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Overview

This paper:
The evolution of perceived, objective, and realized unemployment risks over the cycle
First things first:

® Careful analysis with state-of-the-art tools
— extensive data work at each step of the analysis

— useful decomposition of channels in (partial equilibrium) HA model

Plan for this discussion
® Brief summary

e Comments + suggestions
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One-slide summary
1. What they do:
® Three objects of interest:

» perceived unemp. risk: based on SCE and backcast using ML tools
» objective unemp. risk: based on ML efficient forecasts of transition rates
» realized unemp. risk: actual job transition rates based on CPS

® Regression analysis to study relationships between the three objects

® HA consumption-saving model to decompose aggregate consumption response
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» objective unemp. risk: based on ML efficient forecasts of transition rates
» realized unemp. risk: actual job transition rates based on CPS

® Regression analysis to study relationships between the three objects
® HA consumption-saving model to decompose aggregate consumption response

2. What they find:
® Perceived risk predicts realized risk
— however is underreactive to changes in objective ex-ante risk
— there is heterogeneity in underreaction across perceived risk distribution
® Model: Important role for precautionary savings remains

— driven by job-finding beliefs
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Comment # 1: Uncertainty from

Job Finding Probability Imputation

ML estimates/imputations?

Typical regression in the paper:

Iog(.’/\l:'t+3‘t) =1.92+0.51 Iog(jl\-':+3‘t)+et
— JF: imputed perceived job finding risk

5 JF": “true” risk proxy from ML forecast
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Job Finding Probability Imputation

Typical regression in the paper:
Iog(.’/\l:'t+3‘t) =1.92+0.51 Iog(jl\-':H‘t)jLet
— JF: imputed perceived job finding risk

5 JF": “true” risk proxy from ML forecast

LHS/RHS variables are generated with
considerable uncertainty

— how precise is then the estimate?

— some quantification would be helpful
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Comment # 2: ML vs. AR(1)
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Introduction

Realized Job Finding Probability Prediction

Summary

1) For JF, the AR(1) seems to do better than ML

— especially in the Covid Pandemic

— does it matter for the results?

Comments

Conclusion
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Comment # 3: Job finding vs. job separation

Paper finds interesting differences in sluggishness of

Job Separation

17.5 .
—— Expectation perceptions between JF & JS

15.0 Realization

125 (Correlation Coef =0.37 — overall perceived job separation risk more sticky

— also differences in heterogeneities

— overall, results for JF look more “intuitive”
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— or is it obvious for a “labor person”?
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Introduction Summary

Paper finds interesting differences in sluggishness of
perceptions between JF & JS

— overall perceived job separation risk more sticky
— also differences in heterogeneities

— overall, results for JF look more “intuitive”

Is there an explanation for the differences

— or is it obvious for a “labor person”?

Could it just be that pandemic messes with JS?

Comments Conclusion
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Comment # 4: Policy implications from model simulations

Output effect of

providing insurance

Ml Effect of insuring Q
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Introduction Summary

JF & JS combined, average perceived and objective
risks still seem tightly linked

— precautionary savings channel important

— policies that provide insurance should be effective
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Heterogeneity results complicate the picture
— if high MPC individuals do not see the risk

— this channel might not be so central after all

Comments Conclusion  7/8



Comment # 4: Policy implications from model simulations

Output effect of

providing insurance

Ml Effect of insuring Q

08 M Effect of insuring U-risk

0.6[
0.4

0.2[

0.0 — I ! i T
3 6 9 12 15 18 21

Bayer et al. (2023, EJ)

Introduction Summary

JF & JS combined, average perceived and objective
risks still seem tightly linked

— precautionary savings channel important

— policies that provide insurance should be effective

Heterogeneity results complicate the picture
— if high MPC individuals do not see the risk

— this channel might not be so central after all

Maybe, this discussion could be expanded in the paper
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To sum up

Grand undertaking with intriguing results
— already very careful execution

— could be cleaned up and expanded further

Certainly looking forward to the next iteration!
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