tern Uit s Yingrs Qs €0 = 1) -

7€{-,08,09,1.0,1.1,1.2, 400}, k=1,...,6.

The term pyi; refers to the probability of becoming employed for an unemployed person
(with (1 — p})) being the probability of remaining unemployed). The terms pgj, and
pY are the probabilities for the currently employed of switching employer and staying
with the same employer, respectively. The probability to become unemployed is thus
(1 — PRy — Piiv)-

To implement this approach, we approximate the quantities in equation by at-
tributing the probability mass in each interval to the mid point of the grid bin for the
interior points, and to 0.75 or 1.25 for the the grid boundaries. For example, for the

unemployed, we set it as follows:

ue ~ - o 1% _ =~ —O0t+1 I
Py = Pr(sip=1einn =1y =7 Ty Qe = 0) (22)

7 € {0.75,0.85,0.95,1.05,1.15,1.25}, k=1,...,6,

where 7} is the point used for each bin.

The next step is to take the log-odds ratios and use our model to obtain the following

9Subject to classical additive measurement error in the logit of the observed probabilities, as before.
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linear specifications, which are the empirical equivalent of equation ((13]):

zzi = In <1kalktlt> - zt+17 + 5u (T 'yfttH) + bu i T bu772 + Ekirs ( 3)
—el n —o

Lt =1In <ﬁ) = Ty 0y (T T ™) A D + by + &y, (24)
—e0

Lyt =1In <ﬁ> = 217+ Oy Ui + bap + by + €y (25)

Here, four points are worth noticing. First, while both y}’t‘ 41 and yg’t‘ 41 (latent earn-
ings with a new employer and with the current employer) enter the probabilities that
the employed switch employers or staying, due to the properties of the logistic and our
functional form assumptions, only one of the two enters the log-odds ratios.

Second, and very importantly, because in the SCE people report the probability of
becoming employed (if unemployed) or of changing employer (if employed) conditionally
on various hypothetical offered earnings, the term 7 - ;™" in equations and ((24)) is
observed. While Altonji et al.| (2013) attempt including a similar, model-predicted term,
they encountered poor identification issues.

Third, because the SCE does not ask about the probability of staying with the same
employer, conditional on receiving a certain job offer pg%, we cannot decompose the
probability of “not accepting an offer” 1 — p¢} between that of staying on the same job
and that of moving into unemployment. However, because we observe the unconditional
probabilities of changing jobs, staying with the same employer and moving into unem-
ployment, we can use them to reconstruct pg%. To do so, we assume that individuals
who receive relatively low job offers and reject them are more likely to transition into
unemployment, while individuals who receive relatively high offers and reject them are
more likely to stay with the same employer. We provide further details in Appendix [B1]

Fourth, because the SCE does not ask future income with the same employer upon
the receipt of a potential outside offer, in equation , we replace y?; 41 with 37?;‘ =
E (y?}:rl | ity €ire1 =€t = 1, 81441 = 0), that is, its conditional expectation, for which
we can construct an empirical measure from the SCE data. This substitution is equivalent

to assuming that endogenous self-selection is driven by ¥ but not £¢,,,. In other

4,5 (t+1)

words, that the reported offer reflects the future employer specific shock in the match,
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but not the one in human capital[l’] As a result, the model conveniently simplifies to a
system of linear equations.

We can use two survey questions to construct ??: 4+1- The first explicitly asks for a
point estimate of earnings, conditional on maintaining the same employer and working
the same number of hours, 12 months ahead. The second one pertains to unconditional
subjective expected earnings in four months’ time. The problem with the first question is
that it conditions on the same number of hours and has a slight time horizon mismatch.
This lead us to use the second question and additional survey information to construct

the conditional subjective expected earnings that we need. We discuss the procedure we

follow in Appendix [A.2]

5 Two-step model estimation

Section (] describes how subjective expectations provide the key inputs for identifying our
earnings and employment transitions. This section focuses on estimating those equations
and the error-components structure they imply. Our estimation proceeds in two steps.
In Step 1, we estimate p, 0. and v using the equations on latent earnings while
allowing for fixed effects of ability, mobility and employer-match, as well as 4/, (5; and (52
using the equations that determine job mobility. In Step 2, we estimate the remaining
model parameters (¢, by, b5, by, b, by, by) as well as o, by enforcing error-component
restrictions on the covariance matrix of the Step 1 residuals using a minimum-distance

approach. We keep the parameter p fixed at its within-group estimated value.[l;r]

Step 1. We organize Step 1 estimation into two main blocks of equations. The first
block uses SCE data on future latent earnings and includes equations and (20). It
includes both the reported point earnings expectations (equated to the model-implied
mean future earnings for employer switchers) and their distribution. The second block
includes information on the probability of changing employer conditional on being in a

certain offer bin (and equates the observed log-odds ratios in each latent offer bin for

10 Appendix examines more complex versions of the multinomial model that incorporate endoge-
nous selection in 7, ; and discusses the challenges associated with their estimation.

HWe re-estimate the standard deviation o, in Step 2, but results are unaffected if we just keep the
value obtained in the first step.
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the employed). There are six bins, hence six estimating equations. In each of these
equations we also consider the possible presence of elicitation error, which is assumed to
be uncorrelated with the variables considered in these equations.

For each equation, we estimate p, and then obtain a single estimate for it by minimum
distance, with bootstrap standard errors.

Here, it is important to note that our methodology identifies the model’s structural
parameters using only information about the probability distribution. This approach
does not require assuming that the point expectation of the “best offer” coincides with
the mean (rather than another moment, such as the median) implied by our model.

The second block of estimating equations uses SCE data on job transition probabil-
ities. Equations (23] ., and (25 correspond to transitions from unemployment to
employment, and to transitions for employed switchers and stayers, respectively, which

again include classical elicitation errors.

Step 2. In a second step, we use GMM to estimate fixed-effect heterogeneity o, the
persistence of job-match quality ¢, o, and o.. Having estimated the equations in the
first step, we can obtain estimates of their residuals, which, in addition to the fixed
effects contain elicitation errors in the subjective expectations questions. In particular,

the residuals we use are given by the following set of equations:

Wi = (L= p)pi+ vy (o —p) + & (26)
—of o er

= —pil = p)foe — v (¢ — p)/oe + & (27)

TPj = by + bymi + &5, (28)

T_p?it = bo + bo'fh + f jat ) (29)

i = bt + b, 30
pjit - 7h + g jat ) ( )

el

m—of fer é;f—offer ue e0
) jit

where ¢, it s &Gies S5its and are elicitation errors. Appendix provides
detailed information on the implementation of the minimization problem, the weighting
scheme, and other technical considerations.

The estimation uses GMM on both the variances of the residuals and their cross-

equation covariances, including contemporaneous components and those computed over
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the three observation periods for each worker. When analyzing autocovariances, we
account for whether individuals have transitioned across employers or not.

The system of equations — constitutes a linear factor model. Under sufficient
independence assumptions regarding the elicitation errors, the probability distributions
of the ability, mobility, and match factors are nonparametrically identified. This con-
trasts sharply with discrete choice models based on short panels of realized outcomes,
where fixed-effects identification is typically not feasible without strong additional as-
sumptions. A potential third step in our procedure—currently not implemented—would
be to estimate the components of heterogeneity nonparametrically via deconvolution.

Given the complexity of the model and of the estimation approach, we summarize all

the notation used so far in Tables [1 and Rl

6 Results

In the previous sections, we discussed the available data, the theoretical model, the map-
ping of some equations to the data, and the identification of the structural parameters.
We now present our empirical analysis, starting with the criteria that inform the sample
selection and then move on to our parameter estimates.

We focus on individuals aged 25 to 62 and exclude the self-employed. Given that our
panel dimension is short, we only include employer tenure in our explanatory variables
Tt

In our model, all individuals face a distribution of potential offers each period. In
the data, 20% of respondents report a zero probability of receiving an offer in the next
period and therefore provide no information about their distribution of expected potential
earnings. Consequently, we only use data for those who report a positive probability of
receiving an offer. By an argument analogous to the one we used for the unemployed,

this restriction does not introduce selection bias.

Estimated parameters. Table [2| reports the parameters affecting the evolution of
latent earnings (equations (1)) to (4])) obtained from the empirical equations‘([L§| and [20}

Starting with p, which determines the degree of persistence of the productivity process
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Table 2: Persistence and risk parameters

Coeflicient Men Women

Persistence in productivity p 0.555"*  0.433***
(0.095)  (0.068)
Pers. job-specific component 0] 0.156 0.194
(0.205)  (0.346)
SD individual FE o, 0.549**  (0.493***
(0.076)  (0.101)
SD (¥4 +€8j411) Oe 0.117*  0.144***
(0.007)  (0.012)
SD job-specific component Oy 0.542 0.789

(0.510)  (0.850)

*p < 0.1, % p < 0.05, ** p < 0.01

wy, we estimate a value 0.555 (se 0.095) for men and 0.433 (se 0.068) for women|”|
These are considerably lower than those commonly estimated or assumed in the labor
literature, which typically range between 0.7 and 1.0 (for instance, Hall and Mishkin
(1982), MaCurdy (1982), Abowd and Card (1989)), and [Meghir and Pistaferri (2004))).
The magnitude of the estimated persistence parameters often depends on how individual
unobserved heterogeneity is modeled; estimates tend to be lower when more flexible forms
of heterogeneity are allowed (e.g., Browning et al.| (2010)), [Hospido| (2015)), and |Alvarez
and Arellano (2022)). |Altonji et al.| (2013), who estimate the same model, including
random affects, on PSID data, obtain p ~ 0.95. As we will see in Section [7] a lower
structural persistence of general productivity shocks does not preclude the estimation of
high reduced-form earnings persistence.

Another parameter affecting persistence in observed earnings is ¢, which captures the
extent to which employer-match quality carries over after a job switch. We estimate ¢
at 0.156 (se 0.205) for men and 0.194 (se 0.346) for women. Both are statistically in-
distinguishable from zero, implying substantial depreciation of employer-specific capital.
These estimates contrast sharply with the value of 0.7 reported in Altonji et al.| (2013))

Our estimates for the standard deviation of the “ability” fixed effects (o,) (0.55 (se
0.076) for men and 0.49 (se 0.101) for women) are considerably higher than ASV’s,

which finds 0.081[F] Importantly, our estimates are obtained without any functional

12We report the different equations with which we estimate p in Appendix ?7?.

13We normalize the coefficient of the ability fixed effect u; in the latent earning equation to 1 and
report the standard deviation of the fixed effects. ASV, instead, normalize the standard deviation of the
same variable to 1. The 0.081 we report in the text is the coefficient of the ability fixed effect in the

25



form assumption on the distribution of fixed effects.

In our model, latent earnings vary due to innovations in ability, w;, and employer-
match quality, v;; ). We estimate the standard deviation of their combined innovation,
(6¥441 + €5j441), denoted o, with high precision. We find o, = 0.12 (se 0.007) for men
and 0.14 (se 0.012) for women, both well below the 0.29 reported by Altonji et al.| (2013).

The last row of the table reports the cross-sectional standard deviation of the employer-
match quality fixed effects. Although it is not statistically significant, its point estimate
is similar in magnitude to that of o,.

Tables |3| and {] report the parameter estimates affecting transitions to new jobs, as
specified in equations (23), and (25). Table [3| reports the estimated transition
parameters. The term 0, measures the effect of potential offers on the probability of
leaving unemployment, 52 the effect of current earnings on the probability of staying with
the same employer, and 5; the effect of potential offers on the probability of quitting. The
coefficient estimates in columns (2) and (4) for men and women, respectively, display the
impact of these variables on the log-odds ratio of the corresponding probability. Columns

(3) and (5) translate these effects into changes in probability points.

Table 3: Job transition parameters

Men Women
Coefficient Estimate PP change Estimate PP change

(1) (2) (3) (4) (5)

Effect of exp. offer 0y 3.361** 0.80 1.549** 0.34
on Pr(working) (0.177) 0.118)
Effect of exp. offer 5; 3.661** 0.60 2.809*** 0.43
on Pr(quitting) (0.032) (0.032)
Effect of earnings 5y 0.294* 0.03 0.458** 0.05
on Pr(staying) (0.160) (0.179)

*p < 0.1, ¥ p <0.05, ¥** p <0.01

The impacts of expected offers on the probability of leaving unemployment and on
quitting are precisely estimated and have the expected sign. These effects are larger for
men than for women, especially for the probability of leaving unemployment. The impact
of expected offers is greater for quitting than for leaving unemployment, which might be

due to the fact that it is more costly for the unemployed to wait for the next offer, hence

latent earnings equation. The two normalizations are obviously equivalent.
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they might be less sensitive to the salary offered.

The effect of current earnings on the probability of staying is small and imprecisely
estimated, especially for men, where it is statistically different from zero only at the
10% level. This imprecision likely reflects the absence of data on how current employers
adjust pay in response to outside offers and our need to approximate y5,. It also stems
from the survey design: while it elicits responses to potential job offers and acceptance
probabilities, it does not ask how workers would change their probability of staying if

their current employer raised or cut their pay.

Table 4: Individual fixed effects and transitions

Men Women
Coeflicient
(1) @) 3)
Standard deviation of n oy 0.889** 0.581*
(0.381)  (0.308)
Effect of u by -7.064%F* -2 593%*
on Pr(working) (2.216) (1.297)
Effect of n by 1.526 -4.054*
on Pr(working) (5.068) (2.433)
Effect of p b, ~4.750%FF  _3.020%**
on Pr(quitting) (0.845) (1.056)
Effect of p b, -0.590%F*F  -0.292
on Pr(staying) (0.222) (0.399)
Effect of n bg -0.604 -0.999
on Pr(staying) (0.732) (0.870)

Table 4] reports the effects of fixed abilities and mobility effects on transition prob-
abilities: leaving unemployment (first two rows), changing jobs for the employed (next
row), and staying with the same employer (final two rows). We normalize the coefficient
on the mobility fixed effect 7 in the equation for the probability of changing jobs for the
employed to 1.

For men, the coefficients on the ability fixed effects are all negative and highly signif-
icant across the three probabilities. By contrast, the coefficient on mobility fixed effects
are estimated less precisely. However, as expected, the point estimate for leaving unem-
ployment is positive, and the point estimate for staying in the same job is negative.

For women, the ability fixed effects follow a similar pattern but are smaller in magni-
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tude, and the coefficient for staying is not significantly different from zero. The mobility
fixed effects are, similarly to men, negative and insignificant for staying but, unlike for
men, negative and significant for leaving unemployment. The surprising fact that the
mobility fixed effect reduces the probability of leaving unemployment suggests that, in
the case of women, the ability and mobility fixed effects might not be sufficient to cap-
ture the total extent of unobserved heterogeneity, which may also include a (dis)taste for

work. We explore this possibility further in Appendix 77.

7 The role of risk and unobserved heterogeneity

As we mentioned above, the model we have estimated is a rich a complex one. The
dynamics of observed earnings depends on the the dynamics of ability, on the persistence
of job-specific human capital and on selections into and out of unemployment or job
changes. Furthermore, quantifying the persistence and variability of earnings, not to
mention risk, using a cross section with relatively short horizon makes the problem harder
if not impossible with only observational data. Having estimated the parameters of this
model with the help of subjective expectations complemented with actual realizations,
we are now in a position to dissect the various components of this model and get a
better understanding of its dynamic properties. We do this by simulating the estimated
model given the estimates we have. We stress that identification was achieved with a
minimal set of assumptions on the primitives of the model, including the distribution of

unobserved heterogeneity.

7.1 Decomposing the variance and persistence of earnings

We now turn to the relative contributions of risk and unobserved heterogeneity in ex-
plaining fluctuations in workers’ earnings.
Let «; denote unobserved heterogeneity in the form of an individual fixed effect.

Earnings volatility conditional on y;; can be decomposed into a risk component and an
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unobserved heterogeneity componentﬂ

Var(yi,t—i-l ‘ yi,t) = Eai\yi,t [Var<yi,t+1 | Yit, ai) ‘ ym] +

varai‘yi,t [E(yi,tﬂ | Yits ;) | yi,t] ) (31)

where Var(y; 141 | ¥it, ;) is the earnings risk faced by an individual with current income
y;+ and heterogeneity «;. The first term is the average risk among individuals with
income y;;, while the second captures the contribution of unobserved heterogeneity to
Var(yi i1 | i)

One can further decompose the first term on the right hand side of Equation
by taking into account an additional component of unobserved heterogeneity which is

individual-employer-specific and thus can vary over ¢ Cj;():

Var(yir1 | yit) = ECij(t)»ai|yi,t [Var(yi,t—f—l | Vit i, Cijcr)) | yi,t] +
Eai|yi,t (va’rCij(t)‘yi,t’ai [E(yi,t-H | Yit, O, <ij(t)) | yi,t}) +

varai‘yi,t [E(?Ji,tﬂ | Yits ;) | yi,t] . (32)

Here, the first term captures the earnings risk faced by an individual with current in-
come ¥;, fixed effect ;, and employer-specific effect (;;); the second term reflects the
contribution of unobserved heterogeneity from the employer-specific component; and the

third term reflects the contribution of individual ability fixed effects.

Likewise, we can decompose the persistence of earnings W as follows:
IE(y; ; . o
Gl [l 1] ¢ 5
1y

Oln a5 \Yq
E [E(yz‘,tﬂ | Yit, @i)];;—m‘y’t) | yi,ti| .

where E(y;++1 | ¥ir, ;) denotes a reduced form conditional-mean regression of ;.1 on

y;+ and a fixed effect. One can also expand the first term in this equation to separate

For now, we abstract from unemployment risk and restrict attention to workers employed in both
periods t and ¢ + 1. Note that «; differs from p;, and ;) below from v;j4).
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employer-specific and individual-specific time invariant components to obtain:

aE(yi,tJrl | yi,t) OE(yi,t+11Yi,6,Cij (1))
OYi B E [ 0yi.z | yi’t} *
8lnf Cl it Qg
E [E(yi,t-i-l | yi,tv(ij(t))% | ?/z',t] + (34)
Oln f(oyly;
E [E(yi,tﬂ | Yits @i)—{a(ym‘y 3 | yi,t:|

In this expression, the first component represents the contribution of persistence in
earnings after removing fixed effects to overall persistence, the second component repre-
sents the contribution of the individual-employer specific component (;;() to overall per-
sistence, and the third component represents the contribution of the individual-specific

component «a; to overall persistence.

7.2 Implementation and results

We begin by using our model and estimated equations to simulate a panel of individuals.
Because our exercise requires estimating fixed-effects regressions on simulated earnings,
we can simulate a long panel of 100 periods for 10,000 individuals. This allows us to
avoid the Nickell bias (Nickell, [1981) "

To reflect that the probability, in the observed data, of receiving an offer is, on average,
25%, we simulate transitions for employed individuals by setting the value corresponding
to receiving an offer to a large negative number (i.e., no offer) in 75% of cases. This
adjustment prevents overstating employer transitions and their contribution to earnings

dynamics [19]

15Simulations indicate that the Nickell bias becomes negligible after 25-30 periods. However, since our
decomposition involves regressing earnings on employer-specific fixed effects, we require each employer
spell to last at least 25 periods to obtain reliable estimates.

16Tn the SCE, the average self-reported probability of receiving an offer over the following four months
for the employed is around 25%. While we do not explicitly incorporate this question in our baseline
estimation, we have verified that our results do not change substantially if we were to use it to adjust
the self-reported offer probability distributions accordingly.
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Variance. We estimate the following three regressions in our simulated data:

Yo = B3 + By + Béqyz?,t—l + 5;,‘15 (35)
Yie = B8+ Bl Y+ BV + it el (36)
Yix = 500 + 510%,#1 + ﬁzcyiz,t_l + a; + Gy + 8% (37)

We approximate Var(y; ;11 | yi;) by the fitted values of a linear regression of (£4)% on
(yi7t,y§7t). Similarly, we approximate Var(y;¢+1 | ¥it, ) by the fitted values of a linear

regression of (£5)?

on (Yir,y7y), and Var(yier | Yis, i, Gijy) by the fitted values of a
linear regression of (£5)? on (y;4,y7,). We then extract the fitted values of these two
latter regressions, which we denote &2 and & respectively.

We use these to obtain an approximation for Eq,, , [Var(yii1 | ¥is, ) | i) by ob-
taining the fitted values of a linear regression of 45 on (y;, yzt). Likewise, we approxi-
mate Eahgwﬂyi’t [Var(yi,tﬂ | i+, v, Cij(t)) | yi,t] by estimating the fitted values of a linear
regression of A on (yir, y7,)-

By obtaining these two objects—and representing them in Figure [4] alongside overall
earnings variability—we can compute every term in the decompositions of Equations
and , both on average and across different points of the y;, distribution. This figure
displays three lines. The red line refers to variance of next period’s earning conditional on
past earnings and its square as a function of past earnings. The blue line also conditions
the variance of next period’s earnings on individual fixed-effects. The green line also
conditions it on employer-specific match.

The first result from this exercise is that the estimated variance of the earnings process
using the SCE data also shows the nonlinearities in the variance of future earnings as a
function of current earnings that has been previously documented in the literature using
observed earnings (for instance by |Guvenen et al. (2021)). The second important point
is that our decompositions allows us to determine which aspects of our model generate
this non-linearity. The comparison of the red, blue, and green lines, shows that this
nonlinearity is due to the effects of switching employers. Furthermore, the employer
fixed effect also has a large effect on the level of the variance, which is much lower once

one conditions on them. This is an important result showing that most earnings risk
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comes from employment status and employer changes.

Figure 4: Risk decomposition. The term ( represents individual-employer fixed effects,
while « represents individual fixed effects
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T T T
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Table [5|shows the contribution of the components in equation . It shows that most

fluctuations in earnings are related to heterogeneity in the employer-specific components.

Table 5: Risk decomposition, averages of Figure 4| (top) and contributions of individual
fixed effects, employer transitions and employer fixed effects, and remainder (bottom).

Risk Measure  Average Contribution of...
Var(yi1|y:) 0.006 Risk conditional on a and ¢ 29.86%
Var(y1|y, @) 0.006 Heterogeneity in ¢ 62.17%
Var(yealy, , () 0.002 Heterogeneity in a 7.97%

Persistence. To understand the determinants of earnings persistence, we estimate the

following three regressions on our simulated data:

Yit+1 = ﬁ(])j + By + €£+1 (38)
Yirr1 = B8 4 BUyi + i + €5+1 (39)
Yirr = By + By + g+ Vji(t) T Efjm- (40)

With 8P we obtain an estimate of &E(%ﬂ‘ym in equation 1} The estimated B¥,

yi,t+1|y¢,t,ai)

instead, provides us with an approximation of O Dot in the same equation. Finally,
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with 8 we estimate 8E(yi’t+1z‘«)g;i:ai7Cij(t)) in equation . We show the results in Table @

We can also perform a similar decomposition as that for the variance, based on
equation , which we report in the bottom panel of Table @, which shows that the
persistence in employer-specific components also has an important effect in overall earn-
ings persistence. Remarkably, the persistence estimated on (simulated) realized earnings
(0.506) is not very different from the estimate of p we obtain with subjective expectations
data. We also note that, while the data used to generate the estimates in Table[6| are sim-
ulated from the model we estimated, “realized” earnings are exempt from measurement

error.

Table 6: Slope coefficients (top) and implied contribution of different components to
overall persistence (bottom), obtained from simulated data, for different specifications.
T = 100. The three numbers in the right-hand side panel sum to 0.988.

Parameter Value Contribution of...
B 0.988 Individual heterogeneity o 0.115
BB 0.873 Individual-employer fixed effects ( 0.367
B¢ 0.506 Remaining factors 0.506

8 Conclusions

Expectations play a critical role in economic decision-making. Beyond expected values,
the perceived distribution of future outcomes, including uncertainty, shapes individual
behavior. While economists were initially reluctant to quantify subjective expectations,
recent decades have seen significant advances in their collection and use, spearheaded by
scholars such as Manski and collaborators (e.g., Manski| (2004)). These efforts have been
embraced by central banks and other institutions globally, opening the door to novel
analyses of labor market dynamics.

The NY Fed Survey of Consumer Expectations data offer unique richness, capturing
perceptions of future earnings distributions under counterfactual scenarios and the prob-
abilities of discrete events. These data allow us to map model parameters to subjective
probabilities while accounting for fixed effects and measurement error. By combining
subjective data with observed earnings realizations, our framework delivers a nuanced

understanding of labor market risks and choices.
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This paper shows that subjective expectations data—particularly those eliciting be-
liefs over future wage offers and acceptance probabilities—can be used to identify and
estimate rich models of earnings and employment dynamics under weaker assumptions
than traditional approaches. These data provide direct information on counterfactual
outcomes, allowing us to overcome key identification challenges posed by selection and
unobserved heterogeneity.

We show that subjective beliefs, when appropriately measured, contain sufficient
structure to estimate both the latent earnings process and the employment and em-
ployer transition dynamics. Our framework links these expectations to structural model
components using tractable fixed-effects and GMM estimation methods, avoiding the
strong distributional assumptions often required when using realized outcomes alone.

Empirically, we find that the high earnings persistence that we observe comes from
lower risk and persistence of shocks than standard reduced-form estimates suggest, but
more heterogeneity. We show that standard high persistence and volatility estimates
arise from unaccounted employer transitions and heterogeneity, rather than persistent
productivity shocks. Similarly, we find that much of the nonlinear relationship between
earnings volatility and income disappears after accounting for individual- and employer-
match effects. These results underscore the value of the combination of expectations data
in combination with a rich model of employment dynamics for analyzing labor market

outcomes.
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A Model extensions and discussion

A.1 Earnings equations for the unemployed

As we discussed above, we do not need to use the data for the unemployed. However, we

can include them in our estimation procedure as follows.

Earnings expectations for the unemployed. We need to modify our approach
in two dimensions. First, only equation is relevant, as upon employment, they will
draw a new employer-specific match quality. Second, we do not have information on
latent current period earnings y;,. Since we observe earnings in their last job and their
unemployment duration, we can use our model’s equations to infer their earnings evolu-

tion. For instance, if their unemployment duration is one period, recursive substitutions

of equation yield:
y;k,t—i-l - x;7t+17 = Hi = Uigt+1) = P2 (th—l - x;,t—fy — My — Ui,j(tfl)) + pggj,t + gthrl

and because v; ji41) = QV; j¢) + € i(t+1) and v; ji—1) = (1/0)v; ;) — (1/¢)eﬁj(t) can then

re-write equation [18| as follows:

Vort = Y+ (@i — PPig1) v+ (1= %) i+ (60— p*/6) vigy +  (41)

+(0 /D)l ) + P

Future earnings probability distribution for the unemployed. As before,
we need to address the unobservability of current latent earnings. Consistent with the
previous discussion, we can relate these quantities to the last observed earnings. For

instance, if the unemployment spells is one period, we can then write:

—70t+1
L

we = (1/ow) Tha + (_Pz/Uu) Yirq + (xz‘,t+1 — P2$i,t—1)/ (—v/0u) (42)

—pi (1= %) Jou = (¢* = 1) [owvije—1) — (9€j0) + PER) [0

Following the same substitutions used to obtain equation [41] and more conveniently
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Table 7: Summary of notation, part 1

Objects with a data counterpart

v+  Log observed individual earnings
€it Employment status
sit+1  Indicator of job change between ¢t and ¢ + 1
yatt  Point expectation of annual salary of best offer
Tk Multiplicative factor to form bins for probability distributions
reie  Upper boundary of offer bin &
Prii'  Reported probability of offer being in bin &
lpt* Log odds ratio of offer being in bin k
P Reported probability of staying in same job, based on offer k
Pl Reported probability of changing job, based on offer k
prit  Reported probability of starting work, based on offer k&
/el Log odds ratio of changing job, based on offer k
7% Log odds ratio of staying in same job, based on offer k
fie  Log odds ratio of starting work, based on offer k
Zit+1  Additional observables (e.g. employment tenure)
Latent objects
yi;  Log latent individual earnings
y?j 41 Log latent individual earnings if keeping job between ¢ and ¢ + 1
y}’; 41 Log latent individual earnings if changing job between ¢ and ¢ + 1
ee% 41 Value of employment in the current job
ee;t,; Value of employment in a new job
U?”{ 41 Match-specific effect if keeping job between ¢ and ¢ + 1
vit  Match-specific effect if changing job between ¢ and ¢ + 1
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Table 8: Summary of notation, part 2

Model objects

Lbi Individual ability fixed effect

o, Standard deviation of p

M Individual mobility fixed effect

n Standard deviation of n

wit  Stochastic individual productivity
p Persistence of w
e Shock to w

vijry  Match-specific effect

o Standard deviation of v
[0) Persistence of v across job changes
€’ Shock to v
Oc Standard deviation of €7, + €/,
Ou Counterpart of g, for the unemployed
0 . .
J, Effect of current earnings on (log) odds of staying

ot Effect of potential earnings on (log) odds of changing job

o Effect of potential earnings on (log) odds of working (for unemployed)
b0 Effect of 1 on log odds of staying

b Effect of 1 on log odds of changing job

b Effect of i on log odds of working (for unemployed)

bo Effect of n on log odds of staying

bl Effect of  on log odds of changing job

b Effect of 1 on log odds of working (for unemployed)

7y Coefficient on z in earnings equations

o Coefficient of x in transition into employment equation
A0 Coefficient of x in staying in same job equation

o Coefficient of = in job change equation

Simulation objects

oy Individual fixed effect in reduced-form regressions

it Individual-job fixed effect in reduced-form regressions
3(t) ) g
(f ig,c Coefficients in reduced-form regressions

eAB.C  Fitted values in reduced-form regressions

B¢ Fitted values in reduced-form regressions of é%¢ on y
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for the second step estimation we get:

—O0t+1
£

e = (1/ow) Trie + (—02/%) Yirq + (5Ui,t+1 — P25Uz'7t—1)/ (=v/ou) (43)

—pi (1= p%) Jou— (¢ — */9) Jowviji) — (0) e} i) + PE5L) [ Ou-

A.2 Computing future earnings for job stayers

Computing 37?;‘ 4+1- We define the data counterpart for future earnings conditional on
staying with the same employer (so that v; j41) = Vi) as ??: +1- Hence, we can express
it as:

0%

(0F3
Yitr1 = E (yi,tﬂ | Qi Citr1 = €ip = 1,8;041 = 0)

= pyiy + (@i — pxa) v+ (1= p) i + (1 = p) v i) (44)

Two survey questions provide information on 7;,,. The first explicitly asks for a
point estimate of earnings, conditional on maintaining the same employer and working
the same number of hours, 12 months ahead. Unfortunately, its conditioning on constant
hours and its timing mismatch (12 months instead of 4 as in the rest of the questions)
make it less than ideal.

The second question asks about unconditional subjective expected earnings in four
months’ time. We use it to obtain conditional subjective earnings, assuming the individ-
ual keeps the same job. To do so, we begin with the unconditional expectation ¥,, and

derive the conditional expectation as follows

@it = F (ythrl | ta7€lt+1 - ezt 1 Szt+1 - O) Pr (ethrl =1 52t+1 =0 | Q@t,ezt — 1)
+E (yl t+1 | tayez t+1 = €4t = 1 y Sijt+1 = 1) Pr (ez t+1 — 1 Sit+1 = =1 | Qlt7elt 1)

(45)

The first term on the right-hand side represents the 4-month conditional expectation
of earnings, g]?’; 41, given that the individual remains with the same employer. This is

the term we aim at recovering. While g5, is unknown, we can compute it since all
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other expectations and probabilities are observable in the data. Also, we account for
the possibility of self-employment, where the probability is observed, but the income
expectation conditional on self-employment is not. To address this, we exclude self-
employed individuals from our estimates.

To mitigate potential measurement error arising from our procedure for generating
ﬂ?}‘ 41—specifically, the fact that the probability of staying in the same job appears in
the denominator—we will later instrument it using the 12-month conditional question on

staying in the same job, which we described earlier.

A.3 Endogenous selection multinomial model: endogenous self-

selection in both v and w

Employment to employment transitions For the employed workers, the map-
ping with the multinomial model probabilities @D— is not straightforward, even with
the 65 = 64 = 0 simplification. The reason is that, although the log odd ratios (11])-(10]

only depend on one of y}7,, or y;,,, the probabilities will depend on both 7, , and
yg’; 41~ Let us elaborate on this point. For the currently employed we observe:
Pr (Si,t-l—l =161 =1 | (k? - 1) yftf < yil,;;—l <k- @?[,Qz't, Cit = 1)
~ Pr (Si,t-i-l =Legpm =1y =k 70, Qu ey = 1) = Plkyie (46)

for k € {0.75,0.85,0.95,1.05,1.15,1.25}. Equation [46|is the same as equation [21] in the
main text.

One interpretation of is as an average of the model probabilities taken with

0

respect to the distribution of 3;,, conditioned on y;;,, = k- @ftf . Essentially, given

1

Qjt, fixing a value for y; Thus, under this

* ; : ; w v
i+1 s equivalent to fixing €71 + €711y

interpretation we observe averaged model probabilities with respect to the distribution
of £, 1; conditioned on &¥y 4 + &,y

_ . 0% 1% _ 7. =of o
0%y —y [PT <Si,t+1 =1le1 =1 ‘ Yirr1 Yitr1 = k- Yt Qi €it = 1)] (47)
Yit+11Y(1)yi,e 41— Vit
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where

Pr (Si,t—i-l =leu1 =1 | y?,:—&-l?yil,t—f—l =k- y;‘)tfa Qi €it = 1) (48)

ef’fg,ltﬂ'yq +0f (E‘?%)er(fﬂﬂrbgm

1 4 by 0] (R ) +0imitbdm o ool 1y +6790% o b it b3m

The formulation — could be used to estimate the employment to employment
transitions, but the required method would not be a simple linear estimator.

A second interpretation is that the respondent interprets the conditioning in the
question as being exclusively about the match component. Namely, that a “best offer of

E‘—Ofva

Y;; | is understood by the respondent as meaning that €33 is set to:

t+1)
5%(t+1) =k- @?tf - yftf (49)

The way the question is interpreted matters not only for us (the researchers) but also
for the respondent. If she thinks that the statement of a & -7% offer is mostly about her
own productivity in ¢ + 1, there is no reason why she would assign higher probabilities
of changing jobs to higher values of k.

Under the second interpretation, we would regard as an average of model prob-

abilities with respect to the unconditional distribution of 7, ; as follows:

engHly‘Uréf (ngtf ) +5‘115::t+1+blllﬁ‘i +b3mi

” — (50)
R S exf,/t+1’vq+5§’(k'yftf)+5fsﬁt+1+b?m+b§m + ETont Y F O T 10Ty |y HbT pitbEms

Another complication is that we also need Pr (si7t+1 =0,e,m=1]k—-1< ylj;l <k, Qe = 1),

i

which is not directly observable, but satisfies the expression:

Pr (Si,t—l-l = 0, €it+1 = 1 ‘ k < ylj;rl < k — 1, Qit, €it = 1) (51)

Pr (k —1< yi§+1 <k|siti1 =041 =1,Q4,6 = 1) Pr(sipi1 =0,eip41=1[ Qi 50 = 1)
Pr (k; —1< yla_l <k | Qe = 1)

i,

This quantity would be observable if the first term in the numerator could be constructed

from the Bernanke question, which is unclearm The second is the ”percent chance of

TLetting Yi = {Sit+1 = 0,¢€;041 = 1,Q4,¢; 4 = 1} for shortness, the Bernanke question relates to
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being employed at the same employer”. Finally, the denominator can be constructed
from the best offer probability questions.

Granted the above, for the currently employed we would approximately observe:

S

Plryie = Pr <8z‘,t+1 = 0,eii1 = 1| ys =k T, Qi eiy = 1> 7 (52)

which would still require a mapping with the model probabilities similar to — or
(50).
As already pointed out in the main text, a simpler version of the multinomial model

would be one in which there is endogenous self-selection in €}, ;) but not in &, ;. In

t+1)

such case, y;,, would be replaced by 77y, = E (y?:;rl | Qit) and there would be no need

to consider the expectations in or (50). Thus, having the linear equations:

0
-0 Pyt "
iy = In 11—t ( )_ 0 = zt+17 + 52@1015—',-1 + bﬁm + b?ﬂh‘ (53)
P(ryie = Pr)
1
-1 Py
gkit =In 1— ot ( )_ 0 = zt+17 +51 (If y ) ‘f‘b;l“ui +b71777¢ (54)
Piryie — Piryi

for k € {0.75,0.85,0.95,1.05, 1.15, 1.25}.

B Estimation and empirical implementation

B.1 Obtaining the probabilities of staying and transitioning

into unemployment conditional on a given offer

As argued in Section [4] one empirical complication is that we do not directly observe
pe, nor pf%, i.e., the conditional probabilities of staying on the same job or going into
unemployment given a certain job offer indexed by k.

However, we do observe the unconditional probabilities of transitioning into a new

job, staying on the same job and moving into unemployment over the next four months,

Pr(cj—1 < y%H < ¢; | Tit). The connection between the cdf of y} 3+1 and the cdf of y? 41 18 given by:

Pr (yiljzﬂ <r| Tit) = Eﬁl’j(f,ﬂ) [Pr (y?ft‘ﬂ ST —Eugn T (1 =) vij) | Tit)} .
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el

which we denote pf}, 75y and T§% respectively. We also know that it must hold that

D= Z;.]:lpiitﬁzgl for x € {el, €0, ue}.
We assume that the probability of unemployment is concentrated in the lowest part

of the offer distribution. Namely, we assume that there is a threshold kx such that

p, = 1 — pgh, for offers k < k* and p, = 0 for offers k > kx*. De facto, because the

probability for k is discretised, that means that there is usually one intermediate k* such

— kx—1 —Ot+1
that p¢%. — 1 — p¢l.  — pftu_zjzl PiitPrit
ab Prait = Prxit Ot 1 .

B.2 Variance and covariance structure
B.2.1 General minimisation problem

For both the model with exogenous and endogenous selection, in step 2 we estimate
a set of parameters based on the variance-covariance matrix implied by the residuals
obtained in step 1. This variance-covariance matrix incorporates both covariances (across
equations) and autocovariances (across survey waves).

Let y;: denote the residuals from step 1 for individual ¢ = 1, ..., N, equation j = 1, ..., J
and survey wave t = 1,...,T. Let us denote the variance-covariance matrix V.. This
matrix has dimensions J x J x C', where C' > T because we deal with job changers
separately. For our specific case, T' = 3 and C' = 6. We thus define ¢ = 1,...,C such
that ¢ = 1 refers to the contemporaneous covariances across equations, ¢ = 2 refers to
first-order autocovariances for people who stay in the same job, ¢ = 3 refers to first-
order autocovariances for people who change jobs, ¢ = 4 second order autocovariances
for people who stay in the same job throughout, ¢ = 5 second order autocovariances for
people who changed job once and ¢ = 6 second-order autocovariances for people who
changed job twice.

This implies that our estimates of the different elements of this variance-covariance

matrix will be, for example:

N
N 1
Vab1 = N Z YiatYivt (55)

=1
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A

N
1 )
Vape = N ,Zl YiatYirt+11(jCirr1 = 0) (56)

N

Vs = %izlyiatyibt—i-l]l(jci,t—i-l =1) (57)

and so on. We will compute both the values of these variances, covariances and

autocovariances (i.e., all elements of V,;.) implied by our model and those implied by the
SCE data, and our objective criterion is to minimise the distance between both.

Because all of these matrices are symmetric, we can just focus on the lower triangle

of all six J x J matrices.

B.2.2 Sample weights

To weigh the different elements of the variance-covariance matrix, we take into account
that each of the elements in Vabc is effectively a sample mean. We are interested in the
variance of each of the elements in V}lbc. We denote W the matrix that includes all such
variances, i.e., Wy = var(f/abc).

Note that this is different from the variance-covariance matrix of Vabc, which would be
a higher-dimensional object which would include not only the variance of each element in
Vab, but also its covariances. Our focus on Wabc is equivalent to restricting the variance-
covariance matrix in our objective function to be diagonal. This choice also has the
desirable implication that the implied matrix is both invertible and positive semidefinite
because it is diagonal and all of its elements are non-negative.

To see this, think of S; as a vector of all the moments that we aim to match. This
is formed, as described before, of the lower triangle of each of the slices of the matrix
Vibe, 1-€., it contains J x (J+2) x C'/2 elements. The diagonal of the variance-covariance

matrix for 5; is the lower triangle of each of the slices of the matrix Wabc, which has the

same number of elements.

B.2.3 Using sample fourth moments

Because V. is composed of sample means, the variance of each of its elements is W, =

~var(Vae). We compute (with slight abuse of notation, treating c as if it was just time
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periods rather than the combination of time periods and job changes):

N

— 1 .

. 1
Wabc = NUGT(%I;C) = m ;(yiatyibt+c - V;Lbc)2 (58)

B.2.4 Using fourth moments under normality

For numerical stability, in our current results we do not use sample fourth moments, but

rather what those would be under a normality assumption. Namely,

I/Vabc = 2‘212130 + \/ Vaal \/ ‘A/E)bc (59)
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