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Abstract

In this paper | estimate age-saving profiles from micro data in six counttadg, Japan, Tai-

wan, Thailand, the UK, and the US) to verify whether households aiegag postulated by
the life- cycle theory. The level of household savings depends orcafert and year effects,
and the perfect collinearity among these effects is broken by applying@anametric regres-
sion model. In this model, the cohort effect is assumed to be an arbitrantisfaoction, and

the model is estimated by the generalized additive model with a penalized smosiimesy

approach. Estimated saving-age profiles showed declining savings itdtagenfor the ma-
jority of examined countries. An interesting feature for Asian househoédsandouble hump
in savings, with a temporal dip for households for the age bracket ahdnmid-40s.
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1 Introduction

This paper examines the saving behavior of households tosintries, and presents new evidence
that age-saving profiles generally agree with predictidribelife-cycle hypothesis of Modigliani
and Brumberg (1954). The life cycle hypothesis predictsdlgatsaving profiles have hump shape,
with individuals saving most from the middle age to theirireghent, and dissaving in young
and old ages. Though | did not observe this hump-saving i @six examined countries,
the evidence of life-cycle savings agreed with theorefizatictions much more compared with
previous studies that estimated age-saving profiles froonaaiata (Poterba, 1994; Borsch-Supan,
2003; Deaton and Paxson, 1994; Paxson, 1996). In particufdle the theory predicts negative
savings among the elderly, most previous studies concltitEdsavings remained either flat, or
even increasing, for aged households.

Most recent studies of household saving behavior followtBreand Paxson (1994) and study
savings as a combination of age, cohort, and year effecis.dBtomposition produces estimates
of age-saving profiles of households from estimates of agetebut it also creates an identifica-
tion problem due to the perfect collinearity among age, c¢plamd year effects, since for every
birth cohort, its year of birth is exactly the current yeasdats current age. The identification
problem can be solved by imposing some restrictions on ttee daparticularly popular approach
follows Deaton and Paxson (1994), who suggested to impdkegwnality restrictions on year
effects. The solution was used in many micro studies of Hmldesavings (Borsch-Supan, 2003;
Paxson, 1996). In this paper, | apply an alternative satuti@t restricts cohort effect to be a
smooth function that has no sudden jumps, and whose shafEeastimated by a nonparametric
regression model. In contrast to the Deaton-Paxson apprtae smoothing cohort model leaves
year effect unrestricted.

Applying the smoothing cohort model, | found that age-sg\yrofiles showed a dip of around
20 percentage points among aged households in the Unitedbmadi. The dip in the old age was
also evident among household in Italy and Taiwan, but wasdigmificant, at around 10 percentage
points. On the other hand, age profiles of savings in the didiagdom and Thailand turned out
much more volatile, with much less clear evidence of disgain the old age. Another noteworthy
finding was declining savings not only in the old age, but algbe middle age, especially among
Asian households. This finding may indicate that change®uséhold behavior reflect not just
the retirement motive (as postulated by the stripped-dowdeahof household savings), but also
motives that require substantial dissaving in the middég agch as housing purchases, and support
for children’s education.

2 Model

| begin with the conventional model of Deaton and Paxson 4).9@ which household savings
depend on age, cohort and year effects. Consider a housdtatldstobserved in yedr with
the head of household agadand born in yeab. Birth cohorts are defined by the year of birth



of household head. The model explains the saving yatehich equals the difference between
disposable income and consumption, normalized by disp@gatome.

The shape of age, cohort and year effects on savings is noifispe and estimated by three
sets of dummy variables for age, birth cohort, and curreat.\ieor example, age effects for ages
between 25 and 70 are estimated with-7B5+ 1 = 46 dummy variables for each age in this age
span. Let this matrix of age dummies bg. Cohort and year effects are similarly defined by
matrixes of dummy variabld3. andD;.

The Deaton-Paxson model combines these three effects mgsaand yields

A C T
y= BO+aZlBaDa+Czlﬁch+t;BtDt +€ (1)

For each dummy matrio,, D¢, andDy, the sum across rows is always one, which results in
the perfect collinearity betwedbd,, D¢, andD; and the intercept terrfip. Typically, the problem
Is solved by dropping a single dummy variable from eactbgf D, andD; (such as the first
age effect inD,, and similarly forD¢, andD;). The dropping of first terms iD,, D¢, andD; is
another way to restrict parameters for the dropped termero. ZThis makes the dropped terms
a benchmark to interpret estimatesff B;, and. Suppose that age effect is estimated for age
span 25 to 70, and the omitted dummy variable is for age 25n aheositive estimate for dummy
variable for age 26 means that compared with the benchmarRagsavings are increased at age
26.

Using a particular age, cohort or year as a benchmark is fpfuhén interpreting estimated
parameterg,, Bc, andB. More informative benchmark is produced by an alternat@sgriction
that the sum of estimated coefficients for each of three &sfiezero (Suits, 1984):

A C T
a=S Be=Y B =0 2
azlﬁ cglﬁ t;Bt ( )

This approach keeps the full set of dummy variables for agbpt and year effects, but
restricts their sum to zero. The zero benchmark level isaatsal with the average effect across
the full span of dummy variables for age, cohort or perioé@t. Then positive estimates of, say,
age effect show positive deviations from the average saatggacross the estimated life cycle.

3 Identification problem and its solutions

Identification problem occurs in model (1) even with resioig (2), due to the exact linear relation
between the current yegragea and year of birtho (hamely,t = a+ b). Because of this perfect
collinearity, it is impossible to find a unique explanation €&xamined data. Suppose, for example,
that saving rate is increasing by 3 percent a year. This tcandoe explained by year effects in
savings that increase by 3 percent per year, with no changage and cohort effects. Another
possible interpretation is by a combination of increasigg and cohort effects, with 3 percent
growth per year of age, and the same 3 percent increase ityeaser cohort, and no contribution



from year effects. Deaton and Paxson (1994) and Paxson) p8®@de similar examples how the
identification problem leads to alternative interpretasiof observed trends in data.

The identification problem can be avoided by imposing restms on estimated regression
coefficients in (1). The most common solution in studies afdehold savings follows Deaton and
Paxson (1994), who suggested restrictions on year effSiesiely, Deaton and Paxson proposed
the following two restrictions: (1) year effects are ortbogl to a linear time trend, and (2) the sum
of year effects is zero. The first restriction is crucial, l@hihe second restriction is not (in fact, it is
identical to restriction on year effects in (2)). Due to timhogonality restriction, any linear trends
in data are removed from year effects, and attributed to &géhand cohort effects. For example,
in the previous example of the 3 percent growth in saving, tag Deaton-Paxson approach will
choose the second interpretation, with 3 percent increabeth age and cohort effects, and no
growth in year effect. Essentially, the Deaton-Paxson@ggr postulates that time effects contain
only cyclical variation. If any trends appear in data, they ®rced to appear in age and cohort
effects, since only these two effects are unrestrictedohsequence, the Deaton-Paxson approach
may result in spurious trends in age and cohort effect, mgskieir original patterns.

In this paper | will use an alternative solution to the idéadition problem. The solution re-
stricts the pattern of cohort effect, and leaves age andefésants unrestricted, so in contrast to the
Deaton-Paxson approach, estimates of year effect mayin@mpkind of trend. The cohort effect
Is restricted to an arbitrary smooth function, with no sudfenps, which can be estimated by a
nonparametric regression. The solution is called the smogicohort model, and was suggested
by Fu (2008). Essentially, the smoothing cohort model regdathe matrix of cohort dummies
D¢ in (1) with a single variable for birth cohorts, and its effect is allowed to be nonline&ine
introduction of a smooth nonlinear functidric) in (1) produces the following smoothing cohort

model of saving ratg:
P

A
y:BO+ZBaDa+f(C)+ZBpr+5 (3)
a=1 p=1

3.1 Estimation

The smoothing cohort model (3) is essentially a semipanatneggression model that consists
of two parts: a nonparametric compondr(ic) and a parametric component that combines two
sets of dummy variable®, andDp. Originally, Fu (2008) suggested to estimate the smoothing
cohort model as a generalized additive model (GAM). The GAiv fit regression model (3) by
the backfitting algorithm of Hastie and Tibshirani (1990)owéver, in recent years the stability
of the backfitting algorithm was questioned, particulanydatasets with high collinearity among
explanatory variables (Schimek, forthcoming). Anotharitation of the GAM estimator is the
need to select a smoothing parameter (namely, the numbesgoéess of freedom). While Fu
(2008) claimed that settilyyto 10 degrees of freedom ‘yields good results’ (p. 341),preferable
if the degree of smoothing df(c) is determined endogenously, depending on analyzed data.

In this paper the smoothing cohort model (3) is estimatechbyModified Generalized Cross
Validation (MGCV) algorithm of Wood (2004, 2006). The MGCV hsgperior numerical sta-



bility compared to the backfitting algorithnib{d.). In addition, the algorithm selects smoothing
parameters endogenously, by minimizing the predictiooremiteria (such as the generalized cross
validation or Akaike Information Criteria). In this sectibdiscuss the estimation of the smoothing
cohort model by the MGCV.

Consider a reduced specification of (3), with only nonparamétrm f(x;). Once this ba-
sic case is introduced, its extension to the full semipatameodel is trivial. In the reduced
specification, the dependent varialgldepends on a single explanatory variakle

y="f(X)+& (4)

wheref (-) is an arbitrary smooth function argis the error term with zero mean and variamce

Let k1 < ... < Kk be a sequence of breakpoints (‘knots’) that are distinctbensithat span
the range ok. The smooth functiori (x) is estimated by cubic splines, which are cubic piecewise
polynomials that are joined at the ‘knots’. Due to speciaitnietions, these polynomials join
smoothly at the knots, and also have continuous first andnsederivatives. LeK denote the
number of knots. The a cubic spline can be represented byated cubic basis functions:

K
S(X) = Bo + Brx+ Box% + BaxC + Y Bria(x— k)2
=1

where

0, x<Kk
(X_Kk)+:{

(X—Kg), X>Kk
In this representation, the cubic spline has a simple ingé¢sion, as a global cubic polyno-
mial By + Bix + B2x* + Bax® and a set oK local polynomial dewatlonsz (x— k3. In ma-

trix form, the truncated cubic basis beconyes X B+ ¢, whereX is de3|gn matrix withith row

= [1 Xi xi xi (X — Kl)i v (X —Kk) ] B is the corresponding vector of regression
parameters, and is the error term. The smooth functidi{x,8) is linear inK + 4 regression
parameters, and can be fitted by minimizing the sum of squr:ﬂa':fa'duals(y—XB)T (y—XB) =
ly—XB]1.

By increasing the number of kndts the model becomes more flexible in approximagngut

if the number of knots is too large, the estimaféx) may followy too closely. In the limit, when
K = n, the cubic spline simply interpolatgs To prevent too much wiggliness in the estimated
curve, a special term that penalizes rapid changef(i) is added to the fitting criteria. The most
common penalty is by [ [f”(x)]2d><, resulting in the penalized least-squares criterion

QUF.A) = [ly=XBIP+A [ [1"(9] dx

The penalty contains integrated squared second derivati\féx). If the regression fit pro-
duces estimate§(x) that are too rough, this will increasf”(x)]>dx. The parametei in the
penalty term controls the trade-off between the modelyfit X3|| and the wiggliness penalty
f[f”(x)]zdx When A = 0, the wiggliness penalty has no effect on the minimizatigtexGon
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Q(f,A), resulting in unpenalized estimatesfdk) that just interpolate data. In contrast= +o
produces the perfectly smooth lirige., a linear regression line with constant slope.

The calculation of the wiggliness penalty is simplified bying that derivatives and integrals
of f(x) are linear transformations of estimated paramefg(x), with f(x) = $K_, Bb!(x) and
JTX) = SK1 B [be(xi)dx Thus, f(x) = SK_; B0l (x) = b’ (x)T B , from which follows that
[£7(x)]2=BTb"(X)Tb"(2) B = BTF(x) B. Finally, = [ ”(x) = BT [F(x)dx 8 = BTSB. Thus,
the wiggliness penalty is a quadratic form in the parameter vecfbrand matrixS of known
coefficients, derived from the basis functibg(x). The objective function becomey — XB|12+
ABTSB. Differentiating the objective function with respectfioand setting the derivative to zero
produces the estimate of regression paranfgter

B=(XTX+A9 "

Xty (5)

The estimate depends on the unknown smoothing parametéret H be a hat matrix that
projects the vectoy into the vector of predicted valuqs:“Xﬁ, where estimate o/ﬁ is given by
(5). Then the hat matri isH = X (XTX +)\S)_1XT. In the MGCYV algorithm, the optimal
value ofA is found by minimizing the generalized cross validation (QCNiteriaVg (A ):

ny-xd|
~ In—tr(H))2

Vg(A) (6)
wheren is the number of observations, atrdH) is the trace of hat matrikl. Approximately,
tr(H) equals to the number of degrees of freedbymused in approximating the smooth function
f(x). Note that while Fu (2008) suggested to set the smoothingnpeterA to 10, the MGCV
algorithm selectd that minimizes the GCV criteriovg (A ).

In practice, the use of the GCV criteria results in undersimagt (Kim and Gu, 2004), but
the drawback can be fixed by multiplyingH) in (6) by a parametey that increases the cost per

trace ofH: )

\VA4 ()\) — nHy_—XB (7)
’ [n—wtr(H))2

Following Kim and Gu (2004) and Wood (2006), | set the paramgto 1.4, but in practice
the modification has little effect on estimated saving-agdiles.

The use of spline basis functions to estimate the smoothitmé(x) in the basic nonparamet-
ric model (4) can be easily extended to a semiparametric htloaie apart from the non-parametric
part f (x), also has a parametric patt(for instance, in the smoothing cohort model, ma#iin-
cludes the combination of matrixé3,, Dp)). In the semiparametric case, the truncated cubic basis
still has the formy = X B+ €, whereX is an expanded design matif= [X,Z]. The estimate of
B is obtained from (5), where the smoothing paramatés found by minimizing eithe¥y(A) or
Vg (A).

| applied the MGCYV algorithm by using R software (R Developin@ore Team, 2009) with
mgcviibrary (Wood, 2009). The MGCV algorithm allows various atlths to the basic model (3).




In this paper, | report results for the basic model (I willeefo it as Model 1), and the following
three extensions to it.

It is known that changes in demographic structure of houdshmay have large impact on es-
timated age-saving profiles (Paxson, 1996). Therefordeheled the Model 1 with a demographic
variableq that is the number of children per household. This extengieids Model 2 as follows:

A P
y=PBo+ ) BaDa+f(c)+ ) BpDp+Pad+e (8)
a=1 p=1

The impact on number of children on the household savingisdtkely to be negative. It is
possible that a kind of ‘economy of scale’ exists for the @ased number of childrem with the
scale of the negative impact getting progressively smalleaccount for the possible nonlinearity,
| modified Model 2 by introducing nonparametric teffritg), similarly to the smooth cohort effect
f (c), which produced Model 3 as follows:

A P
y=PBo+ ) BaDa+f(c)+ ) BpDp+f(a)+e (9)
a=1 p=1

In Model 3, the two smooth nonparametric terfn&) and f(q) have additive affect on the
saving ratey. The final model introduces the joint effect between thesertanparametric terms,
since it is possible that the effect from the number of cleitdhy may be conditional on the birth
cohortc. For example, household cohorts that were born more rgoeraty have a larger negative
effect fromq on the saving rate. To account for this joint effect, | estedaModel 4 with a joint

termf (c,q):
P

A
y=Po+ ) BaDa+f(c)+ S BpDp+f(a)+f(ca)+e (10)
a=1 p=1

4 Data

4.1 Construction of pseudo-panel dataset

To study the saving behavior of households, | use time sefiess-sectional household surveys
in six countries: the United States, the United KingdomlyJtdapan, Taiwan, and Thailand. In
every country, the composition of households changes legtweccessive surveys, making it im-
possible to trace individual households over time. Instdaddividual households, | analyzed the
saving behavior of household groups (or ‘cohorts’) thatedaorn in the same year. The idea to
construct ‘pseudo-panels’ of different birth cohorts gbask to Deaton (1985), and has become a
standard approach in estimating life-cycle models of ggifVhile panel data trace the same indi-
vidual (or household) over time, the pseudo-panel apprtvaclks groups of individuals who share
a common trait (such as the same year of birth). These colu@nalyzed as they are aging over
time. Using this approach, cohort cells can be calculateavieyaging data across households for
specific agea and timet. Alternatively, cohort cells can be obtained from mediahBauseholds
for specific agea and timet.



4.2 Definitions of common variables

For all countries, saving rate was defined as savings diMigedon-durable consumption. Sav-

ing was measured by the residual method, as disposable en&zsa nondurable consumption.

The measure includes only discretionary savings, and gnatgdatory savings to various pension
plans. Disposable income was current income less direestard social security contributions.

Nondurable consumption was the total consumption expearediton goods and services less ex-
penditures on durables. Durable consumption includedihgueehicles, furniture, and household

equipment, but in some countries the information for somhede categories was missing.

In general, pseudo-panel datasets were constructed as/$ollLetA andT be the number
of ages and cross-sectional surveys, respectively. Reastng rates for individual households
were calculated. Second, these individual saving rates weed to creaté x T cohort cells.
Though one can use means to calculate cohort cells, | optadetanedians, because they have
high robustness to outlying observations (and househdhl wsually contain plenty of outliers).
So in practice each cohort cell contained the median sadtegfor specific age and year. The
medians of demographic varialdevas similarly calculated for different cohort cells.

Details of constructing pseudo-panels for specific coaataire discussed below.

4.3 United States

Household data for the US households were taken from the @@erdbxpenditure Survey (CEX)
from 1984 to 2003 that is collected by the Bureau of Labor Siat (BLS). The survey is a
rotating panel that collects data during 5 quarters. Eadrtgy 20 percent of households are
replaced by new households. The first interview collecty daalsic household characteristics,
while income and consumption data are collected duringahefing four interviews. The survey
data may become incomplete in two respects. First, someehoilds do not report complete
income information about income sources (in fact, many efrtleport no information about their
income). Second, many households do not participate imtdhviews. These two groups of
households represent around half of all households, ascctbates a serious attrition problem.
However, the BLS provides adjusted weights that take intoaatcthe attrition problem.

The CEX data was downloaded from the National Bureau of Econdinalysis (NBER)
homepagelttp://www.nber.org/data/ces_cbo.html). The full dataset contains CEX data
from 1980 to 2003, but I did not use cross-sections for 198831 because of low data quality
in 1980-1981 surveys, and the omission of non-urban holdehn1982-1983 surveys (Attansio
and Paiella, 2001).

Income and consumption was calculated by following the dwntation of the CEX dataset.
Total income included cash income, net cash transfers amet oboney received. Disposable
income was total income minus personal taxes and socialansa contributions. Consumption
included all expenditures on goods and services, less Hog/fog durables: rent, furniture, house-
hold equipment, and personal transportation equipment.



Typically, CEX surveys around 5000 households. | droppedsébaolds that did participate
in all interviews and who did not provide complete infornsatiabout income sources. These
selection criteria reduced the sample size by around hre¢fddlition, | omitted student households,
and households who reported negative disposable incomenoiunable consumption.

4.4 United Kingdom

Data for the United Kingdom were obtained from the Family &xghiture Survey (FES) from
1975 to 2003. The data were downloaded from the homepage dfaC&tatistical Office at
the UKDA data archivel{ttp://www.data-archive.ac.uk/findingData/fesTitles.asp).
The FES collects income and consumption for around 7000dimlds. Disposable income was
measured as ‘normal gross income, excluding tax and natiosarance contributions, but in-
cluding income in-kind’. Consumption was defined as all exjiemes on goods and services,
less durables. In practice, the durable consumption in tie ldcluded only housing expendi-
tures. Similarly to the US data, | omitted households whorega negative disposable income or
nondurable consumption.

4.5 ltaly

Household data for Italy was taken from various round of 8uif Household Income and Wealth
(SHIW). The SHIW data was downloaded from the homepage of tagoNal Bank of Italy
(http://www.bancaditalia.it/statistiche/indcamp/bilfait). The survey collects data
for various social and demographic characteristics of @000 households, including their con-
sumption, income, and wealth. | used 10 SHIW cross-sectmmB987, 1989, 1991, 1993, 1995,
1998, 2000, 2002, 2004, and 2006. The definition of incomkidex wages, property income,
net transfers, and fringe benefits. Consumption was meabyredal expenditures on goods and
services, less durable consumption. Durables includedihgupersonal transport equipment, and
furniture.

4.6 Japan

Data for Japanese households were taken from the Nationa\saf Family Income and Expen-
diture (NSFIE) for 1989, 1994, 1999, and 2004. The accedsetoiicro data was arranged by the
Research Centre for Information and Statistics of Socialr®eiglnstitute of Economic Research,
Hitotsubashi University.

The survey collects data from more than 50,000 househahdsingludes information on var-
ious household characteristics, such as income, consomitnancial assets and liabilities. One
limitation of the survey is that it collects household datdyofor a three-month period, from
September to November. To convert the NSFIE data to the &t period, | followed Kitamura
et al. (2003), and calculated seasonal adjustment coeffscyy comparing income and consump-
tion categories in NSFIE to the same categories from antitwesehold survey in Japan, the Fam-
ily Income and Expenditure Survey (FIES). This survey atfielata for the whole year, but covers
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only worker households, while the NSFIE includes also namker households. In applying the
adjustment coefficients, | assumed that they are the sameoftier and non-worker households.

In practice, the seasonal adjustment proceeded as folfevyEonsumption expenditures, | cal-
culated adjustment coefficients for major 10 consumptidegmies, and then summed them up
to obtain the seasonally-adjusted total consumption. tlmable consumption was calculated as
the total consumption less consumption of durables. Darabhsumption included expenditures
on housing (including imputed rent from owner-occupiedsing), furniture, and personal trans-
portation equipment. Categories of durable consumptiore \seasonally adjusted by comparing
them with the same expenditure category in the FIES. Theosahadjustment was not possible
for imputed rent from owner-occupied housing, since theS-i6es not estimate this expenditure
category.

Income was disposable income, equal to the difference legt\geoss income and non-living
expenditures (essentially, taxes and social securityriboitions). Gross income included wages
and salaries, income from assets (such as dividend incongeth@ rent from owner-occupied
housings), social security benefits, and private donatidmansfer expenditures were deducted
from the total income. Whenever possible, | applied seasasfjaktment to income categories by
comparing them to the same income categories in the FIESadjustment was not possible for
non-living expenditures of non-worker households. Sirlyléo Mason et al. (2004), | assumed
that the tax rate of non-worker households is 80% of the teexobworker households.

Total consumption expenditure was calculatedChs- ¥ 1% aciCh+IR", whereCh is total,
seasonally-adjusted consumption expenditures of houthhﬁih is unadjusted household expen-
diture in the NSFIE on a major consumption categery, is the adjustment coefficient for the
consumption category, defined as the ratio of expenditunethe@ith category in the FIES and
NSFIE, andR" is imputed rent of househotd

Nondurable consumption was calculateca# = Ch — (53, acpCD! + IR"), whereCNM is
the total nondurable consumption of houseHmId:Dih are three categories of durable consump-
tion (namely, housing, furniture, and personal transpioraequipment)acp; is corresponding
seasonal adjustment factor, derived as the ratio of averguenditures o€ Di in the FIES and the
NSFIE.

Disposable income for worker household was calculatets=Y /12— (an YnL + oTRT Fi‘) +
IR", whereY D" is seasonally-adjusted disposable income of worker haldéh Y" is annual
gross incomeYy. is non-living expenditures, whiley, is seasonal coefficient fofy, andTR"

Is transfer expenditures.

Disposable income for non-worker household was calculagddD™ = [1—0.8T"]Y /12—
atrT R+ IR", whereY D is seasonally-adjusted disposable income of non-workesétmolch,
andt" is the average tax rate for worker households.

Saving ratesSR!, and SR}, of worker and nonworker households were definedSa% =

(Ymv—CNh> /YD{,}, andSR),, = (Y DI,qW—CNh>/Y o,




4.7 Taiwan

Household data for Taiwan were taken from the ‘Survey of f@aklncome Distribution’. The sur-
vey is conducted annually, and | analyzed household suifveys1978 to 2004. The survey typi-
cally covered around 9000 households. Disposable incorsecalaulated as gross income minus
personal taxes and social security contributions. Consompias total consumption expenditures
less three categories of durables: housing, furniture pansonal transportation equipment.

4.8 Thailand

Household data for Thailand were taken from Socio-Econ@uiwey of Thailand between 1986
and 2004. The survey was conducted in irregular intervaisryetwo years between 1986 and
1998, then annually between 1999 and 2002, and then resumthe itwo-year interval start-
ing from 2002. Earlier surveys included around 12,000 hbalksks, but their number increased
substantially in recent years, and reached more than 35@@holds in 2004. Income was cal-
culated as gross income less taxes and social securityilmatians. Because a large number of
households were from rural areas, where many of them wevémgadheir own food, the definition
of consumption was relatively wider than in other countri8pecifically, consumption included
not only purchased items, but also items produced at homesu@agtion excluded the following
categories of durable goods: housing, household equipmeimtles, and recreation equipment.

The Thai data applies an unusual definition of household.h@ddile household surveys in
other contrives define the household head as either the pyriezaner, or the person who rents
ow owns the housing, the Thai survey uses non-economic tiefinas ‘the person recognized
as such by other members, whether he or she was respongilfieaocial support or welfare
of the household members or not’ (National Statistical @fied Thailand, 2003, p. A2). Since
a large number of Thai households consist of three-geoeratbuseholds, a disproportionately
large number of household heads include the elderly. Horvélve survey data reports income
data for each household member, and | used this informatiapply the economic definition of
household head, using the age of household members witsslarggome.

5 Results

Figure 1 compares estimated age-saving profiles by Modeld12afspecified by equations (3)
and (8)). The models differ only in the addition of number bildren per household in Model 2.
The sum of age effects are constrained by restriction (2gto,amplying that an estimate for a
specific age shows deviation from the average level of sawrgr the estimated age span (namely,
between ages 25 and 70). The deviation is measured in pageepoints.

As shown in Figure 1, the addition of average number of caiidlid not change substantially
saving-age profiles in Italy, Japan, Taiwan, and Thailanowé&{er, the addition of demographic
variable shifted saving profile for U.S. households upwardaithe age of 50, while for the U.K.
households, the saving profile in Model 2 became downwanpiHsd).
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Overall, saving-age profiles in Figure 1 did not show a clesemblance to the humped saving
profile, but a few notable patterns are noteworthy. Houskhol the United States and Japan
reduced their saving rate in old age by about 20 percentagéspwhile for Italian and Taiwanese
households, the drop in saving rate was around 10 perceptages. Saving profile in the U.K.
differed from the life-cycle theory the most, with declimesaving rate beginning much too early,
and with a conspicuous jump in saving rate for the eldest étonlsls. The odd finding for the
U.K. households has been previously reported by Paxsor6(IF§ure 14), and may indicate a
particularly severe selection bias among the eldest halden the U.K.

A patrticularly curious finding in Figure 1 is that in some ctigs the saving rate decreased
not only in the old age, but also in the middle age, when thel leédousehold was in mid-40s.
The decline of savings in the mid-age is especially evidewtsian countries.

Figure 2 reports estimates of cohort effects, derived frood® 2. Overall, changes in saving
rate due to different birth cohorts is typically less tham&@centage points. The variation is much
smaller compared with changes due to age effects in Figufad.largest change occurred among
households in the United States, with relatively low sasifag households that were born between
1920s and 1940s (a similar pattern was also reported by @¢tar§1998)).

Figure 3 shows estimates of year effects from Model 2. Thedigilso provides estimates of
year effects that were obtained by using the Deaton-Paxdatian to the identification problem.
Recall that Deaton and Paxson suggested to make year effotgonal to a linear trend, es-
sentially removing time trends from estimated year effettse impact of this restriction is most
evident in estimated year effect in Thailand. With the srhow cohort model, the year effect
contains a significant upward trend (shown by thin line). dntecast, the Deaton-Paxson approach
removes this upward trend, by tilting down estimates of w#f@act (shown by thick line). Similar
clockwise rotations in estimates of year effects are eviftarnthe United States, Japan, and Tai-
wan, while estimates for Italy showed the counter-clockwitation. The estimates of year effects
were similar only in the United Kingdom.

Consequences of removing time trend from year effects in that@h-Paxson approach are
illustrated in Figure 4. As previously discussed, the Ded®axson solution to the identification
problem prevents linear trends from appearing in year gffet if any trend is present in the data,
it appears in unrestricted estimates of age and cohorttefféeor example, any positive trends
in the data will rotate counter-clockwise both age and coéffects. Figure 4 demonstrates that
such rotations in age effect can be quite large, with subatadistortions in original pattern of
saving-age profiles (particularly for aged householdsy.iffgtance, the smoothing cohort model
produced significant upward trends in year effects for Hmal| and, to a lesser degree, in the
United States, Japan, and Taiwan (Figure 3). In each of ttmsaries, the age profile of savings
with the Deaton-Paxson approach rotated counter-cloekwwghile the smoothing cohort model
found decreasing savings in the old age in these counttesv(sin Figure 1), the pattern became
much less evident with the Deaton-Paxson approach, witinttet striking contrast between two
approaches for the United States, Japan, and Thailand.
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Results of applying the smoothing cohort model to Model 3 eaported in Figure 5. Model 3
relaxes the linearity assumption for the impact from the benof children. However, age profiles
of savings turned out identical for Models 2 and 3 in the WhBates, the United Kingdom, Italy,
and Japan. Figure 6 provides the background for this reuthe MGCYV algorithm, the degree
of smoothness is determined by the number of degrees ofdne@dor which the modified GCV
criterionVé (A) is minimized. In countries that produced identical savaiyg profiles in Model 2
and 34 (A) was the smallest when the number of degrees of freedom wawbith corresponds
to the linear effect from the number of children. In other dgyras a result of searching for the
smallest GCV statistics, Model 3 with nonlinear effects fromldren was reduced to Model 2,
where the effect was linear. Nonlinear effect from demohiegpwas evident only in Taiwan and
Thailand. In sum, while the increase in number of childred hegative effect on the saving rate,
for most countries the effect can be represented by a lingatibn.

Figure 7 demonstrates consequences of allowing the joipaainof nonlinear demographic
and cohort effects on saving rates, represented by feioyg) in equation (10). For comparison,
the figure also contains saving-age estimates from Modeh8rexdemographics and birth cohorts
have only additive effects on saving rates. Estimates #ithited States show the most notable
change. Age effects for young households became flat in Mgdeid then showed a larger drop
for elder households. In Taiwan, age-saving profile preskadouble-hump profile, but its trough
in the 40s shifted by around 6 years to older households. ©mtier hand, age profiles from
Models 3 and 4 were almost identical in Thailand, indicatimat the impact of demographic and
cohort effects can be modeled in an additive way for this tgun

The interaction between the number of children and birttodshn Model 4 is illustrated in
Figure 8. The simplest interaction is shown in Thailand, reht@e pattern of decreasing saving
rates with more children remained similar for differenttbbicohorts. For other countries, the in-
teraction pattern was more complicated. Taiwan and theedr8tates demonstrate the contrasting
patterns. In Taiwan, more recently-born households hagrafgiant drop in saving rates with in-
creased number of children. For older cohorts, the drop ishnsmaller. On the other hand, older
households in the United States had lower saving rates wieemimber of children was large. For
more recently-born households, the decline in saving natéslarge number of children turned
out much smaller.

Out of four considered models of household savings, whiehaam be considered preferable?
Table 1 compares the models by generalized cross-validaltiterionVé (A), used in selecting the
degree of smoothness. In four countries the criterion waslest for Model 4, and in one countries
the criterion was smallest for Model 2 (USA) and Model 3 (Taiadl). Note in the United States,
the criterion was the same for Models 2 and 3. This happenealise the search of optimal degree
of smoothness in Model 3 by the MGCV algorithm selected a maathl linear impact from the
number of children, which is exactly Model 2.
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6 Conclusions

This paper reports two major findings. First, the use of theathing cohort model to solve the
identification problem produced more favorable evidencetfe life-cycle model compared with
previous studies of household savings. In particular, teatbn-Paxson approach to solve the
identification problem resulted in spurious trends in agé@rgy profiles of countries with rapidly
changing saving rates over time (such as Thailand). Set¢begaper found that for some coun-
tries the saving rate was decreasing not only in the old ageldnp in the middle age. This
‘double-hump’ in age-saving profiles was particularly psonced in Japan, Taiwan, Thailand,
and, to a less degree, Italy. At the current stage, we cangpdgulate why life-cycle savings go
through two stages. The first hump in the age-saving profikeg imdicate savings to take care of
the growing-up children, particularly, the need for paseiotfinance their children’s education in
countries where educational loans are difficult to obtaavii®ys for retirement are postponed until
children become grown-up, and leave their households. @nlgis point the retirement savings
become the major motive for savings, and their accumulasioeflected in the second hump in
age-saving profiles.

These results have several implications for thinking altoatife-cycle in savings. First, the
focus chiefly on the retirement motive in savings appearetmob narrow, and may miss impor-
tant factors of savings, especially for households who areyimg up their children (particularly
households that have to shoulder costs of their childresi’gation). Second, the ‘M-shape’ in
saving profiles implies that households go through two stagesavings and dissavings, with a
particularly heavy financial burden for households in ti#s. Finally, the shortfall of positive
savings in the 40s implies much smaller impact of income ¢liam savings compared with the
conventional ‘stripped-down’ theory of life-cycle saveigin particular, the double hump may
weaken the impact of population growth on savings, and oanoa may even decrease them due
to the depressed savings of households who bring up thdilrehi

13
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Figure 1. Age effects in saving rate (Models 1 and 2).
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Note Age effects in models 1 and 2 are estimated by (3) and (8).
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Figure 2. Cohort effects in saving rate (Model 2).
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Figure 5. Age effects with Models 2 and 3.
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Figure 6. The impact of the number of children on saving rates (Model 3)
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Figure 7. Age effects in Models 3 and 4.
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Table 1. Comparison of modified GCV criteriorg¥A ) for alternative models of house-

hold saving rate

USA UK Italy Japan Taiwan Thailand

Model 1
Model 2
Model 3
Model 4

0.22448 0.17389 0.34082 0.79041 0.08879 0.46967
0.22025 0.17103 0.34045 0.80104 0.08889 0.46589
0.22025 0.17103 0.34045 0.80104 0.083930.46457
0.22087 0.17062 0.33790 0.71061 0.080760.46769

Note modified GCV criterionVg (A) was calculated by (7). Smallest values are shown in bold

font.
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