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Abstract

Whydo employees’ retirement contributions gradually increase throughout their
careers? This paper uses a structural life-cycle model based on household expec-
tations data to explain workers’ retirement contribution decisions. The Michigan
Survey of Consumers data shows that young households extrapolate from their re-
cent income realizations and overstate the persistence and volatility of their future
income. The structural life-cycle model with extrapolative expectations quantifies
the difference in retirement contribution rates compared to rational expectations.
Contrary to rational workers, extrapolative workers’ contributions match the data
on retirement contributions over the life cycle. Consequently, mandating automatic
enrollment yields negligible effects on retirement savings.
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of Sciences, Politických vězňů 7, Prague, Czech Republic, e-mail: marta.cota@cerge-ei.cz
This output was supported by the NPO ”Systemic Risk Institute” [grant number LX22NPO5101].



1 Introduction

Income expectation biases arising from pessimism or optimism may affect the extent of saving,
resulting in lower savings rates than rates predicted by the standard rational model of wealth
accumulation. This paper investigates the effects of income expectation bias on retirement sav-
ings rates over workers’ careers. I build a structural life-cycle model with income forecast biases
that generates patterns of retirement savings plan contributions during a worker’s career.

The structural life-cycle model relies on three findings in the expectation data of the Michi-
gan Survey of Consumers. First, income forecast biases change sign across the income distribu-
tion, moving from pessimistic low-income to optimistic high-income households. I extend the
Michigan Survey of Consumers’ data analysis in Schlafmann andRozsypal (2023) and show that
households extrapolate, basing their income predictions on previous income realizations. Next,
I show that as households age, their income forecast errors decrease. Lastly, I show that house-
holds overstate the probability of losing a job, regardless of age and education level. While all
households overstate persistent income volatility, their income growth expectations differ, sep-
arating pessimists and optimists.

Using the retirement contribution data in the Survey of Consumer Finances, I show that the
liquid-to-retirement savings ratio persists over the life cycle for low- incomeworkers. In contrast,
younger high-income workers keep more than half of their savings in liquid accounts. With age,
high-income workers reallocate their savings to illiquid savings accounts, including retirement
savings. These findings are consistent over time. In line with these findings, Parker et al. (2022)
find steadily increasing contribution rates over the life-cycle, across all cohorts. Usingmodel sim-
ulations, I show that rational expectations do not match these contribution patterns. In contrast,
the extrapolative expectations model, as households learn to correct their biases, they gradually
increase their contributions. Moreover, in line with persistent contribution rates across cohorts
(Parker et al., 2022), I show that retirement plan reforms do not affect contribution rates with
extrapolative households.

I motivate the extrapolation mechanism analytically in a stylized three-period model. Pes-
simistic workers contribute less to their illiquid retirement accounts, and allocate their savings
to liquid accounts that they can tap into. The mechanism works through the fear of being
borrowing-constrained by persistently low income in the near future. On the other hand, high-
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income workers postpone their retirement contributions due to optimistic income expectations.
I reinstate the mechanism and develop a structural life cycle model with extrapolative ex-

pectations and two types of assets, built on Schlafmann and Rozsypal (2023). Workers face
persistent and transitory income shocks and choose when to start and how much to contribute
to their private retirement plans, and how much to keep in liquid savings accounts. Retirement
plans are illiquid and imitate private retirement accounts (such as the 401(k)) in the U.S., and
therefore include employer’s match and tax deferrals. As this paper focuses on the intensive
margin, all workers in the model are eligible to participate in the retirement plan.

I calibrate the income-forecast misperception to match survey responses from the Michigan
Survey of Consumers using the Method of Simulated Moments. The trade-off between saving
for the near future and saving for retirement differs from the rational benchmark case. Pes-
simistic workers are not willing to forego their liquid buffers and hence save less in retirement
savings, regardless of forms of their incentives.1 On the other hand, optimistic workers postpone
their contributions relative to rational counterparts. However, over the work life, both types of
workers catch up with retirement savings by increasing contribution rates towards retirement,
reflecting firm-level data findings (Parker et al., 2022; Choukhmane, 2021).

In contrast to the rational expectations benchmark that predicts decreasing liquid saving
rates across wealth percentiles, my model solution shows that liquid savings from income re-
main flat after the 20th wealth percentile, consistent with empirical findings (Fagereng et al.,
2019; Nardi and Fella, 2017). In addition, differences in retirement savings rates between wealth
quantiles are larger and thus highlight the importance of unrealized capital gains in illiquid re-
tirement accounts. Wealthier workers contribute more to retirement plans throughout the work
lifespan and when capital gains are finally realized, once workers retire, they consume at signif-
icantly higher levels.

After aligning contribution patterns with the extrapolative expectations solution, I test the
implications of the 401(k) automatic enrollment policy, recommended by the U.S. government
in the employer guide2. All employees are enrolled in a plan with automatically, and employers
match their employees’ contributions up to a certain level (typically, up to 3%). Model simu-

1I included tax deferrals and benefit functions of different kinds.
2Published Guidance from the IRS can be found at https://www.irs.gov/retirement-plans/

published-guidance.
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lations show that workers contribute less when approaching retirement and offset their higher
contribution rates at the start of their working lives. As a result, adjustments to retirement ac-
count enrollment do not result in substantial welfare gains.

Voluntary participation savings paths with extrapolative expectations serve as a baseline for
worker behavior and show that automatic participation policy correlates with findings in event
study estimates (Choukhmane, 2021; Goda et al., 2020). Initially, contribution rates increase,
only to remain low to offset the distortion on impact. Consequently, my structural model offers
insight regarding less distorting policies, such as auto-escalating contribution rates in retirement
plans.

2 Related literature

Studies by Grevenbrock et al. (2021) and De Nardi et al. (2009) use life expectancy biases to
motivate retirement saving decisions. In both of these studies, the consumption paths of assets
during retirement are closer to the data than in standard rational expectation models. However,
saving for retirement through retirement contribution accounts adheres to the life-cycle income
path and other savings decisions from the start of the work life. Duarte et al. (2021) build a
rational expectations model with retirement saving portfolio allocation and find that almost all
young workers add to their retirement accounts and invest their savings primarily in equity3.
Contrary to default options, rational workers opt for equity funds and face significant losses
over the life cycle.

In contrast to the rational expectations portfolio choice solution, empirical studies that use
firm-level data find dominantly low contribution rates and default fund choices (Blanchett et al.,
2021; Parker et al., 2022). Contributions are low a few years after the tenure begins, (Choi et al.,
2003; Choukhmane, 2021; Devlin-Foltz et al., 2015). As a result, modeling retirement plan contri-
butions includesmoney (opt-out) costs as a tool for saving for retirement tomatch the retirement
savings patterns in the data (Choukhmane, 2021; Dahlquist et al., 2018; Love, 2006). Moment
targeting produces opt-out that can be immensely high (DellaVigna, 2018).

This paper adds to retirement contribution studies using a behavioral assumption to rec-
3Once the worker chooses how much to contribute, she can opt for a type of fund to invest in: equity,

bonds or a mixed target-date (TDF) fund. TDF is usually set as a default option in retirement plans.
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oncile the dynamics of contribution patterns with firm-level data. The data analysis builds
on that in Schlafmann and Rozsypal (2023) and sets the ground for the structural life-cycle
model. Schlafmann and Rozsypal (2023) focus on future income expectations and find that
people overestimate their future income growth persistence. I find evidence suggestive of ex-
trapolation, adding to evidence from panel data in the U.K. (Cocco et al., 2022) and the Nether-
lands (Massenot and Pettinicchi, 2019). Moreover, data estimates on subjective unemployment
probabilities overstate the actual probabilities across thewhole sample population, adding to in-
creased precaution documented in the data Blundell et al. (2008). Correspondingly, an increase
in idiosyncratic risk shifts beliefs towards pessimism, capturing the mechanism outlined in the
theoretical model of expectation bias in Bhandari et al. (2016).

The model in this paper connects expectation biases to workers’ retirement plan contribu-
tions in the U.S. Recent data findings in Ghilarducci et al. (2018) show that workers extrapolate
from their recent past and adjust their savings to ensure living standards. Moreover, Goda et al.
(2020) show that contribution behavior varies significantly with financial literacy, while behav-
ioral biases such as present bias and exponential growth bias remain insignificant. Similarly, I
highlight the effect of understanding one’s income on yearly contribution rates throughout their
career.

Aligning early retirement contribution behavior often necessitates behavioral assumptions
implying passive behavior, i.e., adding at default rates 4 (Bernheim et al., 2015; Ameriks et al.,
2007; Benartzi and Thaler, 2007). In a dynamic setting, studies incorporating time-preference
biases cannot reconcile the retirement contributions found in the data and often turn to contri-
bution adjustment costs (Choukhmane, 2021; Dahlquist et al., 2018). However, cost estimates
are large and amount to thousands of dollars each year, discussed Choukhmane (2021) and
DellaVigna (2018). The expectation bias in this paper implies staggered contributions early in
the work life across the income distribution, which is explained by extrapolative expectations
driving the delay.

Separating extrapolation from other household characteristics adds to the growing behav-
ioral finance literature. Experimental studies Krijnen et al. (2022) and Goda et al. (2020) argue
that correcting workers’ expectations regarding savings growthmay increase contribution rates.

4The default rate is either set to 0% or 3%, depending on the enrollment regime.
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As time inconsistency and other psychological biases require experimental data, this paper con-
tributes to the literature by explaining passive behavior in retirement saving, based on public
survey data estimates.

Ultimately, connecting income forecast errors to saving choices steps out of the finance lit-
erature that connects portfolio choices and future returns extrapolation (Bordalo et al., 2018,
2019). Adhering to investors’ behavior, a new line of research uses extrapolation to account for
heterogeneity in the marginal propensity to consume, making income expectation biases rele-
vant for fiscal stimulus (Auclert et al., 2020; Choi and Mertens, 2019). In line with these studies,
the model in this paper highlights the difference in the liquid-illiquid saving trade-off between
extrapolative workers and their rational counterparts.

Sticking to liquid savings tools due to pessimism based on past low-income realizations
translates to a negligible reaction to retirement plan adjustments for the bottom part of the in-
come distribution. This explains persistent contribution rates across cohorts Parker et al. (2022)
and ambiguous effects of retirement plan reforms (Choukhmane, 2021; Beshears et al., 2022;
Bernheim et al., 2015). Similarly, the policy exercise with extrapolative workers finds insignifi-
cant effects of automatic enrollment on average retirement savings.

3 Data

3.1 Bias in the income growth forecast

The structural life-cycle model hinges on income expectation patterns in the Michigan Survey of
Consumers data. Mydata analysis adds to previous findings in Schlafmann andRozsypal (2023)
and Das and Van Soest (1999). I incorporate multiple survey questions to establish useful facts
relating to future income misperception and retirement confidence across the survey sample.
Incomemean and volatility forecast errors across household characteristics exhibit patterns that
align with the subjective income process assumption.

Turning to income mean forecast errors, linear regression estimates highlight the impor-
tance of a worker’s position in the income distribution, which consequently implies whether the
consumer is pessimistic or optimistic. Moreover, logistic regression estimates serve as sugges-
tive evidence of extrapolation, in line with other data analyses (Massenot and Pettinicchi, 2019;
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dH́aultfoeuille et al., 2021). Using subjective unemployment probabilities as a proxy for per-
ceived income volatility I argue that workers overstate job separation rates across all education
levels and age groups.

3.2 Constructing expectation errors at the household level

Since households are re-interviewed (once) in the MSC survey, I estimate the bias in income
growth expectations, using the questions

1. ”During the next 12 months, do you expect your (family) income to be higher or lower than during

the past year? ”

2. ”By about what percent do you expect your (family) income to (increase/decrease) during the next

12 months?”

and then compare the answers to realized income responses in the next survey wave. The ad-
vantage of the MSC survey is that it asks respondents to specify their income growth forecast
percentage from 1986-2012. In the second interview, households are asked to report their last-
period income, whichmay be subject to individualmeasurement error5. Since I cannot attain the
objective last-period income value, I use household characteristics to compare reported income
with official income statistics to check for robustness.

After denominating income values to 2010 dollars, I evaluate expectation errors using short
panels, by tracking the household during their re-interview

ϕi,t = ∆Ŷi,t+1

Yi,t
− ∆Yi,t+1

Yi,t
= ĝi,t+1|t − gi,t+1,

where gi,t+1 is the self-reported real income growth for the previous period (previous year) and
ĝi,t+1|t is the expected income growth. The sign of the error implies pessimism or optimism. If
the error is positive, the worker expected a higher income than was realized. The negative error
thus implies a pessimistic future income outlook.

The analysis does not include household incomes lower than the estimated unemployment
benefits aggregated yearly. Moreover, the sample includes households with no change in socioe-

5Schlafmann and Rozsypal (2023) give a detailed explanation regarding the survey data and a compar-
ison to other surveys.
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conomic characteristics, such as family structure and education. Ideally, households would be
responding to survey questions for two consecutive years. However, restricting the sample to re-
spondents re-interviewed during the subsequent year does not change the regression estimates.
Overall, there are 47,000 re-interviewed households, from which 30,000 respondents gave their
first response in June. Specific questions regarding job uncertainty and retirement confidence
came later in the MSC survey; hence, sample sizes vary from 20,000 to 37,000, depending on the
question.

3.3 Forecast error distribution estimates

Figure 1 shows the difference between forecast error distributions for each income quantile. The
mean of the error distribution shifts from left to right, implying a shift from negative to positive
forecast errors or frompessimism to optimism. That is, on the low end of the income distribution
workers expect their income to be lower than it actually is. In contrast, high-income workers are
more optimistic. In addition, a distribution tail comparison shows a larger mass of pessimists in
the first and second income quantiles. Therefore, error distributions shift gradually.

Figure 1: Income growth bias density by income quantile, MSC data
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3.4 Linear regression results

While non-parametric estimates show differences in the error distribution across income quan-
tiles, linear model estimates control for other household characteristics. The income quantile
remains a significant predictor for forecast error while controlling for household characteristics.
Estimates include month and year effects and limit the education variable to only three possi-
bilities, clearly distinguishing between high school graduates, college graduates, and those with
less education. The coefficient next to the income quantile is significant and large relative to
other household characteristics (Table 1). Furthermore, predicted errors at each quantile show
a decreasing influence of income as individuals move up the income distribution (Figure 2).

The majority of regressors are indicator variables, whereas age and age2 are rescaled, fol-
lowing Gelman (2008). This way the regression model does not lose interpretability and the
standard errors are not downward biased 6. As a result, age becomes a significant predictor of
the income growth forecast error 7. Therefore, the structural model incorporates lower errors in
later work life, as a result of deterministic income shape with respect to work experience.

Figure 2: Income growth errors change sign when moving from lower to higher quintiles, MSC
data.

6Reported standard errors are heteroskedasticity-robust.
7Furthermore, estimates of kernel density for separate age bins show that the forecast error decreases

in mean and variance. Estimates are given in the appendix.
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Table 1: Linear Regression Results

Dependent variable:
Income Growth Forecast Errors

q2 0.206∗∗∗

(0.008)
q3 0.286∗∗∗

(0.008)
q4 0.327∗∗∗

(0.009)
q5 0.393∗∗∗

(0.014)
male −0.012∗

(0.006)
no HS 0.039∗∗∗

(0.006)
college −0.046∗∗∗

(0.003)
age −0.156∗∗∗

(0.026)
age2 0.152∗∗∗

(0.034)
1 adult 0.096∗∗∗

(0.005)
> 2 adults −0.035∗∗∗

(0.008)
Constant −0.303∗∗∗

(0.012)
Observations 47,341
Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01

3.5 Probability estimations - extrapolation and overstating income volatility

While forecast error signs are dominantly explained by household income, the fact that house-
holds extrapolate from the near past is not obvious. Current empirical studies find evidence of
extrapolation in households expectations surveys (Massenot and Pettinicchi, 2019; Ghilarducci
et al., 2018). In line with empirical findings, estimates from the MSC data show that households
extrapolate based on their recent income realization (i.e, the income growth error), regardless
of their income level.

During the survey, households are asked to assign probabilities to the rise in personal income
during the next year and evaluate the likelihood of their five-year job retention:
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• What do you think is the percent chance that your income in the next twelve months will be higher

than your income in the past twelve months?

Using the ordered logistic model, I show that the most recent forecast error explains the
worker’s outlook on future income growth. In addition, high-income households are, on av-
erage, twice as optimistic about future income growth. The estimates suggest that individual
income growth expectations depend on previous income realizations, owing to extrapolation
from the nearest past (forecast error in Table 2), while still depending on the whole income
history (income quantile in Table 2).

Table 2: Ordered logistic regression results; households extrapolate from their recent
income realization, MSC data.

Dependent variable:
P(income increase in t+1—t)

sex 0.338∗∗∗

(0.031)
no HS −0.513∗∗∗

(0.089)
College 0.423∗∗∗

(0.034)
errt−1 0.455∗∗∗

(0.053)
age −0.804∗∗∗

(0.033)
1 adult 0.138∗∗∗

(0.040)
> 2 adults 0.019

(0.050)
q2 0.094

(0.066)
q3 0.377∗∗∗

(0.065)
q4 0.399∗∗∗

(0.066)
q5 0.590∗∗∗

(0.069)
Observations 14,710
Note: Controlled for year-effects. ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01
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Next, I use the workers’ job loss predictions elicited in the MSC responses. Comparison of
subjective job loss probabilities to empirical estimates in labor studies show that workers over-
state the probability of losing a job, regardless of age or education levels.

The survey question

• During the next 5 years, what do you think the chances are that you (or your husband/wife) will

lose a job you wanted to keep?

allows for estimation of subjective job loss predictions over the next five years. These esti-
mates define a lower bound for subjective job loss probabilities one year ahead if one assumes a
constant year-ahead unemployment outlook. Comparing empirical estimates from Farber et al.
(2005) to theMSC data estimates implies that households overestimate their job loss probability
(Tables 3)8. In the model, income process misperception includes overstating income volatil-
ity throughout the income distribution9. Before going through the retirement contribution data

P̂ ed < 12 12 ≤ ed ≤ 15 ed > 15
age 25 − 34 0.063 0.060 0.053
age 35 − 44 0.070 0.054 0.051
age 45 − 54 0.056 0.052 0.053
age 55 − 66 0.017 0.039 0.034

ed < 12 12 ≤ ed ≤ 15 ed > 15
0.068 0.052 0.035
0.058 0.043 0.030
0.053 0.039 0.028
0.057 0.039 0.027

Table 3: Left: subjective job loss probabilities from the MSC data, right: empirical esti-
mates (Farber et al., 2005; Love, 2006).

findings, I outline expectation assumptions that generate the error patterns in the MSC data. I
relate the pattern in income growth forecast errors to the model similarly to Schlafmann and
Rozsypal (2023), by assuming the misperception in the auto-regression coefficient λ.

8The estimates do not include NBER recession years.
9Of course, the income quantile does predict the probability stated in the survey. However, the proba-

bility is still higher than the true one.
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3.6 Relating forecast errors to the model

The extrapolative expectationsmodel hinges on expectation patterns in the data. The incorrectly
perceived income process separates between low-income pessimists and high-income optimists.
Throughout their career, agents can change their outlook based on their income history. That is,
the subjective life-cycle income process incorporates three facts:

1. income level expectations transition from pessimistic on the left part to optimistic on the
right part of the income distribution

2. persistent income volatility is overstated across all workers

3. workers extrapolate from their recent income realizations.

The structural model assumes that the true income process satisfies

Yit = AiG(t)ΓitPit, log Ai ∼ N (µα, σ2
α), Γit ∼ log N

(
− σ2

Γ

2 , σ2
Γ

)
,

where log Pit follows an AR(1) process

log Pit = λ log Pit + ξit, ξit ∼ N (µξ, σ2
ξ ).

Given the true income process, assume that agents mispercieve the persistence of their income,
regardless of their age or individual effects. This implies

Ŷit = AiG(t)ΓitP
λ̂
it =⇒ ÊtYi,t+1 = AiG(t)P λ̂

i,t, (1)

whereas rational agents know the true income process, so

EtYi,t+1 = AiG(t)P λ
i,t. (2)

λ̂ implies the perceived log-income process

yit = αi + g(t) + pit + γit and pit = λ̂pi,t−1 + ξit, ξit ∼ N
(

µξ, σ2
ξ

)
, γit ∼ N

(
µγ , σ2

γ

)
.
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The differences in expected and realized income are

E∗
t [yi,t+T ] − E[yi,t+T ] = E∗[pi,t+T ] − E[pi,t+T ]

= (λ̂T − λT )(pi,t − µξ), ∀T

and change depending on
pi,t ≶ µξ.

For a large enough realization of persistent income, the subjective future income is higher than
the rational one, i.e., the agent is an optimist. In contrast, if persistent income is sufficiently
low, the agent becomes pessimistic and expects lower future income. Given that the persistent
component is a sum of all previous income realizations, the worker may change their outlook
over their career.

Following theMSCdata evidence on unemployment probability pessimism among all work-
ers, the structural model includes the persistent component volatility. The data shows that all
workers overstate their persistent income volatility, regardless of age or other characteristics. In
model terms, using the AR(1) persistent income process

pit = λ̂pi,t−1 + ξi,t, ∀t = 1, . . . , Tret − 1,

where λ̂ > λ implies the income growth forecast errors in expression (1), conditional volatility
satisfies, ∀t = 1, . . . , Tret

Vt

[
pt+T

]
= σ2

ξ

1 − λ2T

1 − λ
< V̂t

[
pt+T

]
= σ2

ξ

1 − λ̂2T

1 − λ̂
,

regardless of the previous realization of pt.
For T = 1 and λ̂ = λ + ε < 1

Êt

[
pi,t+1

]
− Et

[
pi,t+1

]
= λ̂pi,t − λpi,t

= ε

( t−1∑
s=0

λ̂t−sξi,s + λ̂tpi,0

)
, (3)

Thus, persistent income realizations determine the sign of the difference, separating pessimists
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from optimists, and corresponding to the infinite horizon outlook in Schlafmann and Rozsypal
(2023). Differences in signs alignwith empirical separation of optimists and pessimists based on
the income distribution position and the effect of recent income realization on income outlook.
Over the life cycle, the deterministic component outweighs the persistent one when considering
the income level. As a result, the model forecast error accounts for heterogeneity over time
without imposing ad hoc constraints on the income process.

The two stage calibration of the lifecycle model entails calibrating λ̂ using the MSC income
growth error data. Calibration procedure is explained in detail in the next section. The estima-
tion is robust to income growth error outlier specification and always yields λ̂ > λ.

3.7 Calibrating the income growth bias (λ̂)

Since the MSC does not include panel data, I use the stand-in values for the income process
parameters in the Panel Study of Income Dynamics (PSID) data10. The deterministic income
growth parameters follow estimates in Cocco et al. (2005), satisfying the typical hump shape of
workers’ income over their life cycle. The stochastic part of the income process contains both
transitory and persistent components, so I use the estimates in Storesletten et al. (2004). Specifi-
cally, the true persistence parameter is set to 0.972. In this way, true λ = 0.972 becomes the lower
bound for mispercieved λ̂ 11

The parametrized income process

yi,t = αi + const. + g1t + g2t2 + g3t3 + pi,t + γi,t, and pi,t = λpit + ξi,t (4)

is defined with Each grid element λ̂ defines the objective function for income persistence bias

Table 4: Income process parameter values.

σ2
α const g1 g2 g3 σ2

ξ σ2
γ λ

0.27 -2.1700 0.1682 -0.0323 0.0020 0.0737 0.0106 0.972 .

calibration. The Method of Simulated Moments minimizes the difference between simulated
10Schlafmann and Rozsypal (2023) show that objective income growth rates from the PSID align with

patterns in the MSC.
11Different estimates in the literature reproduce contribution patterns fairly well. That is, model solution

does not depend on the change in the parameter values.
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income forecast errors implied by the current λ̂ and 4, and the empirical income growth forecast
errors in the MSC data.

That is, for each income quantile, the perceived persistence parameter minimizes the mean
forecast error. Each gridmember represents the sample’s income error forecast. After taking out
age effects, the residuals are used as the dependent variable in a linear regression that makes
predictions for income growth forecast errors, at a given income quantile. This way, simulated
residuals correspond to the income forecast error in the data and define a loss function.

The calibration includes 50 000 households with separate income processes. The loss func-
tion is

L(λ̂) =

√√√√ 5∑
i=1

wi

(err(λ̂)qi
− err(λ)qi

)2
, (5)

where wi is the weight of a given quantile, and is inversely proportional to the life-cycle variance
of the each income quantile.

The optimal λ̂ = 0.99minimizes the loss function at the valueL = 0.0007. Calibration results
do not depend on the outlier criteria for empirical forecast error data. Moreover, results do not
depend on the choice of the grid for λ̂ and yield λ̂ > λ. Most importantly, quantile-based forecast
error means change sign from low-income (pessimistic) to high-income (optimistic) quantiles
(Table 5).

Table 5: Mean income growth forecast error by income quantile for true λ and mis-
perceived λ̂.

mean error quantile q1 q2 q3 q4 q5

λ = 0.972 -0.1230 -0.0039 0.0506 0.0831 0.1314
λ̂ = 0.99 -0.0881 -0.0106 0.0255 0.0407 0.0326

3.8 Retirement contributions data

The model relates income expectations to retirement contribution patterns in the data. Using
public datasets, I outline two relevant facts of a contribution plan take-up in the U.S. First, the
number of low-income workers eligible for a 401(k) plan is persistently increasing (Figure 3,
Bureau of Labor Statistics data). Second, at the same time, low income workers tend to keep
their savings in liquid accounts even when approaching retirement (Figure 4, the Survey of

15



Consumer Finances data). Only recently, the U.S. Government instructed employers to allow
part-timeworkers to open up a 401(k) account. Among full-timeworkers, the number of eligible
workers in the BLS has increased over the last couple of years. Nevertheless, only 30% of low-
wage workers have access to this type of account (Figure 3).

Figure 3: Workers eligible for 401(k), wage quartiles. Bureau of Labor Statistics data.

This paper focuses on the intensive margin and considers workers who are eligible to par-
ticipate. Specifically, the life cyclemodel aims to capture the differences between rational and ex-
trapolative expectations savings paths, in both liquid and illiquid retirement accounts. Expectation-
driven savings paths generate the liquid savings share at the cross section. The paper assesses
the performance of each expectations model by comparing liquid savings ratio to it’s empirical
counterpart. Therefore, the relevant datameasure is the share of liquid savings in overall savings
accounts, across age groups. Following Bhutta et al. (2022), liquid savings include transaction,
checking and savings accounts together with directly held stocks, bonds and other financial
assets. Controlling for worker demographic and financial characteristics12, figure 4 plots the
predicted share of liquid savings in all savings accounts against wage percentiles.

Figure 4 shows that the share in liquid savings remains substantial throughout the work life
of low-to-middle-income workers. The flattening at the right end of the wage distribution with
younger workers provides suggestive evidence for optimism-driven retirement saving delay. In

12Experienced bankruptcy, foreclosure, debt payments, real estate equity amount etc.
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Figure 4: Share of liquid savings in overall savings by age group and wage percentile. Survey of
Consumer Finances data, own calculations.

contrast, low- andmiddle- incomeworkers draw resources from liquid savings, at the expense of
attaining higher returns in illiquid accounts. Overall, the share remains high towards retirement,
amounting to 40% just before retirement age.13 That is, the data shows that workers tend to stick
to their liquid savings and decrease their liquid savings share only slightly before retirement.

In explaining the high share in liquid savings, this paper’s narrative relies on income growth
expectations. In reality, low retirement contributions may not only be driven by income growth
misperceptions across the income distribution. Taking care of housing is an example of a retire-
ment saving delay. The MSC data analysis in the appendix supports abstracting from housing
in the structural model. First, the retirement confidence measure does not vary significantly
with home ownership. Moreover, it does not vary with home value. Renters and homeowners
perceive their retirement equally.

The average worker pays off their mortgage for 30 years after buying the house. The model
interpretation viewsmortgage and othermandatory payments as parts of the spending plan that

13I repeat the analysiswithworkers that owndefined contribution accounts - the fitted lines acrosswealth
percentiles retain similar shape.
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in turn requires liquidity. The pessimistic worker understates future income and saves more to
ensure liquidity. Consequently, the paper makes the case that homeowners and renters ensure
liquidity in the same manner.

4 Three-period model

The stylized version of themodel analytically proves that pessimism affects the decomposition of
agents’ savings (liquid-to-illiquid savings ratio). Pessimism induces workers to reallocate their
savings from illiquid to liquid accounts.

Each agent is endowedwith y1 in period one and decides howmuch to consume and allocate
to their savings accounts, liquid (s1) and illiquid sR

1 . 2nd period income follows a Bernoulli
distribution

y2 ∼

yL yH

p 1 − p

 , yL < y1 < yH .

Agents can allocate part of their 2nd period resources to liquid savings b2 and consume the rest.
In the third period, agents consume what they saved from both liquid and illiquid assets. When
optimizing, agents form subjective expectations about the second period income. Pessimists
assign greater probability to the bad outcome yL, so

Ê[y2] = p̃yL + (1 − p̃)yH , p̃ > p.

The maximization problem is

max
s1,sR

1 ≥0
u(c1) + E[u(c2) + u(c3)] such that c1+s1 + sR

1 = y1,

c2 + s2 = y2,

c3 = RsR
1 + s2,

where u(c) = c1−γ

1 − γ
.

Upon realization of the 2nd-period income, all uncertainty is resolved. If the agent does not
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run down her liquid assets, she is able to divide resources evenly across period 2 and 3, choosing
s2 = yH + s1 − Rsr

1
2 so that c2 = c3. However, if she is constrained, s2 = 0 and she consumes

cL
2 = yL + s1. During retirement, she consumes retirement savings RsR

1 , where R > 1. Given all
the assumptions, two lemmas hold:

Lemma 1. If R < (1 + R
γ−1

γ ) and y2 = yH =⇒ borrowing constraint does not bind (i.e., s2 > 0, in

the high income state).

Lemma 2. If the agent chooses to allocate to both liquid and illiquid savings and R ̸= 1, the borrowing

constraint binds in the low income state yL.

Agents know that theywill be constrained in the low income state. Assume that agents aren’t
”too hungry” in the third period in the low income state (u′(cL

3 ) ≤ 2u′(cH
3 ) =⇒ cL

3 ≥ cH
3

2γ ) for
fixed 1st period allocations s1, sR

1 . Then, using the implicit function theorem it can be shown
that the following result holds.

Proposition. Suppose that retirement savings exhibit greater returns than liquid assets, R > 1, but are

not too large, satisfying R < (1 + R
γ−1

γ ). Define s1(p) an sR
1 (p) as optimal liquid and illiquid savings.

Given that the uncertainty in second period income is large enough, s1(p) > 0, the following inequality

holds:

∂s1

∂p
> 0 >

∂sR
1

∂p
.

That is, an increase in pessimism (assigning p̃ > p) implies an increase in liquid asset holdings, and a

decrease retirement savings.

5 Full life cycle model

Pessimism reinforces precautionary motives analytically in a three-period simple version of the
model. The full life-cycle model exhibits more trade-offs due to multiple sources of income
shocks and a longer time horizon. The model solution therefore relies on computational meth-
ods. The computational solution uses a transformation of the two-dimensional endogenous grid
method, allowing for faster computation (Druedahl, 2020). This section outlinesmodel assump-
tions and potential trade-offs workers face throughout their career.
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5.1 Defined contribution account

The retirement account represents the private contribution account 14, including 401(k) and
403(b). All workers are eligible to open the DC account. A contribution rate choice dt entails
transferring dtyt to the DC account. The benefit function incentivizes small deposits 15

h(dtyt) = χ log(1 + dtyt), ∀t ≤ Tret.

Retirement savings can be used only once the worker retires. Assets in the DC account exhibit
a return Rb, which is assumed to be higher than the standard deposit account return. Let bt

denote assets in the DC account after contribution dtyt. The law of motion for bt is

bt = Rbnt−1 + dtyt + h(ytdt), ∀t = 1, . . . , Tret − 1.

bt is the amount of savings after the contribution is made; thus it as a post-decision variable,
whereas retirement account at the beginning of the period is denoted with nt (pre-decision vari-
able). Different timing notation connects the numerical solution method to Druedahl (2020).

Setting up an account does not yield any costs and may be postponed to a later point in the
work life. The minimum contribution rate is set out to be 0%, thus equals the minimum rate for
401(k) in the U.S. The maximum contribution rate is fixed throughout the work life following
the U.S. regulation, and corresponds to a specified dollar amount each year:

dtyt ≤ m.

Participation in theDC account is voluntary, allowing all employees to catch upwith their contri-
butions as they approach retirement. Workers cannot, however, opt-out and take the resources
once they have created an account. 16. As a result, when optimizing, the worker chooses be-
tween consuming out of assets when retired and being able to tap into the liquid account in case
of an income shock. The pessimistic outlook of low-income workers incentivizes delays and low

14Abbreviated as DC account.
15Model estimates in section 6 take the smooth approximation of the step function used in a standard

401(k) employer-employee matching schedule.
16In the U.S., the worker can take money from the 401(k), albeit with a penalty of 10% of all illiquid

savings. Correspondingly, SCF data shows an insignificant amount of withdrawals.
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contributions in retirement plans.

5.2 Liquid savings account

A standard saving instrument is a liquid account with the return the Ra < Rb on accumulated
liquid assets at. Lower return of liquid assets encompasses the fact that retirement accounts
are tax-deferred. Liquid savings fund current spending and can be accessed at any time. The
volatility misperception has the same effect on optimists, up to a point where the income level
bias effect outweighs the volatility bias effect. Following Druedahl and Jørgensen (2020), the
model solution separates pre-decision liquid assets mt (cash on hand) from the post-decision vari-
able at.

5.3 Retiree’s problem

Retirement age is deterministic Tret. A defined contribution account is an additional liquid re-
source throughout retirement. That is, accumulated savings in the DC account are paid out as
annuity payments yan. The amount left after the annuity payment does not exhibit a return.
Because not all workers invest in retirement accounts, a retirement benefit is provided, b̄. The
retiree’s problem boils down to a standard consumption saving problem, conditional on having
assets in the DC account:

max
{ct,at≥0}

u(ct) s.t. ct ≤ mt − at

mt+1 = Raat + 1{DC}yan + (1 − 1{DC})b̄.

5.4 Worker’s problem

While employed, workers receive labor income yt at the beginning of the employment year and
choose the allocation of liquid savings at, retirement contribution dt and consumption ct, bring-
ing utility

u(ct) = c1−γ
t

1 − γ
.

Workers face a persistent and a transitory shock each period. Subjective workers do not fully
understand their income process and extrapolate from previous income realizations, whereas
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rational workers perceive their income correctly. Problem equations hold for both rational and
subjective expectations, commonly denoted with Et.

State variables are current labor income, cash on hand at the beginning of period and accu-
mulated retirement savings (pt, ξt, mt, nt). Cash-on-hand consists of accumulated liquid savings
and current labor income yt = αi + gi,t + λpi,t + γi,t together:

mi,t = Raai,t−1 + yi,t.

Throughout the rest of the paper, subscript i is omitted.
The indicator function tracks DC account participation:

∀t = 1, . . . , Tret − 1, zt =


1; has DC acc

0; no DC acc
.

Opening the retirement account is a one-time decision, i.e.:

Z(zt−1) =


1 , zt−1 = 1

{0, 1} , zt−1 = 0.

Each worker maximizes the value function that is the maximum of two conditional value func-
tions. If she did not start contributing, for zt−1 = 0

V (0, pt, ζt, ξt, mt, nt) = max
z∈{0,1}


vt(1, pt, ζt, ξt, mt, nt),

vt(0, pt, ζt, ξt, mt, 0),

or the worker already contributes, so zt = 1 and

vt(1, pt, ζt, ξt, mt, nt) = max
0<dt≤1,ct≥0

u(ct, dt) + βEt

[
Vt(1, pt+1, ζt+1, ξt+1, mt+1, nt+1)

]
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such that

ct + ytdt ≤ mt − at

bt = Rbbt−1 + ytdt + h(ytdt)

mt+1 = Raat + yt+1.

If the worker postpones DC participation, she chooses her consumption and liquid assets to
transfer to the next period, earning return Ra and reconsiders adding to retirement savings in
the next period.

vt(0, pt, ζt, ξ, t, mt, 0) = max
ct,at≥0

u(ct) + βEt

[
Vt(0, pt+1, ζt+1, mt+1, 0)

]
such that

ct ≤ mt − at

mt+1 = Raat + yt+1

Interior solution to the DC participant problem satisfies

c1−γ
t

1 − γ
= βEt

[
vm,t+1

]
dtyt = χ

RaEt

[
vm,t+1

]
− RbEt

[
vn,t+1

] . (6)

Expression 6 represents the trade-off workers face each period. Contribution rate increases with
benefits χ, and decreases whenever the current marginal value of liquidity exceeds the marginal
value of saving in retirement. Pessimistic expectations overstate low income realizations and
thus increase the marginal value of liquidity, which drives the difference between rational and
subjective savings paths. However, as the worker approaches retirement, the value of adding to
the retirement plan increases.
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Table 6: Maximum contribution limits - calibrated thresholds.

Dollar terms Amount Percentile
2015 $ 18 000 0.08

24 000 0.135

6 Estimation

The model estimation follows two steps. The first step uses sample estimates of the income
process in the PSID data (Cocco et al., 2005), and calibrates the income growth bias using the
MSC forecast errors at every income quantile.

The benefit function matches the amount added to the retirement savings account, approxi-
mating thematching schedule in the employer-employee level data (Parker et al., 2022; Choukhmane,
2021; Beshears et al., 2020). Yearly contribution thresholds are calibrated to match the income
process in the MSC data.

6.1 Contribution match schedule

Contribution limits correspond to the cap given byU.S. law in $2015 terms. In 2015 themaximum
contribution amount was $18000 for workers under 50 and $24000 after. Each threshold corre-
sponds to the sample percentile in the MSC income data. Both percentiles from the simulated
income sample of 10000 agents using the parametrized income process serve as the constraint
in the model (Table 6).

Finally, the contribution function h(ytdt) corresponds to the matching schedule among U.S.
employers. Most employers match their employee contribution rate up to 6% of wage. That
is, as long as the worker contributes less than 3% of her wage, her employer will match with
the same amount. If the contribution rate is higher than 3%, her employer matches with 3%

of the employee’s pre-tax wage. In the baseline case, 3% is the default rate and is a subject of
the policy change in this paper. Since the benefit function is a smooth approximation for the
employer matching schedule, the parameters are pinned down via curve fitting (Table 7).

h(dt, yt) = χ log(adtyt + b)
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Table 7: Benefit function parameters approximation.

χ a b

0.34 5.63 1

6.2 Other model parameters

The retirement savings return corresponds to the average return of a standard life-cycle fund,
which is known to be the default and most popular choice among 401(k) contributors (Mitchell
et al., 2006; Parker et al., 2022). The return on liquid assets incorporates a tax differential, since
gains on 401(k) savings are tax-deferred. The rest of the model parameters correspond to stan-
dard values found in the literature.

Once simulated, consumption and savings paths define the calibration objective for the risk
aversion parameter, as preferences are independent of the income expectations formation (Table
8).

Table 8: Fixed parameters in the model.

Fixed parameter Source Value
β Cocco et al. (2005) 0.98

Tret Love (2006) 70
T Love (2006) 90
Ra exogenous parameter 1.02
Rb target-date fund performance average 1.04
γ calibrated to match illiquid-to-liquid ratio in the SCF 3.7

7 Solution method

The worker’s function is non-convex due to opting into the retirement account. I solve the prob-
lem by utilizing the model’s upper-envelope property, where the consumption choice is solved
independently of the contribution choice. The upper envelope defines values comparable across
workers’ DC participation choices. The solution algorithm uses the endogenous grid over as-
sets;17 thus, it is computationally faster. For a fixed contribution rate, the worker consumes out

17The model solution builds on Druedahl (2020) and allows for both the persistent and transitory com-
ponents in the income process.
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of her net labor income and current liquid savings.
The next section shows the shape and differences in policy functions across the income dis-

tribution. The key finding - the consumption and savings plans differences between subjective
and rational workers are outlined with life-cycle simulation comparisons after.

7.1 Policy functions

Consumption and savings are functions of current lliquid and illiquid account balances. In fig-
ures 5 and 6, the left axis represents current liquid savings, while the right axis represents current
retirement savings. For a fixed level of income persistence, each plane represents consumption
and contribution rates. Different income quantiles are represented as different figures and are
labeled as low- and high-income, respectively. The difference between rational and subjective
worker policies lies in the shape and level of the policy plane, which is shown in the appendix.

As shown in figure 5, young low-incomeworkers (left) consume less than their high-income
workers (right).

Figure 5: Rational expectations consumption policies for first (left) and fifth (right)
income quintile.

Figure 6 depicts differences in contribution rates between low- and high-income youngwork-
ers. Low-incomeworkers are only incentivized to contribute more to retirement accounts if they
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Figure 6: Rational expectations, contribution rate policies, for first (left) and fifth (right)
income quintile.

are low on retirement savings, whereas high-income workers contribute at higher rates even for
substantial retirement saving levels.

27



7.2 Rational and subjective worker - comparison

In the remaining part of the paper, all simulations compare the subjective expectations solution
(E∗) to the rational expectations (E). Consumption and savings policy differences between ra-
tional and subjective workers accumulate over the life-cycle, and overall have a different effects
on retirement savings. On average, subjective workers save less in retirement accounts, and rely
on liquid savings instead (Figure (7), left). In addition, subjective workers consume less than
their rational counterparts only to consume more once their income level bias overcomes the
uncertainty misperception (Figure (7), right).

Figure 7: Liquid savings (left) and consumption (right) paths comparison for bottom 25%-
income workers.

Even though the calibration targets liquid-to-illiquid assets ratios, subjective expectations so-
lution aligns with the data on contribution rates over the work life (Choukhmane, 2021; Parker
et al., 2022). Contribution rates increase steadily only to decrease just before retirement; Fig-
ure 8 contains dotted yearly contribution rates, averaged on a smaller sample of ”middle class
investors” from financial institution data in Parker et al. (2022). In general, subjective expecta-
tions substantiate a slow increase in contribution rates over theworking period, whereas rational
workers decrease their contributions over thework life. Further analysis shows that, correspond-
ing to Parker et al. (2022), the steady increase in contributions show up regardless of the initial
income.

At the bottomof the incomedistribution, rationalworkers keep their contribution rates lower
and do not change over the work life (Figure 9, red line). In contrast, pessimists delay their con-
tributions at the start of the work life, only to increase their contributions after (Figure 9, green
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Figure 8: Contribution rates at themean of the incomedistribution, rational (red) and subjective
(green) life cycle paths.

line). That is, subjective workers slowly increase their contribution towards the end of work
life. Due to the data unavailability on contribution rates for low-income workers18, subjective
expectations solution establishes important facts for low income workers - even though there is
a delay in contributions, this delay is offset by increased contributions later on in the work life. A
few years before retirement, workers decrease their contributions due to lower incentives once
the retirement year is closer, corresponding the bottom tercile estimates in Parker et al. (2022).

18Parker et al. (2022) outline their estimates for middle class workers using the data from a financial
institution. Their analysis for the bottom tercile supports the findings in this paper.
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Figure 9: Rational (red) and subjective (green) lifecycle contribution paths for bottom 25%.

7.2.1 Liquid-to-illiquid savings ratio across the work life

In addition to contribution rates, subjective expectation model performs well in fitting liquid-to-
illiquid savings ratios to SCF data estimates throughout workers’ careers. In contrast, rational
expectations model understates liquid savings across the life cycle. Throughout this section I
compare savings ratios to SCF data estimates from the first part of the paper (Figure 4).

Figure 10 depicts savings ratios across wage percentiles for the two models, for workers age
45-54. Subjective expectations capture the shape and slightly overstate savings ratios in compar-
ison to SCF data estimates for the same age group (Figure 4, top panel, right graph). Moving
one cohort up (Figure 11), subjective expectations capture the ratios even better, bothwith shape
and size (Figure 4, bottom panel, left graph).

Subjective expectations and saving rates implications

The effects of extrapolation are also attributable to saving rates findings in the data. Specifically,
Fagereng et al. (2019) find that the net saving rate (i.e., liquid savings from income) remain flat
from the 20th wealth percentile onward. Subjective expectations simulations support this em-
pirical fact, whereas rational expectations imply increasing the net saving rate across the wealth
distribution (Figure 12, left). Extrapolative expectations generate wealthy workers with incen-
tives to save, due to the mispercieved volatility of income.

Including gross saving rates (i.e., savings that include retirement accounts), extrapolation
implies a larger difference between the two saving rates across the wealth distribution, (Figure
12, right), which is consistent with empirical findings on capital gains differences across the
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Figure 10: Savings ratios for workers age 45-54, model simulations. Rational expectations; left,
and subjective expectations; right.

Figure 11: Savings ratios for workers age 55-64, model simulations. Rational expectations; left,
and subjective expectations; right.

wealth distribution. In contrast, rational expectations solution exhibits stark differences even for
the bottom 20% of the wealth distribution, which is not supported in the data (Nardi and Fella,
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2017; Fagereng et al., 2019)19. Even when all workers are eligible to contribute, the disparity
in gross saving rates across the wealth distribution highlights the effect of unrealized capital
gains in retirement accounts. These gains materialize once workers reach retirement and affect
retirement consumption inequality.

Figure 12: Net and gross saving rates, rational expectations (RE, left) and subjective expecta-
tions (E∗, right) simulations.

All agents in the model are eligible to save in employer-matched retirement accounts. Even
with the default rate and employer matching, subjective expectations create a lack of incentives
to save in retirement accounts. However, the increased eligibility and growing interest in re-
tirement savings incentives provides a foundation for specific policy evaluation that may reflect
workers’ responses.

8 Policy experiment - automatic enrollment

As a way of ensuring retirement security, automatically enrolling workers into their retirement
plans has been encouraged by U.S. legislation. The majority of empirical studies estimate dif-
ferences between two types of enrollment: active enrollment, in which workers actively choose
to begin contributing to their 401(k) (benchmark model), and automatic enrollment, which en-
rolls workers automatically. Employers can thus add 401(k) accounts in their employees’ names

19Since future spending plans (including mortgage, rent, etc.) draw out of liquid savings, liquid savings
rates high.
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through automatic enrollment.
The long-term effects of automatic enrollmentwith default rates cannot be evaluated, simply

due to the recentness of the policy introduction, and the resulting findings discuss the short-term
effect (5 to 7 years after the enrollment). With the exception of Choukhmane (2021), this paper
tests the potential effects of automatic enrollment throughout the work life. The default rate set
remains at the standard and is 3%, leaving workers to adjust their contributions without any
costs.

Only in the first year of employment do employersmake the contribution inworkers’ names.
Given that the subjective expectations model recreates the patterns in contributions found in
microdata (catching up, increasing contributions, starting with low contributions), I test for
policy effects with workers who extrapolate. Policy tests imply that automatic enrollment has
an insignificant effect on retirement savings right before retirement.

Figure 13 shows rational and subjective workers’ consumption and savings paths across the
life cycle. Subjective workers maintain their liquid buffers and thus consume less. Aside from a
decrease in consumption due to the exogenous default rate in the first year of tenure, differences
between the two expectation solutions remain the same.

Figure 13: Rational (RE) and subjective (E∗) liquid savings and consumption under auto-
enrollment.

Even though consumption and liquid savings initially adjust to the automatic enrollment,
retirement contributions in later work life are offset by the initial increase. Knowing that they
need to add substantially more than preferred in the first year of tenure, workers offset first-
year contributions by delaying their contributions and, ultimately, catching up with a slightly
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lower contribution rate towards the end of th work life (14, right). On the other hand, rational
workers do not change their savings paths because they are already responding to incentives in
the voluntary setting.

Figure 14: Rational (RE) and subjective (E∗) retirement savings under auto-enrollment,bottom
25%.

8.1 Subjective workers under auto-enrollment

Comparing subjective workers’ savings paths across voluntary and automatic enrollment ren-
ders the effect of auto-enrollment negligible. While voluntary contributions remain flat (non-
existent) at the beginning of tenure, automatic contributions decrease right after the initial con-
tribution made in the worker’s name (Figure 15, bottom right plot). Therefore, contribution
rates increase steadily. Moreover, liquid buffer amounts remain high (Figure 15, top right plot),
in line with empirical findings on the insignificant effect of auto-enrollment on other financial
decisions (Beshears et al., 2022).

Specifically, even though contribution rates are higher for all levels of liquid and illiquid
savings (Figure 16, points in green), they are later offset, and the contribution under voluntary
policy prevails (points in red). In sum, automatic enrollment has short-term positive effects,
whereas long-term contributions decrease in comparison to voluntary contributors savings rates.

Table 9 shows the effect of automatic enrollment on retirement savings in the last year of
tenure, for each quantile of the income distribution. Even though the average effect is negligible,
the income quantile-breakdown shows a larger increase in retirement savings for bottom 50%
of wage-earners (Table 9). Therefore, the size of the welfare effects varies with social planner
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Figure 15: Subjective (E∗) solution under voluntary and auto-enrollment setting.

Figure 16: Simulated contribution rates under automatic enrollment, subjective expectations
(E∗).

preferences.

q1 q2 q3 q4

retirement savings increase (%) 3,75 3,9 2,2 1,8

Table 9: Retirement savings increase under automatic enrollment.

Finally, figure 17 shows consumption differences in retirement for workers of different earn-
ings paths. Based on the median income within last 5 years of tenure, I plot consumption paths
under voluntary and automatic enrollment. Across all income quantiles, consumption differ-
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ences are small. Consumption shifts upwards throughout retirement, owning to a slight increase
in annuity payments each year.

Figure 17: Subjective (E∗) consumption in retirement under the voluntary and auto-enrollment
settings.

Ultimately, agents who participate in retirement plans catch up with workers who start
adding from the beginning and consume similarly throughout retirement. Including workers
in retirement plans right from the beginning yields insignificant effects due to extrapolation and
additional precautionary motives. The share of workers who participate increases with age and
conforms to the data. In contrast, rational workers start adding from the beginning, utilizing
their benefits, and thus leaving automatic enrollment testing redundant.
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9 Conclusion

This paper introduces a deviation from rational expectations in a life-cycle model with liquid
and illiquid savings accounts to explain retirement contribution patterns over the work life. The
structural life-cycle model builds on individual income forecast errors found in the Michigan
Survey of Consumers data. In the model, agents extrapolate from their past income realization
and base their consumption and (illiquid) savings decisions on biased income projections.

The model’s expectations incorporate household income forecast biases estimated from the
Michigan Survey of Consumers. I expand the data analysis in Schlafmann and Rozsypal (2023)
and show that households tend to extrapolate from past income growth to form expectations
about their future income. Second, subjective unemployment probabilities imply volatility over-
stating across all workers. Third, the income forecast bias decreases over the work life.

The three-period stylized model analytically proves that pessimism induces reallocation to
liquid savings at the expense of saving for retirement. Consequently, retirees consume out of
liquid savings accounts. My findings suggest that pessimists require more significant incen-
tives to save in illiquid accounts. The full life-cycle model connects extrapolation to savings
allocation over time, with the presence of transitory and persistent income shocks. Saving for
retirement is possible through a private retirement account closely following savings incentives
in the employer-employee data.

The extrapolative expectations solution matches the empirical contribution rates pattern in
the data. Workers delay participating in retirement accounts only to increase their contribution
throughout their careers. Contrary to workers who extrapolate, rational workers contribute at
higher rates from the start of the work life and keep their contribution rates flat later on, which
is inconsistent with empirical findings (Choukhmane, 2021; Parker et al., 2022).

Even though the benefits of saving in a 401(k) plan include tax deferrals, employermatching
the contribution rate, and higher expected returns, retirement studies find that workers do not
add to their accounts. Therefore, automatic enrollment remains to be the policy encouraged in
U.S. legislation. The recentness of the auto-enrollment policy does not allow testing for long-
term effects. Since the extrapolative expectations solution captures contribution patterns across
cohorts, I test for automatic enrollment policy effects throughout a worker’s career. The effect
of auto-enrollment on total retirement savings decreases from 3,75% at the bottom to 1,8% at
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the top of the income distribution. As bottom quantile continues to add to their liquid accounts,
retirement consumption does not increase significantly. That is, throughout their career, workers
save in the same way, in line with short-term effects in the U.S. data (Beshears et al., 2022).

This paper is the first to incorporate extrapolation in the life-cycle model to explain retire-
ment contribution patterns. Policy tests call for novel retirement system adjustments (such as
auto-escalation policies) that account for the catching up behavior. Retirement plan adjustments
that follow the contribution rate patterns reduce differences in unrealized capital gains through
private retirement accounts. Neglecting the data-driven bias reinforces retirement policies that
have potentially misleading positive effects.
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10 Appendix

10.1 Three-period model, proof

The maximization problem for the worker in the stylized model is

max
s1,sR

1 ≥0
u(c1) + E[u(c2) + u(c3)] such that c1+s1 + sR

1 = y1,

c2 + s2 = y2,

c3 = RsR
1 + s2,

where u(c) = c1−γ

1 − γ
and 2nd-period income is stochastic and distributed as

y2 ∼

yL yH

p 1 − p

 .

The proof builds on two lemmas that ensure that the savings constraint in the second period
does not bind in the case of high income realization. This is true for reasonable conditions on
the retirement savings account return:

Lemma 1. If R < (1 + R
γ−1

γ ) and y2 = yH =⇒ borrowing constraint does not bind (i.e., s2 > 0, in

the high income state).

Proof. Suppose that the claim is not true. In this case, since the high-income agent is binding
(s2(yH) = 0), then the samemust hold for the low-income recipient =⇒ s2(yL) = 0. Thismeans
that c3(yH) = c3(yL) = RsR

1 . The optimality of a binding constraint implies that c2(yL) and
c2(yH) are both strictly lower than the 3rd-period consumption20. However, the 1st-period FOC
implies u′(c1) = Ru′(c3) =⇒ c3 = R

1
γ c1 =⇒ c1 = y1 − s1

R
1
γ −1 and c3 = y1 − s1

1 + R
1
γ −1 R

1
γ . But then

c3 > cH
2 ⇐⇒ R

1
γ

1 + R
1
γ −1 (y−s1) > yH +s1, which yields contradiction, sinceR < (1+R

γ−1
γ ).

Lemma 2. If the agent chooses to allocate to both liquid and illiquid savings and R ̸= 1, the borrowing

constraint binds in the low income state yL.
20Otherwise, both agents would be able to smooth their consumption across periods.
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Proof. Suppose that the claim is not true, i.e. that the low-income agents do not bind. The first
period optimality condition states

u′(c1) = REu′(c3),

for both high-income and low-income agents. Also, optimality in the second period (taking
the first-order condition with respect to liquid savings) yields u′(c1) = Eu′(c2). Taking the
assumption into account, if the savings constraint does not bind for both types of agents then
the consumption smoothing (cL,H

2 = cL,H
3 ) implies

Eu′(c3) = REu′(c3),

which cannot be true since R ̸= 1.

Ultimately, the effect of pessimism regarding illiquid to liquid savings accounts reallocation
is implied by the two lemmas and the Implicit Function Theorem.

Proposition. Suppose that retirement savings exhibit greater returns than liquid assets, R > 1, but are

not too large, satisfying R < (1 + R
γ−1

γ ). Define s1(p) an sR
1 (p) as optimal liquid and illiquid savings.

Given that the uncertainty in second period income is large enough, s1(p) > 0, the following inequality

holds:

∂s1

∂p
>

∂sR
1

∂p
.

That is, an increase in pessimism (assigning p̃ > p) implies an increase liquid asset holdings, and a

decrease retirement savings.

Proof. Optimal assets allocations are pinned down by the Euler equations

u′(y − s1 − sR
1 ) − 1 − p

2 u′
(

yH + s1 + RsR
1

2

)
− pu′

(
yL + s1

)
= 0 F1

u′(y − s1 − sR
1 ) − R(1 − p)

2 u′
(

yH + s1 + RsR
1

2

)
− Rpu′(RsR

1 ) = 0 F2,

which implicitly define s1 and sR
1 as functions of the probability parameter p. The Implicit Func-

tion Theorem for F = (F1, F2) implies the existence of a function f(p) = (s1(p), sR
1 (p)) such that

44



in the optimum
F (p, s1, sR

1 ) = 0 =⇒ F (p, s1(p), sR
1 (p)) = 0.

Now, to determine the effect of a change in the percieved probability of a low-income realization
I derive ∂2F1 ∂3F1

∂2F2 ∂3F2


︸ ︷︷ ︸

F

∂1f

∂2f

 =

−∂1F1

−∂1F2

 ,

where ∂1f

∂2f

 =

 ∂s1
∂p

∂sR
1

∂p

 .

The inverse of a 4-dimensional matrix is given with

∂2F1 ∂3F1

∂2F2 ∂3F2

−1

= 1
det F

 ∂3F2 −∂2F2

−∂3F1 ∂2F1



used to obtain ∂s1
∂p and ∂sR

1
∂p at the solution.

Since ∂1F1

∂1F2

 =

 u′(cH
2 )

2 − u′(cL
2 )

Ru′(cH
3 )

2 − Ru′(cL
3 )


and

det F = det

−u′′(c1) − 1−p
4 u′′(cH

2 ) − pu′′(cL
2 ) −u′′(c1) − R(1−p)

4 u′′(cH
2 )

−u′′(c1) − R(1−p)
4 u′′(cH

3 ) −u′′(c1) − R2(1−p)
4 u′′(cH

3 ) − R2pu′′(cL
3 )


cH

3 =cH
2=

(
u′′(c1) + 1 − p

4 u′′(cH
2 ) + pu′′(cL

2 )
)(

u′′(c1) + R2(1 − p)
4 u′′(cH

2 ) + R2pu′′(cL
3 )

)
−

(
u′′(c1) + R(1 − p)

4 u′′(cH
3 )

)2
.
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Simpifying the expression yields

det F = ���
u′′(c2

1) +
(

R2(1 − p)
4 + 1 − p

4

)
u′′(c1)u′′(cH

2 ) + R2pu′′(c1)u′′(cL
3 )

+
����������(1 − p)2R2

16

[
u′′(cH

2 )
]2

+ R2p(1 − p)
4 u′′(cH

2 )u′′(cL
3 ) + pu′′(cL

2 )u′′(c1)

+ R2(1 − p)p
4 u′′(cL

2 )u′′(cH
2 ) + R2p2u′′(cL

2 )u′′(cL
3 ) − �

��
u′′(c2

1) − R(1 − p)
2 u′′(c1)u′′(cH

2 )

−
����������R2(1 − p)2

16

[
u′′(cH

2 )
]2

,

so

det F =
(

R2(1 − p)
4 + 1 − p

4 − R(1 − p)
2

)
u′′(c1)u′′(cH

2 ) + R2pu′′(c1)u′′(cL
3 )

+ R2p(1 − p)
4 u′′(cH

2 )u′′(cL
3 ) + pu′′(cL

2 )u′′(c1) + R2(1 − p)p
4 u′′(cL

2 )u′′(cH
2 )

+ R2p2u′′(cL
2 )u′′(cL

3 ) > 0,

since p ∈ ⟨0, 1⟩, i.e. the Implicit Function Theorem is applicable in this setting.
Altogether

 ∂s1
∂p

∂sR
1

∂p

 = 1
det F

 ∂3F2
( u′(cH

2 )
2 − u′(cL

2 )
)

− R∂2F2
( u′(cH

2 )
2 − u′(cL

3 )
)

−∂3F1
( u′(cH

2 )
2 − u′(cL

2 )
)

+ R∂2F1
( u′(cH

2 )
2 − u′(cL

3 )
)
 .

Simultaneously

∂s∗
1

∂p
> 0 and ∂sR

1 ∗
∂p

< 0

hold under two conditions.
First, the two lemmas imply

cL
2 < cL

3
u′′<0=⇒ u′(cL

3 ) < u′(cL
2 ),
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so

−∂3F1
(u′(cH

2 )
2 − u′(cL

2 )
)

+ R∂2F1
(u′(cH

2 )
2 − u′(cL

3 )
)

< (−∂3F1 + R∂2F1)︸ ︷︷ ︸
<0

(u′(cH
2 )

2 − u′(cL
3 )

)
.

Under the assumption that ”the agent is not too hungry in the low-income case” u′(cL
3 ) <

u′(cH
3 )

2 ,
the retirement savings decrease once the probability of the low-income realization increases.
That is, pessimistic expectations p̃ > p the retirement savings are decreased.

Under the same assumption it has to hold

∂3F2
(u′(cH

2 )
2 − u′(cL

2 )
)

− R∂2F2
(u′(cH

2 )
2 − u′(cL

3 )
)

> (∂3F2 − R∂2F2)
(u′(cH

2 )
2 − u′(cL

3 )
)

︸ ︷︷ ︸
<0

> 0.

∂3F2 − R∂2F2 < 0 ⇔ (R − 1)(u′′(c1) − R2pu′′(cL
3 ))

cL
3 >c1
< (R − 1 − R2p)u′′(cL

3 )
p∈⟨0, 1

4 ⟩
< 0.

Altogether, we have
∂s∗

1
∂p

> 0 >
∂sR

1 ∗
∂p

.

10.2 Additional estimates

Age coefficients

Forecast error density estimates in the text reveal quantile-based differences and the transition
from pessimism to optimism. Given that the regression coefficients with age polynomial are
significant, albeit of different signs, this serves as another argument that age does affect the
income growth bias.

Kernel density estimates consider only the working-age population and reveals that error
distributions differ among across age groups. During the work life, the mode of the errors dis-
tribution is positive. This finding indicates that even experienced workers do not completely
correct their forecasts. The distribution changes shape over age groups, owing to income volatil-
ity for younger cohorts. Correspondingly, in the model, agents start to add to their retirement
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accounts as the effect of misperception in income volatility decreases.

Figure 18: Income growth bias density by age group, MSC data
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10.2.1 Regression checks

In addition to the linear regressionmodel in the text, I estimate themodelwithHHwhohad their
first interview in the second half of the year. Their responses are not sensitive to the imperfect
time overlap between the period of expectations and realizations. Again, standard errors are
clustered at the region level. Signs of all coefficients remain the same, while the size of coefficient
with the income quantile input increases (Table 10). Again, results indicate that household
tend to be overly pessimistic at the left end of the income distribution while their right-end
counterparts tend to be overoptimistic.
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Table 10: Linear Regression Results

Dependent variable:
Income Growth Forecast Errors

q2 0.225∗∗∗

(0.008)
q3 0.306∗∗∗

(0.008)
q4 0.356∗∗∗

(0.009)
q5 0.430∗∗∗

(0.014)
male −0.015∗

(0.006)
no HS 0.039∗∗∗

(0.006)
college −0.054∗∗∗

(0.003)
age −0.114∗∗∗

(0.026)
age2 0.155∗∗∗

(0.034)
1 adult 0.106∗∗∗

(0.005)
> 2 adults −0.029

(0.008)
Constant −0.381∗∗∗

(0.012)
Observations 29,414
Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01

10.2.2 Housing as a mean of saving for retirement

Finally, retirement savings may not include only private retirement accounts, as people may be
saving in other illiquid savings such as housing. I address the issue of saving for retirement
through real estate by checking to what extent home ownership affects retirement confidence.
I use the survey question that asks to assign the probability of having a comfortable retirement
only from social security and job pensions.
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I binned subjective probabilities into four separate groups (< 25%, 25 − 50%, 50 − 75% and
75 − 100%) that translate into groupings from harsh pessimists to enthusiastic optimists. The
estimates imply that retirement confidence rises with age and income, whereas owning a home
does not have a significant effect. Since the recent income growth forecast error is not significant,
I conclude that retirement confidence is based on individual attitudes (persistent pessimism or
optimism).

Dependent variable:
P(comfortable retirement)

male 0.215∗∗∗

(0.026)
no HS 0.093

(0.074)
college 0.035

(0.028)
age 0.507∗∗∗

(0.029)
1 adult 0.055

(0.034)
> 2 adults 0.081∗

(0.041)
q2 0.122∗∗∗

(0.058)
q3 0.259∗∗∗

(0.056)
q4 0.416∗∗∗

(0.058)
q5 0.482∗∗∗

(0.060)
homeowner 0.060

(0.037)

Observations 20,743
Note: Controlled for year effects, age is standardized. ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01

Table 11: Ordered logistic regression results

In addition to retirement confidence, I check to what extent homeownership affects future
income growth forecast. Since my model incorporates illiquid savings in the form of the re-
tirement account, I check if housing assets position affect income growth forecasts. Including
homeownership in the regression analysis reduces number of observations to 37,000. The in-
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come quantile coefficients remain similar. Moreover, among homeowners, home value has a
significant,albeit small, effect (Table 12).

Job loss predictions

In themain text I argue that the income quintile is the significant predictor for pessimistic job loss
predictions. Consequently, once I compare empirical job separation rates to the predicted values
I argue that overstating these probabilities remains consistent with how the income growth fore-
cast bias is implemented in the life cycle model. Thus, the fact that the mispercieved persistence
parameter implies the mispercieved volatility remains consistent with empirical estimates. The
only age group that is significant are workers closer to retirement age.
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Table 12: Linear regression results

Dependent variable:
Income growth forecast errors

Homeowners only All
Income quantile:
q2 0.176∗∗∗ 0.189∗∗∗

(0.018) (0.014)
q3 0.248∗∗∗ 0.273∗∗∗

(0.008) (0.007)
q4 0.272∗∗∗ 0.316∗∗∗

(0.010) (0.009)
q5 0.355∗∗∗ 0.381∗∗∗

(0.018) (0.015)
male −0.008 −0.014∗∗∗

(0.007) (0.006)
HS 0.030∗ 0.050∗∗∗

(0.014) (0.008)
College −0.031∗∗∗ −0.049∗∗∗

(0.008) (0.004)
age −0.123 0.016

(0.058) (0.043)
age2 0.095 0.048

(0.052) (0.043)
1 adult 0.068∗∗∗ 0.081∗∗∗

(0.011) (0.005)
> 2 adults −0.022∗ −0.039∗∗∗

(0.009) (0.011)
Home value, quantiles:
h2 −0.037∗∗∗ −

(0.008)
h3 −0.031∗∗∗ −

(0.012)
h4 −0.067∗∗∗ −

(0.016)
h5 −0.088∗∗∗ −

(0.013)
Renter − 0.068∗∗∗

(0.003)
Constant −0.080 −0.334

(0.362) (0.330)
Observations 11,992 36,932
Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01
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Table 13: Ordered logistic regression results

Dependent variable:
P(job loss within 5 years)

male 0.081∗∗∗

(0.029)
no HS 0.288∗∗∗

(0.080)
college −0.123∗∗∗

(0.032)
age 25-34 −0.112

(0.073)
age 35-44 −0.050

(0.068)
age 45-54 −0.023

(0.067)
age 55-66 −0.550∗∗∗

(0.069)
1 adult −0.049

(0.038)
> 2 adults 0.226∗∗∗

(0.047)
q2 −0.001

(0.062)
q3 −0.115∗

(0.060)
q4 −0.208∗∗∗

(0.062)
q5 −0.324∗∗∗

(0.064)
Observations 20,395
Note: Year effects are not reported. ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01
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10.3 Model equations and numerical implementation

The agent’s problem can be formulated as the dynamic programming problem, for the state vari-
ables mentioned in this paper. The model for subjective expectations satisfies the same equation
with different expectations, so the derivations hold for both subjective andRE agents. Themodel
given in the paper satisfies the Bellman equation:

v(1, mt, pt, ξt, ζt, nt) = max
0.03≤dt≤1,ct≥0

u(ct) + βEt

[
v(1, mt+1, pt+1, ξt+1, ζt+1, nt+1)

] (7)

such that all the equations hold

The value function Vt from the paper is not necessarily concave because of the discrete opting-in
decision as an absorbing state. TheNested endogenous gridmethod uses the FOC for consumption21

ct . . . u′(ct) = βRavm,t+1(1, mt+1, pt+1, ξt+1, ζt+1, nt+1)

and the standard approach of the EGM in general - computing the continuation value before-
hand. The continuation value is obtained with functions of post-decision variables that map the
solution into pre-decision variables. Following Druedahl (2020)

wt(at, bt, pt) = βE
[
vt(1, mt+1, pt+1, ξt+1, ζt+1, nt+1)

]
for end-of period assets at and bt and the persistent component pt. The agent who does not
contribute to DC account in time t, faces the standard consumption-savings problem, which is
easily solved using EGM. Fixing dt =⇒ bt = nt + dtyt + χ log(1 + dtyt) and ntt + 1 = Rbbt, (7)
boils down to

v(1, mt, pt, ξt, ζt, nt|dt) = max
ct≥0

u(ct) + wt(pt, at, bt)
]

such that ct ≤ mt − ytdt − at

mt+1 = Raat + yt+1,

21Interior solution
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which fixes the idea of interpolation of the continuation value for at, bt and consequently using
the FOC

uc(ct|dt) = wa,t(pt, at, bt) =⇒ mt = at + ct, (8)

and using the upper envelope method to interpolate values for all dt on the exogeneous grid
for cash-on-hand. Once consumption is calculated from (8) for each dt, I use the grid search
as in Druedahl (2020) and evaluate the optimal dt. Even though interpolating the continuation
value via post-decision variables seems cumbersome, I use the modified version of the inter-
polation, which shortens the grid-search procedure, due to monotonicity of the value function
with respect to cash-on-hand generated by the previous period monotonically increasing assets.

If the agent does not contribute, the problem is then similar to the contributor’s, i.e. it can be
nested into the special case for dt = 0. I solve for the problem using the same ”inner” function as
above, using the post-decision value function. However, the post-decision function is corrected
for bt = 0. Once both consumption choices are computed, I use the upper envelope method that
combines the solutions to the common grid for cash-on-hand, so that the values are comparable
and defined on a regular grid.

Once retired, each agent gets the annuity payment out of their retirement account, so the
retirement consumption depends on both liquid account and the amount saved for retirement
through the DC account. Agents who did not contribute to the account get the minimum yearly
income22. I build on Druedahl (2020) and extend the retirement consumption function solution
method to a two-dimensional space.

I build on Druedahl (2020) and implement the solution method for a persistent (AR(1))
process. That is, I extend themethod to track all the combinations of shocks to both the persistent
and transitory components (altogether 30 combinations).

The grids are finer at low values of both savings accounts to take a closer look at the behavior
of the poor low-income workers (or workers with low retirement savings). Utility function is a
standard CRRA function

u(c) = c1−γ

1 − γ
,

22I computed solutions for various cases of minimum retirement subsidy. In every scenario upper quin-
tiles end up contributing at some point in their worklife, so the subsidy is set at the lowest value of income
grid.
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where γ = 2. I did not resort to high γs to isolate the effect of subjective expectations on the
percieved variance of the future income.

Consumption and savings paths

Both correct and biased income forecasts imply consumption and savings paths that follow the
usual patterns found in the data. For example, both consumption paths exhibit the decrease in
consumption towards the end of life, which is commonly stated as the retirement consumption

puzzle in retirement studies(De Nardi et al., 2009; Olafsson and Pagel, 2018).

Figure 19: Lifecycle paths - RE

The effect of mispercieved volatility acts across the income distribution, which is shown in
the policy function plots (Figure 20). The shares of DC contributors are lower for all income
quantiles. Ultimately, all workers start adding and catching up. Ultimately, there is a point in
the work life where workers forgo their liquid assets and start adding to illiquid ones.

Policy functions, 3-d planes

As stated in the paper, differences in life-cycle paths come from differences in period-by-period
consumption and savings allocations. Period-policy functions reflect additional precautionwith
young subjective workers and a slow increase in retirement contributions later on in life. All of
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the policy functions are depicted as functions of liquid and illiquid savings accounts. I denote
the median within the income distribution with a red dot.

Consumption policy differs across income quantiles and, of course, expectations about fu-
ture income. Figure (20) shows consumption as a function of savings levels for workers in the
top 50% of the income distribution at the age of 30. At all savings levels, subjective workers
consume less than their rational counterparts ( Figure 20). Moreover, having a large amount
of retirement savings does not imply higher consumption in the subjective expectation solution
(Figure (20), right). Therefore, precautionary motives generate saving at the beginning of the
work life.

Figure 20: Consumption function, RE (left) and subjective expectations (right) solution.

Corresponding to everything presented in the main part of the paper, contribution rates
switch from being lower for subjective workers at the beginning of work life. Figure 21, de-
picts contribution rates for top 50% of the income distribution - rational contributor adds 12%,
whereas subjective one adds 6% of her current income. Later on in the work life, subjective
workers start adding more and catch up (Figure 22, depicted for the top 50% of the income
distribution). At the median, rational contributor adds 9% out of their wage, whereas subjec-
tive contributors add 12% (Figures 22, red dots in respective graphs). As the effects of income
volatility overstating fade, workerswith significantly low liquid savings contribute at the highest
rates possible. Overall, contribution rates switch places for all income quantiles, as functions of
liquid savings mt and illiquid retirement account amounts nt. Therefore, the effect of extrapola-
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tion does not depend on the amount of workers’ savings, owing to the misperception of future
income realizations only.

Figure 21: Median contributor at age 30, RE (left) and subjective expectation solution (right).

Figure 22: Median contributor at age 50, RE (left) and subjective expectation solution (right).

Rational expectations solutions overstate the share of contributors in the economy, when
compared to empirical studies. On the other hand, contributor share is increasing for the ex-
trapolative solution; as agents age they decide to participate in the DC account (Figure 23).

Quantile based comparisons show the presence of both optimism and pessimism on each
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Figure 23: DC contributors share, rational (red) and extrapolative (green) expectations solu-
tion.

side of the income distribution. In contrast to the rational expectations solution (Figure 24),
workers who extrapolate start participating later (Figure 25).

Contribution rates differences vary by income quantile. In each part of the income distribu-
tion, subjective expectations capture the slow increase in contributions over the tenure, whereas
the rational solution fails in this respect. This is not the case with rational workers - low income
workers even decrease their contribution rates (Figure 26). In this regard, including extrapola-
tive expectations shows that eligibility may be enough for low income workers to contribute in
an auto-escalating manner. On the other hand, top-income workers who extrapolate contribute
at significantly higher rates later on in work life, matching empirical patterns (Figure 27).
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Figure 24: Rational workers, DC contributors’
share by income quantile over the work life.

Figure 25: Biased workers, DC share lifts off
gradually over the work life.

10.4 Savings ratios for the youngest and oldest workers

As previously mentioned, even though subjective expectations solution overstates liquid-to-
illiquid savings ratios for the youngest cohort (Figure 28, right graph), model simulations show
that the shape of the savings ratio across wage percentiles matches the empirical estimates from
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Figure 26: Contribution rates over the
tenure, bottom 25%.

Figure 27: Contribution rates over the
tenure, top 25%.

the SCF data. In contrast, rational expectations do notmatch the shape or the size (Figure 28, left
graph). Moreover, just before retirement, the savings ratios of subjective workers are matched
in shape, but slightly understated when compared to SCF workers (Figure 29, right graph and
Figure 4 from the main part of the paper).

Figure 28: Savings ratios across wage percentiles, model simulations for workers aged 35-44.
Rational expectations; left and subjective expectations; right.
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Figure 29: Savings ratios across wage percentiles, model simulations for workers aged 60-70.
Rational expectations; left and subjective expectations; right.
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Abstrakt 

 

Proč se penzijní příspěvky zaměstnanců během jejich kariéry postupně zvyšují? Tento článek používá 

strukturální model životního cyklu založený na údajích o očekáváních domácností k vysvětlení 

rozhodnutí pracovníků o penzijních příspěvcích. Data Michigan Survey of Consumers ukazují, že mladé 

domácnosti extrapolují ze svých nedávných příjmů a nadhodnocují persistenci a volatilitu svých 

budoucích příjmů. Strukturální model životního cyklu s extrapolativními očekáváními kvantifikuje 

rozdíl v důchodových příspěvcích ve srovnání s racionálními očekáváními. Na rozdíl od racionálních 

pracovníků se příspěvky extrapolativních pracovníků shodují s daty o penzijních příspěvcích v průběhu 

životního cyklu. V důsledku toho má zavedení povinné účasti v penzijním spoření jen zanedbatelné 

dopady na výši příspěvků. 
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