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A Survey Questionnaire

In this appendix, we provide details on survey instrument about year ahead labor market
outcomes in the Copenhagen Life Panel. To set the stage, we start by asking questions
about work status in the past year. In the survey fielded in January 2021, the first
question is about labor market status one year earlier, in January 2020. Respondents
were asked to classify themselves as one of: employed; self-employed; looking for work;
temporarily out of labor force; and permanently out of labor force.

Respondents then report their current work status. They again can choose from
among the same five options. If they report there is a change between the past and
current status, we further ask about the dynamics. Then they move to the module with

expectations questions if they are currently employed. The full questionnaire is as follows:



First, we are interested in your working status in Jan 2020 (last year).

Throughout this survey, we are going to ask you about working for pay. We have in mind work,
including work as self-employed, for which you receive regular pay and work at least 10 hours per
week.

[Part 2-1: Labor income, Past]
Q 2 1. Think about Jan 2020 (last year).
Were you working for pay?
Variable name: Q 2 1
Variable value: 1 Yes 2 No

[IfQ 2 1=Yes] Q 2 1 2. Think about Jan 2020 (last year).
Were you self-employed?

Variable name: Q 2 1 2

Variable value: 1 Yes 2 No

[IfQ 2 1=No]Q 2 1 3. Did you look for work in Jan 2020?
Variable name: Q 2 1 3
Variable value: 1 Yes 2 No

[If Q 2 1 3=No] Q 2 1 4. Please pick the most appropriate description of your employment

status in Jan 2020 (last year).
Variable name: Q 2 1 4
Variable value: 1 Temporarily out of work, 2 Permanently out of work

[Note: clarification Johan]

[IfJ past= Temporarily Out/Looking for work] Q 2 2. Did you have any earned income during
20207

Variable name: Q 2 2
Variable value: 1 Yes 2 No

[IfQ 2 1=Yesor Q 2 2=Yes] Q 2 3. What was your earned income during 2020?



Please report the most accurate amount you think.
Variable name: Q 2 3
Variable value: [0-]

[Part 2-2: Labor income, Dynamics]

[IfJ past=E WFP] Q 2 4. From Jan 2020 till now, are you still working for pay with the same
employer you had in Jan 2020?

Variable name: Q 2 4
Variable value: 1 Yes 2 No

[if Q 2 4=No] Q 2 4 2. When did you stop working with this employer you had in Jan 2020?
Variable name: Q 2 4 2
Variable value: From Jan-1-2020 — to Jan-2021

[if Q 2 4=No] Q 2 4 3. For what reason, did you stop working with this employer you had in
Jan 20207

Variable name: Q 2 4 2
Variable value: 1.Laid-off, 2 Quit, 3 Other

[if Q 2 4=No] Q 2 4 4. After you stopped working for this employer you had in Jan 2020, did

you find other work for pay within a month?
Variable name: Q 2 4 4
Variable value: 1 Yes 2 No

[ifQ 2 4 4=No] Q 2 4 5. How many months were you out of work after you stopped working
for the employer you had in Jan 2020.

Variable name: Q 2 4 5
Variable value: [1-12, I did not work for pay after that]

[Part 2-2: Labor income, Now]

We now ask about your current employment status.



[ifQ 2 4!'=Yes, Q 2 5!=Yes] Q 2 7. Are you currently working for pay?
Variable name: Q 2 7
Variable value: 1 Yes 2 No

[IfQ 2 7=Yes] Q 2 7 2. Are you currently self-employed?
Variable name: Q 2 7 2
Variable value: 1 Yes 2 No

[IfQ 2 7=No] Q 2 7 3. Are you currently looking for work for pay?
Variable name: Q 2 7 3
Variable value: 1 Yes 2 No

[If Q 2 7 3=No] Q 2 7 4. Please pick the most appropriate description of your current
employment status

Variable name: Q 2 7 4

Variable value: 1 Temporarily out of work, 2 Permanently out of work

[Part 2-3: Labor income, Future]

[if ] now=E WFP] Q 2 8. Please think about your possible relationship with your current
employer in 2021. Assign the probability in each possible case. The sum of the probability should
be 100.

1. Staying with the current employer during 2021

2. Laid-off from current employer at some point during 2021
3. Quit from the current employer at some point during 2021
4. Separation for other reason [checkbox activated]

Variablename: Q 2 8 1,Q 2 8 2,Q 2 83,Q2284
Variable value: [0-100]

[Stay branch] [ifQ 2 8 1>0]Q 2 9. We are interested in your earned income in 2021 if you stay
with the current employer throughout the calendar year 2021.

Variable name: Q 2 9 1,Q 2 9 2, Bins and balls



[ifQ 2 8 1>0]Q 2 10. Now, please think about your earned income in 2025 if you stay with the
current employer throughout the calendar year 2021.

Please think about all possibilities regardless of whether you stay with the same employer after
2021.

Variable name: Q 2 10 1,Q 2 10 2, Bins and balls

[Laid-off branch] [if Q 2 8 2>0] Q 2 11. Suppose you were to be laid off from the current
employer during 2021. What is the probability that you would start working for pay again after
your current work terminates?

Variable name: Q 2 11 1 (within 1 month), Q 2 11 2 (within 3 months), Q 2 11 3 (within 1
year), Q 2 11 4 (within 2 years) [Custom 58]

[ifQ 2 11 4>0]Q 2 12. Suppose you were to be laid off from the current employer during 2021.
After then you start to work for pay at some point in 2 years.

Think about the possible earned income from the first 12 months of this new work for pay.

Variable name: Q 2 12 1,Q 2 12 2, Bins and balls

[ifQ 2 11 4>0]1Q 2 13. Suppose you were to be laid off from the current employer during 2021.
After then you start to work for pay at some point in 2 years.

Think about the possible earned income in 2025.
Think about all the possibilities between reemployment and 2025.
Variable name: Q 2 13 1,Q 2 13 2, Bins and balls

[Quit branch] [if Q 2 8 3>0] Q 2 14. Suppose you were to quit from the current employer
during 2021. What is the probability that you would start working for pay again after you quit?

Variable name: Q 2 14 1 (within 1 month), Q 2 14 2 (within 3 month), Q 2 14 3 (within 1
year), Q 2 14 4 (within 2 years)

[ifQ 2 14 4>0] Q 2 15. Suppose you quit from the current employer during 2021. After then
you start to work for pay at some point in 2 years.

Think about the possible earned income from the first 12 months of this new work for pay.

Variable name: Q 2 15 1,Q 2 15 2, Bins and balls



[ifQ 2 14 4>0] Q 2 16. Suppose you quit from the current employer during 2021. After then
you start to work for pay at some point in 2 years.

Think about the possible earned income in 2025.
Think about all the possibilities between reemployment and 2025.
Variable name: Q 2 16 1,Q 2 16 2, Bins and balls

[Other branch] [if Q 2 8 4>15] Q 2 17. Suppose you were to be separated because of other
reasons you are thinking of (not laid-off or quit).

What is the probability that you would start working for pay again after your current work?

Variable name: Q 2 17 1 (within 1 month), Q 2 17 2 (within 3 months), Q 2 17 3 (within 1
year), Q 2 17 4 (within 2 years)

[if Q 2 17 4>0]Q 2 18. We are interested in your earned income in the first-year and 2025
earned income after you are separated for other reasons and then reemployed.

Suppose you were to be separated for other reasons from the current employer during 2021. After
then you start to work for pay at some point in 2 years.

Think about the possible earned income from the first 12 months of this new work for pay.
Please report your lowest and highest possible amount.

Variable name: Q 2 18 1,Q 2 18 2, Bins and balls

[if Q 2 17 4>0] Q 2 19. Suppose you were to be separated for other reason from the current
employer during 2021. After then you start to work for pay at some point in 2 years.

Think about your earned income in 2025. Think about all the possibilities between reemployment
and 2025.

Please report your lowest and highest possible amount.

Variable name: Q 2 19 1,Q 2 19 2, Bins and balls



B Comparison to Administrative Data

Table B.1 compares the demographics of the survey sample with that of the comparable
registry population. The first column is for all survey participants and the second column
is for employed samples. The third column is for everyone in the registry and the fourth
column is for workers with annual earnings greater than 24,000 DKK. We note that the
share of females is similar in the survey and the registry. Survey participants are, on

average, older, more educated, and have higher earnings than the registry population.

Table B.1: Survey sample demographics

Survey Registry
Working status All Employed All Employed
N 14,875 10,945 3,429,071 2,700,069
Female 0.48 0.48 0.5 0.48
Age
Mean 48.00 47.44 42.50 42.56
S.D. 12.54 11.87 13.26 12.77
Distributions
20-29 0.11 0.10 0.22 0.21
30-39 0.15 0.16 0.20 0.21
40-49 0.22 0.24 0.22 0.24
50-59 0.31 0.33 0.23 0.24
60-65 0.21 0.17 0.12 0.10
Education
Above college 0.49 0.53 0.34 0.39
Annual Earnings (unit: DKK)
Mean 421,278 495,783 327,525 418,624
S.D. 382,719 289,681 430,482 442,410

Note: The table compares average demographic characteristics of different subsamples of the Danish
population observed in the administrative data in 2020. The column ‘Survey, All’ includes gross sample
of survey participants. The column ‘Survey, Employed’ includes the subset of survey participants who
were employed a the time of the survey (January 2021). The column ‘Registry, All’ includes all individuals
in the Danish population belonging to the cohorts from which the sample is drawn. Survey participants
are excluded from this sample. The column ‘Registry, Employed’ includes the subset of the previous
column with earned income of at least 24,000 DKK in 2020. In Jan-2021, the exchange rate for 1 US
Dollar was approximately 7 Danish Krone (DKK).

In the analysis we scale all statistics by the relative population weights. To construct
population weights, we the Danish population observed in 2020 in the administrative data.
We estimate a probit regression with a survey participation dummy as the dependent

variable and age, log earnings, education, and gender as explanatory variables. All these



characteristics are available in the administrative data. Table B.2 shows the marginal
effect on survey participation using probit regression. Our survey respondents are around
0.37% of the Danish population. We find that the selection into the survey is related to
various demographics. For instance, as age increases by one unit, the probability of

participation increases by 0.012%.

Table B.2: Marginal effect on participation

Mean of Pr(participation):0.37%

% x 100 z-statistics p-value
age 0.012 49.47 <0.001
female -0.028 -4.45 <0.001
log earnings 0.015 19.38 <0.001
above university 0.228 29.9 <0.001

N: 2,711,011

Log-likelihood: -92,294

Note: The table presents marginal effects from probit regressions where the dependent variable is a
dummy variable for survey participation.

To obtain population weights for the survey, we use the inverse of the predicted
probability of participating in the survey. Then we apply these population weights to the

analysis and figures in the main text.

C Swupplementary Results

C.1 Distributions of Job Transition Probability and Time Out

of Labor Force

In this section, we show the distribution of job transition probability and time out of the
labor force after the job separation in Fig 4.

Fig C.1 (a) displays the distribution of the probability of stay, laid-off, and quit,
respectively. We observe that the probability of quitting is slightly more heterogeneous
than the probability of being laid-off, although qualitatively they are quite similar. We
also find the probability of stay has the most heterogeneous distribution among the three
branches. Fig C.1 (b) illustrates the distribution of time out of the labor force after
quitting and being laid off, respectively. Notably, the time out after quitting exhibits
peaked distribution where the peak is close to 0. This means most workers expect very
short periods of time out of work. In contrast, the time out after being laid off is more

similar to a uniform distribution with much less peakedness.
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Note: Panel (a) shows the distribution of the probability of each branch. Panel (b) shows the distribution
of time out labor force after quitting and being laid off respectively.

Figure C.1: Distribution of Fig 4.

C.2 Standard Measures of Higher Order Moments

Figure C.2 shows the cross sectional distribution of moments of the subjective distribution
calculated using standard measures (standard deviations, skewness, and kurtosis). This
figure corresponds to Figure 4 in the paper. The distribution of moments using standard
measures are quite similar to the pattern in Figure 4 in the paper which is based on
robust measures. Workers tend to have high second moments after being laid-off and
quitting, while it is much lower in the stay branch. The skewness is also consistent with
the Kelley skewness in Figure 4. Across the branches, it is centered around 0. Lastly, the
kurtosis measure which we normalized by 3 (normal distribution) is also consistent with

Crow-Siddiqui kurtosis, which is less peaked compared to the normal distribution.

C.3 Job Transitions Based on 2019 Data

Figure C.3 replicate Figure 4 in the main text using data from the 2019 registry. Fig-
ure C.3(a) shows the result for the stay probability against age. The pattern is very
similar to the pattern presented in Figure 4(a) the main text. Figure C.3(b) replicates
Figure 4(b) of the main text but now based on 2018-19 data. We find that the time out
work pattern across the life cycle is very consistent.

C.4 Last Year’s Earnings

In this section, we compare the subjects’ reported earnings for 2020 to actual earnings
in 2020 as recorded in the income-tax registry. Figure C.4 shows a binned scatter plot
of average earnings reported in the survey (Y-axis) by bins of earnings recorded in the

administrative data (X-axis), which is third-party reported by employers directly to the
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Note: Standard moments of the answers to the questions in the conditional survey instrument. Survey
results are weighted using population weights.

Figure C.2: Overview of branch-by-branch survey responses: using standard moments

Danish Tax Agency. We find that earnings reported in the survey is very similar to
earnings recorded in the administrative data. This suggests that respondents remember
their earnings during 2020 well at the point when we surveyed them in January 2021.
We further investigate whether observable characteristics correlated with the devia-
tion between self-reported and registry earnings in 2020. We first construct the log gap
between registry earnings and self-reported earnings: log(Yase™) — log(Yam®). The
mean of this log gap is 0.048 and the standard deviation is 0.26. Table C.1 shows the
regression results. In column (1), we include 5-year age bins, with the age 41-45 group as
the baseline. Except for the youngest and oldest groups, the coefficients are not signifi-
cant at the 5% level. Gender and education are also not significant at the 5% level. In
column (2), we control for age as a continuous variable and find significant correlations at
the 1% level, which means that older workers are relatively over-reporting their current
earnings in the survey. When we control for age and the age-squared term in column (3),
the coefficients are not individually significant at the 5% level. For all the regressions the

R? is 0.005, i.e., the observable characteristics explain very little of the deviation. These
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Note: The figure shows how two components from the survey (solid line) and the administrative data
(dashed line) compare over the life-cycle. Panel (a): In the survey, we directly ask about the probability
of staying with the same employer for the next 12 months. In the registry, we compute the proportion
of workers who stayed from Dec 2018 to Dec 2019 with the same employer. Panel (b): We calculate
the expected time out of work after a separation in the survey. In the administrative data we consider
job separations that took place during 2018 and follow time spent until reemployment occurs, possibly
extending into 2019. In the registry, 1) we exclude the workers going back to the same employer (possibly
seasonal work) and 2) we consider the first separation and do not take into account further separations.

Figure C.3: Job separations and time out of work in the survey and in the administrative
data for 2019

results show that it is difficult to find systematic under/overreporting in self-reported

earnings across the included observable demographics.

C.5 Comparison with 2019 Registry

Figure C.5(b) replicates Figure 5(b) in the paper using administrative data from 2019.
The figure shows survey and registry results side by side, and it is very similar to Figure

5 in the main text.

C.6 Registry Earnings Risk using Survey Respondents

Figure C.6 replicates Figures 5(b) in the paper using administrative data for 2020 only
for survey respondents. While noisy because it includes fewer observations it compares
well to Figure 5(b).

C.7 Standard Moments of hi and h¥

Figure C.7 reproduces Figure 7(b)-(d) in the paper using standard deviation, skewness,

and kurtosis. Also here we find that the moments are well aligned across the life cycle.
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Table C.1: Difference between registry and self-reported survey earnings

Dependent variable: 10g(Y3020) — log(Y3hs0)
(1) (2) (3)
Age group 20-25 0.046™
(0.023)
Age group 26-30 0.024
(0.016)
Age group 31-35 0.020"
(0.012)
Age group 36-40 0.017
(0.012)
Age group 46-50 0.008
(0.010)
Age group 51-55 -0.010
(0.009)
Age group 56-60 -0.012
(0.010)
Age group 61-65 -0.026™"
(0.010)
Age -0.002""  -0.001365
(0.000)  (0.002153)
Age-squared -0.000002
(0.000023)
Female 0.007 0.007 0.007437

(0.005)  (0.005)  (0.005282)
University or above  0.008 0.008 0.007668
(0.005)  (0.005)  (0.005456)

EE

EE 3

Constant 0.035 0.106 0.103™
(0.011)  (0.015)  (0.0483)

Observation 10,356 10,356 10,356
R? 0.005 0.005 0.005
F-statistics 5.150 16.48 12.36

Note: Robust standard error in parenthesis. */**/*** represent significance level 10/5/1%. Controls
include age, gender, tenure, education, and log earnings in 2020.

12
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Note: Binned scatter-plot comparing earnings observed in the administrative data and self-reported
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Figure C.4: Self-reported and registry earnings: last year (2020)

C.8 Standard Moments of Subjective Earnings Risks

Figure C.8 reproduces Figure 10(b)-(d) in the paper using standard deviation, skewness,
and kurtosis rather than the interdecile range, Kelley’s measure of skewness, and the
Crow-Siddiqui measure of excess kurtosis. Figure C.8(a) and (b) are quite similar to
Figure 10(b) and (c) in the paper. Figure C.8(c) shows a slightly different pattern than
Figure 10(d) in the paper, as older workers exhibit less kurtosis according to the standard

measure than according to the Crow Siddiqui measure of kurtosis.

D Method for Simulating Holistic Earnings Risks

This section explains how we simulate the subjective holistic distribution of earnings
growth, g;. The purpose is to construct g; such that it matches the timing of the admin-
istrative data, i.e., the calendar year. To achieve this, we set up a simulation protocol,
where we weight together, for each respondent, all the components entering each of the

branches for individual 7 as described in the below equation.

Gis =1 = 1[Qis = 1] — 1[L;s = 1)) f5
+1[Qis = 1] (A7 F2 + (1 — 2% — ) f2)

2,5

+1[Lie = 1] (A7 + (1= a5 —al) fL)

1,8 J1i,8 1,8 .S

where 4, s indicates simulation number s for individual i. 1[Q;, = 1] is a dummy

13
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Note: Panel (a) plots log density for the pooled distribution of expected holistic earnings growth rates[
from the survey, hgf, where X indicates partitions by age groups. (b) plots the distribution of annual
earnings growth from 2018 to 2019 as observed in the administrative data for the full population, h%.
For constructing the distribution of earnings growth in the administrative data we dropped observations
where the level of annual earnings is less than 24,000 DKK in 2018. Survey results are weighted using

population weights.

Figure C.5: Pooled earnings risk and registry earnings risk (data from 2019)

indicator for quitting for individual ¢ in simulation s, 1[L; s = 1] is a dummy indicator
for being laid off. ﬁ?ss is time in the original job before quitting and ﬁgs is time spent

A

out of work following the quit. Similarly, ﬁf ;S f is time in the original job before lay-off
7S

and ﬁfs is time spent out of work following the lay-off. f7, ﬁ%, and Ast are draws from
the probability distribution over earnings growth in the stay, quit and lay-off branches
respectively. Thus, the first term flags whether in simulation s, the individual stays in
the current job and calculates the expected earnings in that job 12 months ahead when
staying. The second term flags whether simulation s leaves ¢ to quit and if that is the
case, then calculates earnings during the next 12 months. This is composed of three
parts: first, earnings in the original job until the separation followed by a period without
earnings until a new job is found, and then earnings in the new job for the reminder
of the year. The third term makes the corresponding calculation for a lay-off. Fach
simulation s produces a value for g; ;. By simulating many times for each respondent, we
get a complete empirical probability distribution over the 12-months ahead of subjective
holistic earnings growth. We now explain the details of the simulation. It proceeds in

four steps:

1. Simulating job transitions, 1[Q; = 1], 1[L; = 1]: We simulate 20,000 job transition
events for each individual based on the stated job transition probabilities (stay, laid
off, and quit) in 2021.

2. Simulating time spent out of work: For the job transition events, quit and lay-off

14
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Note: The figure plots the distribution (log density) of annual earnings growth for 2020 as observed in
the administrative data for the survey participants.

Figure C.6: Registry earnings risk (survey respondents only)

from step 1, we simulate time spent out of work. This happens in two steps:

1. We first simulate the timing (month) of separation during 2021. We assume
that the separation happens on day 1 of the month. To simulate the month
of separation, we first recover the monthly density of the job transition. Let
P, and P, be the reported probabilities of being laid off and quitting at some
point in 2021. Based on P, and P, we can recover the monthly probabilities p;
and p, using two simultaneous equations. We let a geometric series describe

the probability of separating from the initial job in a given month.

P=p +1—p)p+Q—p) o4+ (1 —p)'p (1)
~ —
Jan Feb Mar Dec
Py = py + (1= pg)p,+ (1= pq)qu +..+ (1 _pq)upq (2)
b M D
Jan Fe ar ec

We then construct a distribution of job transitions across months and based
on this distribution we simulate a month in which the job separation event

. A S )\LS
occur, i.e., nZQs and ;7.

2. Then we simulate the timing of reemployment. We do this using the stated
probabilities of being reemployed after 1, 3, and 12 months after the job sep-
aration. To do this, we linearly interpolate the probability of reemployment
over months and then construct the monthly reemployment distribution. Us-
ing this monthly distribution of reemployment, we simulate the duration of

the intermediate job search period after the separation. We assume that the

15
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Note: The figure shows the average value of the 1st to 4th moments of the pooled earnings distribution
by age in the survey, h%, and in the administrative data, h%. “0” and “x” represent the empirical mean
across H-years age bins for the survey and the administrative data for 2020, respectively.  The lines
are local linear polynomials, calculated using a bandwidth of 4 years. Survey results are weighted using
population weights. The figure corresponds to Figure 6 in the paper, but uses standard measures for
calculating variance, skewness and kurtosis as opposed to Figure 6, which is based on robust quantile
based measures.

Figure C.7: Life cycle patterns in pooled risks moments

reemployment happens at the beginning of the month.

3. Simulating conditional earnings distributions, ff , fiQ, fiL
For each given simulated event we draw an earnings realization from the relevant
conditional earnings distribution f2, B = {S,Q, L}

4. Weight together the components from steps 1-3

The key assumptions involved in the simulation procedure concerns step 2. Here we
assume that uncertainty about time spent out of work is resolved at the beginning of the
month. There are three different parts to earnings in 2021 if a job transition occurs. The
first part is earnings before the separation. We assume that workers get a proportional
amount of earnings from the staying branch earnings.! To implement this, we draw
earnings from the stay earnings distribution and normalize the annual earnings by the
duration of this spell. The second part is job search period before the reemployment.
We assume zero earned earnings in this search period. Finally, the third part is after
reemployment. We draw an annual earnings from their conditional earnings distribution
after reemployment in the branch. We adjust the annual earnings from this new employer
by the number of months in the new job 2021.

Figure D.1 shows an example of how we simulate the earnings in 2021 following lay-
off. When a lay-off occurs in step 1 then we draw a month for the job separation event

after solving the equations (1)-(2). In the example, March is selected. In this case, the

'If they have zero stay probability, we impute their earned earnings in the last year. However, 98.5%
of workers have a positive probability of staying with their current employer.

16



6 ) = O Holistic (g) = O Holistic (g) Holistic (9)
==+ % Stay only () ==+ % Stay only () Stay only (f)
. —_;_'__x ,,,,, KoY X RV
4 “ -
3 3
2 g o
(7 =]
X~ ~
v -1 o
2
X, ¢ o o
0 - O e s et ] ° o 07‘ T T T
20 30 40 50 60 20 30 40 50 60 20 30 40 50 60
Age Age Age
(a) Standard Deviation (b) Skewness (c) Kurtosis

Note: The figure shows the average value of the 2nd to 4th standard moments over the life cycle of
holistic earnings risk, g;, and risk conditional on staying, f. “o” and “x” represent the empirical mean
across b-years age bins. The lines are local linear polynomials, calculated using a bandwidth of 4 years.
Survey results are weighted using population weights.

Figure C.8: Moments of holistic earnings risk, g;, vs. risk conditional on staying, f7, over
the life cycle: using standard moments

individual will receive a monthly wage for January and February, and we pick that from
the stay branch’s earnings distribution f{. For the purpose of illustration, assume that
$ 120 is randomly drawn from f°. We normalize this by multiplying % to reflect the
fraction of the year. In the example, July is chosen as the reemployment month as a
result of simulating the reemployment distribution. Therefore, from March to June this
individual has 0 earnings. Lastly, from July to December, the individual will receive a
salary from the new employer and we, therefore, draw an earnings realization from her
conditional earnings distribution, f£, in this case $100. We normalize this by % to reflect
the fraction of the year spent in the new job. Therefore, in this simulation, the aggregated

earned earnings in 2021 is $70.

Earnings
$120 |

$100 i

1. Before | 2. Search
Separationi Period

$20 S0 $50

Figure D.1: Holistic earnings risk simulation
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E Moments of the Pooled Distribution

E.1 Age Group and Current Earnings Variations

In this section, we report figures corresponding to Figure 8 in the paper for all the groups
defined in section 4.1. We note again that we divide the sample into two earnings groups,
above-median (high) and below-median (low), and three broad age groups (20-34, 35-49,
50-65). Figure E.1 shows the results. The number on the label shows their age group and
High/Low means their earnings level in the age group. Across all age groups and earnings
levels, we find a pattern consistent with the pattern presented in Figure 8 in the paper.
We confirm that the administrative based measure, h%, and survey based measure, h¥,
are well aligned. On the other hand, the subjective measure, g;, is heterogeneous while

being centered around 0.

I— Survey holistic (g) — Survey holistic () | — Survey holistic (g) — Survey holistic (g)
I-=- Registry (h',) - -+ Registry (h") | == Registry (h") - -+ Registry (h")
|— Survey pooled (h") — Survey pooled (h") | — Survey pooled (h") — Survey pooled (h")

(a) 20-34:High (b) 35-49: Low (¢) 35-49: High (d) 50-65: Low

Note: Estimates of the mean for h, h’, and the distribution of g; for four subgroups in the data.

Figure E.1: Mean of h¥ and A%, and the distributions of individual means of g; for four
selected subgroups

Figure E.2 show the distribution of the interdecile range, pgy — pig, across groups.
We again find that the subjective g; is systematically lower compared to the registry and

survey pooled moments.

— Survey holistic (g) : — Survey holistic (g) i — Survey holistic (g)
- - Registry (h".) | ~=- Registry (h") | - -~ Registry (h",)
— Survey pooled (h') i — Survey pooled (") i — Survey pooled (h')

— Survey holistic (g)
-=- Registry (h")
— Survey pooled (')

5 1 15
Interdecile range

5 1 1
Interdecile range

5 1 s 5 1 15
Interdecile range Interdecile range

(a) 20-34:High (b) 35-49: Low (c) 35-49:High (d) 50-65: Low

Note: Estimates of the interdecile range for hg( , h%, and the distribution of g; for four subgroups in the
data.

Figure E.2: Interdecile range of hy and h%, and the distributions of individual interdecile
range of g; for four selected subgroups
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E.2 Derivations

Referring back to equation (4) in the main text, let m*) be the k' moment of h¥ and let
mgk) be the &k moment of g;, then each moment is of a mixture distribution of N equally

weighted distributions is given by the convex combination

L~ )
=32 (3)
and the variance (the centralized second moment) is given by

Var(h) = m® — (m(l))2

The sum of the last two terms is always non-negative by Jensen’s Inequality and increasing
in dispersion in the p;’s. This means that differences in the individual pu;’s increases the
variance of h.

The skewness (the centralized third moment) is given by

Skew(h) = m® — 3mWm® 4 2 (m(l))3

1 N 1 N 1) 1 N 2) 3
— —3_ W 2
Nz; N NE,: i ( Zm ) )
1N . 9 [N 3
NZ(%+30MZ+3MZ) QZMZ(UZWLMZ-)JFﬁ Zﬂi
where 73 is the skewness of g; and we use equation (3) to convert m®) to mgk) that are
given by
1
( ) _ M

(3) =9} + 3 (07 + i) — 2048

=7} + 307 i + 34}
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From Equation (5) we see that Skew(h) is the average of the individual skewness (v},
first term of first sum) in addition to an ambiguous dependence on the individual means
and variances.

Kurtosis (the centralized fourth moment) is given by

4
Kurt(h) = m® — 4m®m® 16 (m<1>)2 m? _3 (mu))

where k7 is the kurtosis of ¢g; and in addition to equation (6) we use that

= il + A (9 + 3 (07 + p7) — 20F) — 67 (07 + 417) + 3u (8)
= ki A2+ 602t +

m® = 5+ amPm® — 6 ()’ m® 13 ()’

From Equation (7) we see that Kurt(h) is the average of the individual kurtosis (k%,

first term of first sum) in addition to an ambiguous dependence on the individual means,

variances and skewnesses.

E.3 Subjective and Registry Earnings Risk, Skewness and Kur-

tosis

Figure E.3 (a) shows the relationship between skewness of the k%, i.e., skewness inferred
from the administrative data in cell X, and average skewness of the subjective holistic
distributions g;. As shown above, the relationship between these two measures is ambigu-
ous. In practice the two measures turn out to be unrelated. The correlation is -0.05 and
insignificant at the 10% level of significance. Panel (b) shows the relationship between
kurtosis of h%, i.e., kurtosis inferred from the administrative data in cell X and average
kurtosis of the subjective holistic distributions g; in the same X cells. These two measures

turn out to be weakly related with an estimated slope parameter of 0.11 which is not
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significant at the 10 % level. This is consistent with the theoretical prediction derived
in the previous subsection showing that the relationship between the two measures is

ambiguous.

— Slope:0.02
-~~~ 45-degree line

survey data
o

survey data
S

200
L}

Subjective skewness
Subjective kurtosis

. — Slope:0.28
5 o 2 - 45-degree line

0 25 5 -2 0 2 4 6 8 10
Skewness Kurtosis
administrative data administrative data

-5 -25

(a) Skewness (b) Kurtosis

Note: The figure compares average skewness and kurtosis of subjective holistic earnings expectations,
gi, to those calculated from administrative data. Both are calculated within 300 cells divided by age
group and within age group earnings percentiles, %, i.e, the same partition applied in the construction
of Figure 9 in the paper. The panels show binned scatterplots (red circles) where the bins represent
vigintiles of the interdecile range calculated from the administrative data. A regression line based on the
300 data points is overlaid.

Figure E.3: Comparing skewness and kurtosis calculated from subjective expectations
and from administrative data

E.4 Subjective and Registry Earnings Risk, Finer X-cells

In this subsection, we construct registry based earnings risk using a more detailed parti-
tion based on demographics. We partition the administrative data based on age, gender,
education, and earnings deciles and calculate registry based moments within each of these
cells. In total, we have 1,800 cells, i.e., a substantially more detailed stratification than
the one applied in the paper which divides the data into 300 cells. Based on this we do a
similar exercise as in Figure 9 of the main text. Figure E.4 shows the result. The pattern

is very similar to the pattern shown in Figure 9 in the paper.

E.5 Subjective and Registry Earnings Risk, Heterogeneous In-
come Profiles (HIP)

The literature examining heterogeneous income processes (HIP) assumes that individual-
level heterogeneity in earnings growth is present. To address this issue we calculate
average individual level earnings growth over the last 5 years (2016-2020). We then di-

vide the sample into cells by age, gender, education, current earnings quintiles, and last
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——- 45-degree line

Subjective interdecile range
survey data
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Note: The figure compares average interdecile range, pgo—p10, of subjective holistic earnings expectations,
gi, to interdecile range calculated from administrative data. Both are calculated within 1,800 cells divided
by age, gender, education, and earnings deciles, h . The panel shows a binned scatterplot (red circles)
where the bins represent vigintiles of the interdecile range calculated from the administrative data. A
regression line based on the 1,800 data points is overlaid.

Figure E.4: Comparing interdecile ranges calculated from subjective expectations and
from administrative data: finer X-cells

5 years’ average earnings growth quintiles, resulting in 4,500 cells over which we conduct

an exercise similar to the one presented in Figure 9 in the paper. Again, the results are

practically identical to the results presented in Figure E.5.
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Note: The figure compares average interdecile range, pgo—p10, of subjective holistic earnings expectations,
gi, to interdecile range calculated from administrative data. Both are calculated within 4,500 cells
divided by age, gender, education, current earnings quintiles, and last 5 years’ average earnings growth
quintiles, h%. The panel shows a binned scatterplot (red circles) where the bins represent vigintiles of
the interdecile range calculated from the administrative data. A regression line based on the 4,500 data
points is overlaid.

Figure E.5: Comparing interdecile ranges calculated from subjective expectations and
from administrative data: HIP
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F Consumption Savings Model

F.1 Estimating Earnings Process Parameters

In this section, we describe the estimation procedure for the parameters of the earnings
process in Section 6 in the paper. We start by constructing relevant moments based
on the two-parameter earnings process from the main text, where Ay! (which equals
yl — yi ) represents the earnings growth for individual 7 at time ¢. Then, we can write
two-moment conditions as a function of two parameters. The first moment condition on
the left-hand side corresponds to the cross-sectional variance of earnings growth, while the

second corresponds to the covariance of earnings growth. Then, there are two unknowns

2

o 0?) with two equations, so we can identify the parameters.

(o

Var(Ay;) = o} + 207
Cov(Ay;, Ay;_,) = —o?

€

(9)

To construct empirical moments, we use registry data and restrict the sample to
include those with earnings above 20,000 DKK from 2018 to 2020 and age between 20
and 65. We first run a regression using age, age-sq, gender, education above college,
and year-fixed effect to obtain the residualized log earnings. Then, using residual log
earnings, we construct earnings growth and the moment values for the left-hand side of
Equation (9).

F.2 Retirement Phase

In this subsection, we provide details about the specification of retirement income and
corresponding value functions. Income during retirement replaces R percent of earnings
in the last period before retirement y% and with a guaranteed social security floor, ss such
that retirement income is y% = max{R X y&,ss}. There is no uncertainty on retirement
income, and they get a fixed amount.

The value function for retired workers is as follows.

i(d (c))' = i(d
Vi(ai, ss') = max oV, 557)
BV T=0
st. ¢ +ap, = (10)

zp = (1+7r)a; + exp(yy)

Y = max{R x yi, ss}
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fort=1T,..,L with V., = 0.
We use R as 0.8 and ss as 140,000 DKK, corresponding to 20,000 USD for the simu-

lation.

F.3 Distribution of of and ,ugfi

In this subsection, we report the value of a* and ,uéfi we used in each simulation. Table F.1

shows the value of o and p; we used for Survey 3-G and 10-G.

Table F.1: The values of o* and p.;

A ok B. pl;
G | Survey 3-G  Survey 10-G | Survey 3-G Survey 10-G
1 0.0009527 0.0000292 0.020 0.017
2 0.1630473 0.0003412 0.024 0.020
3 0.9176532 0.0015750 -0.049 0.025
4 0.0056766 0.029
5 0.0156797 0.022
6 0.0377508 0.024
7 0.0730017 0.017
8 0.1418172 -0.009
9 0.8650071 -0.041
10 2.5128423 -0.138
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