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In this paper we highlight the important role used to provide new empirical measures of par-
the PSID has played in developing our under-tial insurance in which the transmission of in-
standing of income dynamics and partial insur-come shocks to consumption varies systemati-
ance, see for example, Krueger and Perri (2005)¢ally with assets, the level of the shock and the
Blundell, Pistaferri and Preston (BPP, 2008) andhistory of past shocks.

Attanasio and Pistaferri (2016).In the partial

insurance approach, transmission parameters are 1. Earnings and consumption dynamics
specified that link ‘shocks’ to income with con-

sumption growth. These transmission param- A prototypical “canonical” panel data model
eters can change across time and may diffeef (log) family (earned) incomg;t is:

across individuals reflecting the degree of ‘insur- .

ance’ available. They encompass self-insuranceYit = 7it +¢it, 1=1L..N, t=1..,T.
through simple credit markets as well as other
mechanisms used to smooth consumption.

We explore the nonlinear nature of income
shocks and describe a new quantile-based pangll_
data framework for income dynamics, devel- "
oped in Arellano, Blundell and Bonhomme andei; is atransitory shock

(ABB, 2017). In this approach the persistence There is good economic reasoning behind this
of pastincome shocks is allowed to vary accord-gecomposition: persistent shocks to income are
ing to the size and sign of the current shock. Wemore difficult to insure, especially for young
find that the model provides a good match with t5milies with low assets. How families cope
data on family earnings and on individual wages,yith persistent shocks is the main focus of this
from the PSID. We confirm the results on in- yesearch. Short-run fluctuations will matter too,
come dynamics using the extensive populationsf course, especially for households with low as-
register data from Norway. sets (or low access to liquid assets).

Exploiting the enhanced consumption and as- |n the partial insurance framework, consump-
set data in recent waves of the PSID, we showijgn growth is related to income shocks:
that nonlinear persistence has key implications
for consumption insurance. The approach iSAc; = ¢ioit + wieit +vit,i =1, N, t =1,.T.

wherey;; is net of asystematic component;
is arandom walkwith innovationoit,

= 7it—1+70it, i=1..,N, t=1..T.

* Arellano:  Cemfi, Madrid, arellano@cemfi.es Blun- Wherecit is Iog_consumptior_} n_et ofa sys.tematic
dell:  University College London, Gower Street Lon- componentg; is thetransmissiorof persistent
don, rblundell@ucl.ac.uk Bonhomme:  Chicago, sbon- shocksyj;, and wt thetransmissiorof transitory
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grateful to Luigi Pistaferri and Itay Saporta-Eksten for help

with the PSID data, Magne Mogstad and Michael Graber for mdependent across peHOdSv see BPP.

providing the estimations using the Norwegian population — This baseline panel data model specification
register data as part of the project on ‘Labour Income Dynamicscgn be summarised as:

and the Insurance from Taxes, Transfers and the Family'.
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1Blundell and Preston (1998) develop a similar framework 2 2 2 2 2
for repeated cross-section data. var(Acit) = ¢“o, + yos + 0,
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var(Ayi) = o7 + 207 lows ‘unusual’shocks to wipe out the memory
of past shocks. Additionally the future persis-

A ) - 2 .
Coo(AYitAYit-1) = —0; tence of a current shock will depend on future

Co(AGtAYit) = ¢o'1)2 + WUEZ shocks. We will see that the presence of ‘un-
9 usual’ shocks matches the data well and has a
Coo(ACit-14Yit) = —wo; key impact on consumption and saving decisions

BPP show identification and efficient estimation over the life cycle.

using GMM. They include time(age) variation  |n this framework we maintain the permanent-

in thes 2 terms and in the insurance parameterstransitory factor structure

They also allow for measurement error and ex-

tend to MA(1) transitory shocl&. Vit =it +eit, 1=1,..,N, t=1..,T.
The parameterg; and y; link the evolution

of consumption inequality to income inequality. but allow 7i; to follow a general first-order

They indicate the degree of partial insurance,Markov process. Denoting therth conditional

and will differ by age, assets and human capital.quantile ofyi¢ given ity as Qi (7it-1, 7), we

For example, using a linearised approximationspecify

to a simple benchmark intertemporal consump- it = Qu(7i,t—1, Uit),

tion model, Blundell, Low and Preston (2013)

where (G |7it—1, 7i,t—2,..) ~ Uniform(Q, 1),
show (% 7 t—1, 7i t—2, -.) 0,1

andej; has zero mean, independent over time.

— (1 _ 1 The conditional quantile functions
dr= (1= m) andyr = (1 =7ie)yLe Q:t(7i1—-1, uit) and the marginal distributions
where F. can all be age specific.

This framework allows for quite general non-

~ Assety linear dynamics of income, allowing a general

Assetg + Human Wealth form of conditional heteroscedasticity, skewness
and kurtosis. To see this, consider the following
measure of persistence

it

and y ¢ is the annuity value of a temporary
shock to income for an individual aged t retir-
ingatage L. 0Qu(rit-1,7)
In the PSID estimates dfl. — zj;) typically pt(fit-1,7) = —
average at around .82. BPP estimatpaatial 1
insurancecoefficient of .642 (.09). They docu- which measures the persistenceylgi‘_l when,
ment higher values for samples without collegeat aget, it is hit by a shockuj; that has rank:.
education, for older cohorts, and for low wealth This measures thpersistence of historiesBe-
samples. low we show strong evidence for such nonlin-
This linearised partial insurance framework earities in persistence.
provides key insights on the distributional dy-
namics of income and consumption. How-
ever, it rules out the nonlinear transmission of

shocks and restricts interactions in consumption _ o _
responses. To motivate the specification of consumption

we use a standard life-cycle incomplete mar-
II. Nonlinear Persistence kets model (some arguments are latent). Let
Git anda; denote log-consumption and assets
The aim in the new work on nonlinear persis- (beginning of period) net of age dummies. We
tence is to step back from the standard panel dat&nodel consumption in levels and leave the non-
model of income dynamics and take a differentlinear rule flexible. Our empirical specification
track: develomn alternative approaclin which ~ is based on
the impact of past shocks can be altered by the
size and sign of new shocks. The framework al- Gt = &t @it 7it, €it, vit)  t=1,... T,

[ll.  An Empirical Model for Consumption

2BJundell and Preston (1998) develop these covariance re- 3The first-order Markov assumption can be generalised to
strictions for repeated cross-sections. Markov (p), with any fixed p (although this requires larger T).
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FIGURE 1. QUANTILE AUTOREGRESSIONS OF LOGEARNINGS

(a) PSID data (b) Norwegian administrative data
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Note: Residualsjy of log pre-tax household labor earnings, Age 25-60 1999-2009 (US), Age 25-60 2005-2006 (Norway). Estimates
of the average derivative of the conditional quantile functionjpfjven y ;1 with respect to y;_,. Quantile functions are specified

as third-order Hermite polynomials.

Source: Arellano, Blundell Bonhomme (2017).

percentile ook

wherev;; are independent across periods, gnd also cases where the consumption rule depends
is a nonlinear, age-dependent function, mono-on laggedy, or wheny follows a second-order
tone invjt, vit may be interpreted a taste shifter Markov process, see Section 3 ABB. The
that increases marginal utility. This consump- framework allow for additionalyjnobserved het-
tion rule is consistent, in particular, with the erogeneityin earnings and consumption. House-
standard life-cycle model, e.g. Kaplan and Vi- holds will also differ in their initial productivity
olante (2010). ABB derive conditions under #1 and initial assets.
which g is nonparametrically identified.
With consumption specification given by IV Data and Estimation
The PSID went through a redesign in the late
1990s, introducing new consumption and asset
modules. Since 1999 it collects some 70% of
consumption expenditures, and more than 90%
oot (a, 1, &,v) since 2005. We use the sum of food at home,
T] food away from home, gasoline, health, trans-
portation, utilities, etc. We also make use of
oo (a, i, ¢, v) the more detailed asset data, see Blundell, Pista-
yi(@,n,6) =E [a—g} : ferri and Saporta-Eksten (2016), BPS. For com-
arison we make use of family earnings data
where ¢1(a, 7,¢) and y(a, 7, ¢) reflect the ?rom administrative records frorr?l the Nor\?vegian
transmission of the persistent and transitor

! . ypopulation registers see Blundell, Graber and
earnings components, respectively. They geny, ogstad (2015}

eralise the partial insurance coefficients of BPP.

Gt = O (ait, nit, €it,vit), t=1..,T,

consumption responsesande are

Pt(a, 1, ¢) ZE[

The results we present on the PSID use data
Similar techniques can be used in the presencérom the 1999 - 2009 surveys. Assets holdings

of advance informatiore.g. are the sum of financial assets, real estate value,
pension funds, and car value, net of mortgages
Git = Ot (ait, 7it, 7i,t+1, €t Vit) » and other debt. Incomg; are residuals of log
or consumption hablt$'g' 4The Norwegian results are part of the project on ‘Labour

Income Dynamics and the Insurance from Taxes, Transfers and
Cit = Ot (Ci,t—l, ait, 7it, €it» Vit) . the Family’. See ABB Appendix C.
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total pre-tax household labor earnings on a set oto #; 1—1, evaluated at percentileshock and at
demographics - cohort and calendar time dum-a value ofy; t—1 that corresponds to then;t
mies, family size and composition, education, percentile of the distribution ofi t—1. The es-
race, and state dummies. Log consumptign ¢ timates are evaluated at mean age in the sam-
is also a residual, using the same set of demople. Panel (b) in Figure 2 is based on data simu-
graphics as for earnings. Following BPS, we se-lated according to our nonlinear earnings model
lect married male heads aged between 25 and 5%vith parameters set to their estimated values. It
In this paper we focus on a balanced sub-samplshows a close accordance with the persistence in
of N = 792 households. the PSID income data, see panel (a) of Figure 1.
The conditional quantile function for the per-  Moving to the estimated consumption model,
manent income factoyit, giveny; t—1, is speci-  Figure 3 displays the average derivative of the

fied as conditional mean o€;; givenyi, ait andage;
with respect toyj;, evaluated at values afi
Qi(nt-1,7) = Q(ni-1,a98&, 1) andage; corresponding to theifassetsanNdzage
K percentiles, and averaged over the valuegof
= Zai?(’[)q)k(ﬂt—l, age), It shows consumption responses vary system-
k=0 atically with age and assets and in a way that

accords with stand life-cycle theory. It also
shows a clear accordance between the consump-
tion model and data.

where gk, k = 0,1,..., K, are polynomials
(Hermite). Similarly forej; etc. The consump-

tion (log) function,g(a, 1, ¢t, age), is speci- Finally, we provide preliminary evidence that

fied as a flexible polynomla! In assets, perma-y,qo onlinear persistence we have uncovered in
nent income factor, the transitory shock and agefamily earnings data is also evident in hourly

; Ejt'm?t'or_]r;akis place in two steps, see ABBfwage data. Figure 4, panel (a), presents es-
or detalls. The first step recovers estimates ol aa5 of nonlinear persistence in the perma-

the income parameters. The second Step re3ont component for PSID male hourly eamings.
covers estimates of the consumption parameterss, e (b) provides the implication from the sim-
given an estimate of the income parameters. The,aiaq nonlinear model. These results show an
estimation algorithm alternates between draw§y, o ant role for unusual shocks and nonlinear
of Iate_nt varlable.s from pandldate posteriors andpersistence in hourly wage data, suggesting non-
quantile regressions using those draws, see alsf} . persistence maybe a key feature for life-
Arellano and Bonhomme (2016). cycle models of family labor supply.
V. Empirical Results ]
VI. Summary and Conclusions

Figure 1 provides our initial evidence for non-
linear income dynamics. It presents estimates of In this paper we have outlined a new frame-
the average derivative of the conditional quan-work to shed new light on income dynamics
tile function of yit giveny; t—1 with respect to and nonlinear transmission of income shocks
Vi.t—1 for both the PSID in panel (a), and the to consumption. We have exploited important
Norwegian register data in panel (b). These arenew measurements for consumption and assets
evaluated at percentiles of the shagkockand  in the PSID. We have also shown the comple-
at a value ofy; ;_1 that corresponds to thenit mentarities between ‘big’ administrative data,
percentile of the distribution of; +_1. like the Norwegian registers, and purpose de-

The estimates in Figure 1 display distinct and signed panel surveys, like the PSID.
systematic nonlinearity. The persistence of in- A Markovian permanent-transitory model of
come shocks is much lower for large negativehousehold income, which reveals asymmetric
(positive) shocks for high (low) initial incomes. persistence of unusual shocks, is shown to ac-
The results for the PSID are confirmed in panelcord well with the persistence of income in the
(b) for the Norwegian data. PISD and in Norwegian register data. An age-

Turning to the income model, Figure 2, panel dependent nonlinear consumption rule as a func-
(a) provides estimates of the average derivativeion of assets, permanent income and transitory
of the conditional quantile function of the per- income, is also applied to the PSID and shown
sistent income factogit on #; t—1 with respect to generate new empirical measures of the de-
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FIGURE 2. NONLINEAR PERSISTENCE

(a) Persistent componen (b) Earnings, nonlinear model
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Note: PSID data. Graph (a) shows estimates of the average derivative of the conditional quantile funggiamaf ;1 with respect
to 7j t—1, based on estimates from the nonlinear earnings model. Graph (b) is based on data simulated according to our nonlinear
earnings model with parameters set to their estimated values. Source: Arellano, Blundell and Bonhomme (2017).

FIGURE 3. CONSUMPTION RESPONSES T@jt, BY ASSETS AND AGE

(a) PSID data (b) Nonlinear model
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Note: Estimates of the average derivative of the conditional mean given y;, a1 & age with respect to y, evaluated at values
of gt & agej; corresponding to theitassets& rage percentiles, and averaged over the values;pf $ource: Arellano, Blundell and
Bonhomme (2017).
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FIGURE 4. NONLINEAR PERSISTENCE INMALE HOURLY WAGES

(a) Persistent componem (b) Earnings, nonlinear model
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Note: Log male wages, Age 30-60 PSID 1999-2013 (US). Estimates of the average derivative of the conditional quantile function.

Source: Authors calculations.

gree of partial insurance. Risk Using Consumption Data’Quantitative

The results also point to nonlinearities in the Economicsvol. 4(1), pages 1-37, 03.
dynamics of individual male wages. Infuture re- Blundell, Richard, and lan Preston (1998)
search we will explore the impact of such non-“Consumption Inequality and Income Uncer-
linear persistence on family labour supply andtainty.” Quarterly Journal of Economi¢4.13(2):
consumption smoothing, building on Blundell, 603-640.

Saporta-Eksten and Pistaferri (2010) and Heath- Blundell, R., L. Pistaferri, and |. Preston
cote, Storesletten, and Violante (2014). (2008): Inequality and Partial Insurance,” Amer-

Future research could also usefully examineican Economic Review, 98(5): 18871921.
firm to firm transitions and lay-offs, it could  Blundell, R., L. Pistaferri, and |I. Saporta-
focus on the role of housing equity and local Eksten (2016): Smoothing and Family Labor
labour markets. It could also look at health and Supply, American Economic Review, 106(2),
other types of (partially insured) shocks. 387-435.

A final word to the PSID. Congratulations at Guvenen, F., F. Karahan, S. Ozcan, and J.
50! Thanks for everything, for all those many Song (2015): What Do Data on Millions of
micro-data innovations and looking forward to U.S. Workers Reveal about Life-Cycle Earnings
the next 50 years! Risk?” NBER WP 20913.
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