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I. The stochastic process for labor income:

lnYt = θ0EXPi,t + θ1EXPi,t + τt + ηi,t

ηi,t = αi + βiEXPi,t + ui,t

Model RIP: αi = α and βi = β

Model HIP: heterogeneous level and growth rates

Model HIP with learning: age-varying uncertainty
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I. The stochastic process for labor income:

lnYt = θ0EXPi,t + θ1EXPi,t + τt + ηi,t

ηi,t = αi + βiEXPi,t + ui,t

Model RIP: αi = α and βi = β

Model HIP: heterogeneous level and growth rates

Model HIP with learning: age-varying uncertainty

Looks like RIP when young and HIP when old

Tight common prior: RIP to agent and HIP to labor economist

Tight correct prior: HIP to both
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Why are these models so hard to disentangle?

lnYt = θ0EXPi,t + θ1EXPi,t + τt + ηi,t

ηi,t = αi + βiEXPi,t + ui,t

cov
[
ηi,t, ηi,t+τ

]
= var [α]+var [β]

(
EXP2 − τEXP

)
+cov

(
ui,t,ui,t+τ

)
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Maybe also age-varying variances of persistent and transitory

shocks!
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What we know

αi = α and βi = β: ρ ' 1 (Abowd and Card 1989)
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What we know

αi = α and βi = β: ρ ' 1 (Abowd and Card 1989)

{αi, βi}: ρ ' 0.5 (Baker 1997)

But . . . ex post estimates constructed by an econometrician

Even given the true αi and βi, the agent may have to learn them

Insight: learning shows up in optimal consumption/saving

Problem: hard to identify learning vs. flexible exog shock process
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II. What can we learn from consumption?
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II. What can we learn from consumption?

Typical/previous approach: Primicieri and Van Rens (2003)

Income process: ∆ lnYi,t = αi + ∆ui,t + γi∆et︸ ︷︷ ︸ + ηi,t + γivt︸ ︷︷ ︸
Transitory Permanent

PIH model:
(
Et − Et−1

)
lnCi,t = 1−R−1

1−Rt−T

T−t∑
s=0

R−s (
Et − Et−1

)
lnYi,t

Imply approximately: ∆ lnCi,t = bi + (1− ϕ)ni,t + δ̂vt

Estimate by matching moments: var
(
∆lnYi,t

)
, V ar

(
∆lnCi,t

)
,

cov
(
∆lnCi,t,∆lnYi,t

)
, cov

(
∆lnYi,t,∆lnYi,t−1

)
, etc.
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The Indirect Inference Approach

Write down auxiliary model – in this case based on insights from

CEQ PIH and estimate these key relationships

12



The Indirect Inference Approach

Write down auxiliary model – in this case based on insights from

CEQ PIH and estimate these key relationships

Estimated on data or model generated data, give wrong esti-

mates of things like MPC of permanent shock

12



The Indirect Inference Approach

Write down auxiliary model – in this case based on insights from

CEQ PIH and estimate these key relationships

Estimated on data or model generated data, give wrong esti-

mates of things like MPC of permanent shock

But choose model parameters so that wrong estimates from data

match wrong estimates from model generated data

12



The Indirect Inference Approach

Write down auxiliary model – in this case based on insights from

CEQ PIH and estimate these key relationships

Estimated on data or model generated data, give wrong esti-

mates of things like MPC of permanent shock

But choose model parameters so that wrong estimates from data

match wrong estimates from model generated data

Nice: focusses on the implications of the model that help to

distinguish cases/identify parameters rather than moments that

one happens to have in hand
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Key: what happens following higher than expected ∆lnY ?

∗ HIP with learning: high ∆lnC new information about high

∆lnY in future

∗ RIP: medium ∆lnC as persistent shock to income level

∗ HIP without learning: tiny ∆lnC as largely transitory income

shock

Also identification from different histories in income causing vari-

ation in expected income growth across households
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Introduction A Life-cycle Model of Consumption-Savings Estimation Results Conclusions Appendix

Results with Real Data

Estimated parameters
Data: Y Y+C Y+C (RIP) Y+C (�ll)
ρ 0.636 0.789 0.972 0.773
ση 0.192 0.171 0.140 0.179
σε 0.146 0.053 0.085 0.033
σβ(�100) 2.645 1.877 � 1.780
σα 0.496 0.329 0.369 0.279
λ � 0.768 � 0.795
σαβ -0.475 -0.303 � -0.506
σuc � 0.341 0.342 0.340
σuc � 0.402 0.435 0.391
σuy � 0.153 0.092 0.150
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Conclusion: a warning

Income process modelled jointly with a particular optimizing model

Does not necessarily carry over to other models – not stylized

fact

Eg. If you want to study portfolio choice over the life-cycle, need

to re-estimate all over
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