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ABSTRACT

MULTIVARIATE FRACTIONAL RESPONSE MODELS IN A PANELSETTING WITH AN
APPLICATION TO PORTFOLIO ALLOCATION

By

Michael Anthony Carlton
Several papers use subjective survival probalsldga measure of mortality risk in studying
economic behavior. The first chapter “Wealth HoginAsset Allocation and Mortality: A Test
of the Information Content of Subjective SurvivabPabilities” studies whether subjective
survival probability measures contain any additionformation that can explain differential
wealth holdings and asset allocation among houdsh@/e find some evidence that survival
probabilities can explain differences in househwdglth holding and allocation once we control
for other factors that affect decision-making. WWeodind that the estimated impact of subjective
survival is sensitive to the inclusion of reporteavival probabilities of one.

Some fractional response variables, like the priigoof financial wealth allocated
across multiple assets, must satisfy an addingsipiction. In the second chapter “A Model for
Multivariate Fractional Responses with an Applicatio Asset Allocation”, we develop a two-
step procedure where we estimate a model with ptelfractional response variables exploiting
the fact that these variables sum to one in eadbgand are correlated over time. The first step
entails estimation of the multivariate fractionesponses using the multinomial quasi-likelihood
function which explicitly imposes the adding-uptresion and the second step uses the
Classical Minimum Distance estimator to accountstenial correlation.

Many panel data estimators implicitly assume thathave a balanced panel at our
disposal. Unfortunately this is rarely the case @rogpping observations is an unsatisfactory

solution to the problem. Estimation of fractionasponses in a panel requires assumptions about



the distribution of the unobserved effect andetationship with observables, which requires
special treatment in an unbalanced panel. In ting thapter, “Estimation of a Multivariate
Fractional Response Model with Unbalanced PanedDate extend the approach in
Wooldridge (2010) to the case of multiple fractibresponses and apply this to unbalanced

panel data on the allocation of financial wealthoas several assets.
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CHAPTER 1
WEALTH HOLDINGS, ASSET ALLOCATION, AND MORTALITY: ATEST OF THE

INFORMATION CONTENT OF SUBJECTIVE SURVIVAL PROBABIITIES
1.1 Introduction

Economic theory predicts that individuals saveinarice their consumption in
retirement. An important factor in deciding thedeand allocation of wealth to different assets
is the length of time the individual expects teelafter retirement. The risk that an individual
faces if they do not properly account for theinsal expectations is that they will outlive their
assets. Social Security and pensions can helpetaatk this risk by providing a fixed stream of
income in retirement, but if individuals are atté¢img to smooth consumption there is a potential
for a significant decrease in utility later in lfieom consuming too much early in life. Therefore,
we should see that forward-looking individuals &ljineir current behavior to their individual
life expectancy.

It is straightforward to determine whether mortahtas an impact on wealth holding and
asset allocation. With repeated observations ovithaals, we can simply see if wealth holding
and asset allocation is different for individualshAtonger actual lifetimes. The drawback to this
approach is that it is looking at actual lifetimest expected lifetimes. In any period, an
individual does not know their actual date of ddaithonly has some idea of their probability to
reach atarget age. One can use life-table prabebids a proxy for individual survival, but
since these are averages over the entire populdétiey only vary by age, race, and gender. The
ideal measure that we would like to use is indigitiuexpected survival probabilities at the
point in time that they are making their decisiorsave and allocate wealth.

Our goal in this paper is to determine whether am @xplain any of the heterogeneity in



wealth holdings and asset allocation using subjecurvival probabilities elicited in the Health
and Retirement Study (HRS). The HRS collects dedaihformation on household asset
holdings as well as measures of subjective suryk@babilities. Therefore, we have a source of
data that contains the information that we wouldd® determine the impact of subjective
survival probabilities on wealth holding and allboca behavior.

Several studies have analyzed the validity of tisedgective survival probabilities in
terms of actual mortality risk. Hurd and McGarr@®5) find that these measures are internally

consistent, match closely to life table averagesavary with known correlates of actual

mortalityl. In a follow-up study, Hurd and McGarry (2002)dithat these probabilities are also
good predictors of actual mortality experiencethefHRS respondents. Smith, Taylor and Sloan
(2001) support this finding but also point out ttiedre is a large portion of the sample that report
very small changes in their survival probabiliteer time.

Elder (2012) looks closely at the subjective sual/probabilities in the HRS and finds
systematic differences as compared to life tablebabilities. He finds that the subjective
survival probabilities do not account for yearlgr@ases in mortality rates and that individuals
do not update their survival probabilities as expecHe also finds that the life-table survival
probabilities are considerably better predictoraaiial survival than the subjective survival
probabilities. Perhaps most concerning is that iH2@12) provides compelling evidence that
subjective survival probabilities in the HRS contaignificant noise; in fact so much random
noise that it may overwhelm any individual informatthat reflects actual heterogeneity.

While the above studies provide evidence that stibge survival probabilities match

aggregate life-table probabilities but systemaltycdiffer from how mortality rates actually vary

! Hurd and McGarry (1995) do note that blacks repaher subjective survival probabilities
than their white counterparts. This is inconsisteitih the life-table probabilities.
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over the lifetime it is still important to deterneinvhether they are useful in explaining
heterogeneity in economic behavior. What is impurta note is that the findings in Elder
(2012) suggest that we are likely to see verelitthpact from subjective survival probabilities
simply because there is little signal in these mess

Our empirical work focuses on estimating reducadafeelationships of wealth holdings
and asset allocation with subjective survival pholizes elicited from individuals. We attempt
to control for the heterogeneity in factors thatreamic theory tells us should affect the wealth
holding and allocation decision including basic dgnaphics (age, education, gender, etc.),
income (both current and permanent), as well asigsdor an individual’'s time preference,
cognition, and risk aversion. Since the HRS caod#ldictancial data at the household level, we
model the household’s wealth holding and the priogoof financial wealth allocated to stocks,
bonds, CDs, and checking/savings/money market atsoWe estimate different models for
single and married households since multi-persarséloolds have to take into account the
survival expectations of both members. To estimateallocation equations we use the Quasi-
Maximum Likelihood approach proposed in Papke arabMfidge (1996, 2008) which is

appropriate for estimating fractional responsealaas.

We find mixed evidence for the impact of subjecsuevival on wealth holdinés For
single households, we find that a one-percentage difference in reported subjective survival
probability (a difference of 0.01) leads to aboR6& more Net Worth and about $124 more
Financial Wealth holdings, both significant at 8% level. For married households we find that

a one-percentage point difference in the husbasubgective survival probability leads to

We find mixed evidence in terms of statistical #igance of our estimates. Regardless of
statistical significance, all of our estimated iro§gafor subjective survival probabilities are very
small in magnitude.



increased Net Worth of about $241 and about $2%®Rorancial Wealth but both estimates are
statistically insignificant at standard levels. Aespercentage point difference for the wife’s
subjective survival probability is associated wathout $425 more in Net Worth (statistically
significant at the 5% level) but, contrary to thedeads households to hold about $22 less in
Financial Wealth, though this estimate is not stally significant.

There appears to be no impact of survival probigioin the proportion of financial
wealth allocated across assets for single housghiotdigh we note that we see the correct sign
of the impact of survival probabilities on the poofon of wealth allocated to stocks and
checking. For married households, we find that@percentage point difference in the
husband’s subjective survival probability leads hibesehold to allocate about 0.026% more to
stocks and a one-percentage point difference imifeés subjective survival probability leads
the household to allocate around 0.022% more fiahn@alth to stocks; these are significant at
the 5% and 10% levels. The average partial effectthe subjective survival probabilities in our
checking equation are negative for both husbandnafedbut are very small and statistically
insignificant at standard levels.

We find no evidence that our estimated impactsibfective survival probabilities are
sensitive to the inclusion of a measure of permameome. If we drop our measure of
permanent income, we find that the estimated impgstibjective survival increases slightly for
wealth holdings and asset allocation equationsald@ show that our estimated impacts for
subjective survival on wealth holding and assetcalion look very different when we treat
reported survival probabilities of one differentlhis is consistent with the findings from Elder
(2012) which suggest that there is significant meawent error in these reported survival

probabilities.



The outline of this paper is as follows. Sectidorizfly discusses the underlying theory
and reviews studies that use subjective survivababilities to explain economic behavior.
Section 3 briefly explains the HRS, provides dgsore statistics and patterns in the data, and
details the analysis of the informational contdrdwrvival probability measures in terms of
wealth holding and allocation. Section 4 presemésrésults of our analysis and Section 5
concludes.

1.2 Theory and Literature Review

Economic theory indicates that forward-looking induals with higher survival
probabilities will hold more wealth and allocatéaeger portion of their wealth to the risky asset
than individuals with lower survival probabilitieBhis is because with time-separable utility the
introduction of non-zero survival probabilities effively multiplies a time varying factor to the
individual's constant discount rate. Bernheim, 8kin and Weinberg (2001) perform a simple
simulation and demonstrate that individuals witlvéo discount rates hold more wealth than
individuals with higher discount rates. Cocco, Gepand Maenhout (2005) and Sahm (2007)
show that the underlying policy function that deBrthe optimal portfolio choice of the
household is a function of total wealth: the sundisEounted future income and current
financial wealth holdings. With uncertain lifetimeke individual will discount future income by
incorporating the probability that they will eatrat future income stream. They show that the
proportion of financial wealth allocated to thekgisasset is positively related to how “certain”
their future income stream is. DeNardi et al. (208180 document that higher survival
probabilities (even if they are small) will leadegvthe oldest and sickest individuals to spend
down their retirement wealth very slowly. DeNartlaé (2009) also show that the impact of

lower survival probabilities leads individuals teadease their wealth holdings.



The basic premise here is that individuals will sthahe marginal utility of
consumption over time by setting the marginal tytdif current consumption to the marginal
utility of the discounted future consumption strea@ms long as individuals discount the future by
including the probability of survival we will sekédt a person with higher survival probabilities
will hold more wealth and allocate a larger proortof wealth to the risky asset.

Several studies attempt to link subjective survprababilities to economic behavior and
these tend to focus on the areas of retirementjdstg, wealth holding, and consumption. Hurd
et al. (2002) analyze the decisions to retire danncSocial Security benefits early. Using
responses to subjective survival to age 85 andab8eicurity earnings data matched to the first
four waves of the HRS, they estimate their modevamdifferent samples: those who are retired
prior to age 62 and those not retired by 62. Ty that there is a small, statistically significan
increase in retirement and claiming of benefitsdnly for those individuals that report that their
probability of living until age 85 is zero.

Delevande et al. (2006) revisit the retirement @agmning issue with the hope of
obtaining estimates that are more accurate byum&nting for measurement error in the
reported survival probabilities. They use the reseato the question of survival to the age of 75
instead of 85 used by Hurd et al. (2002). As imants for the subjective survival probability,
they use demographic information, mortality expseeeof parents, and an optimism index,
which is a predicted value generated from a faatalysis of the remaining subjective
probability questions. This optimism index reflettte correlation of the responses to all
probability expectation questions in the HRS anpitally represents the unobserved
heterogeneity in individual expectations. Notalblis tconstructed optimism index has a large

and statistically significant impact on their instrental variable for the subjective survival



probability. Similar to Hurd et al. (2002) theyiestte the impact of survival probabilities on
claiming behavior for the group of respondents #ratretired by age 62 and the impact of
survival probability on early retirement and earlgiming for the sample of respondents that are
still working at age 62. Using the raw subjectivevsval probability measures they find no
statistically significant impact of survival onlegr claiming or retirement. When they instrument
for subjective survival they find that there istatistically significant impact on early claiming
but not on retirement. Their results suggest tHateapercentage point increase in the predicted
survival probability will lead to a 1.9 percentgmant decrease in the number of people that will
claim Social Security benefits early. Delevandalef2006) claim that using instrumental
variables to rid the subjective survival probapitf measurement error is the reason that they
are able to find a statically and economically gigant effect of subjective survival on claiming
behavior.

Gan, Gong, Hurd, and McFadden (2004) study the anplasubjective survival
probability measures on the bequest behavior @rbithouseholds. They derive estimable
equations from a life-cycle model so that they estimate structural parameters that can
describe the individual’s preferences for bequéstsaccount for focal points and to calculate a
survival curve they construct a measure of yeauytatity rates based on responses to subjective
survival questions in the Asset and Health Dynaraioeng the Oldest Old (AHEAD) study. In
addition, they estimate their equations using ifleetdble survival curves to compare the
predictive power of the subjective survival curv@sice they are estimating a life-cycle model,
they are able to simulate consumption and weadjkdtories and compare model predictions to
actual decisions within the AHEAD panel. They fithat their predicted consumption and

wealth trajectories using the survival curves datifrom the subjective survival probabilities



outperform the predicted values using life-tablessal. They also note that their estimates
suggest that bequest motives of the older populagpresented in the AHEAD are very small
and that most bequests are involuntary or accitlenta

Salm (2006) attempts to estimate the structuramaters from the Euler equation for
consumption derived from a simple life-cycle modié. uses data from single households that
completed the HRS interview in 2000 and 2002 amdpteted the Consumption and Activities
Mail Survey (CAMS) in 2001 and 2003. Using the sahive survival probabilities, he
constructs yearly survival rates following Gan le{2004). He interprets the inverse of his
estimated coefficient on the subjective survivalgability as his estimated value for the risk
aversion parameter. To allow for precautionarysgvine estimates the model including an
estimated variance of out-of-pocket medical expemsgroxy for consumption risk. Salm
(2006) finds that higher subjective survival proliibs lead to decreases in the growth rate of
consumption.

Perry (2005) estimates an empirical model derivethfthe Euler equation for
consumption. He constructs yearly survival ratesfthe subjective survival probability
responses in the HRS. Perry (2005) constructs aasare of consumption by looking at
differences between wealth holdings across peridddinds that there is no statistically
significant relationship between the constructdgjesttive survival probabilities and his measure
of consumption. Perry (2005) points to substami@hsurement error in his measure of
consumption as the culprit for the lack of stat@ttisignificance in his estimates.

Bloom et al. (2006) studies the impact of subjexBurvival probabilities on retirement
and wealth holdings of both single and married kbotds. Bloom et al. (2006) take a sample of

individuals that were aged 50-70 in 1992 and egértiee relationship between their retirement



decisions and wealth holding and subjective suhpvabability to age 75. To correct for
potential measurement error they instrument subgsurvival probabilities using mortality risk
factors and parental mortality experience. Theg fio statistically significant impact of
subjective survival on either retirement or wedltiding for single households. Looking at
married households, they find no statistically gigant relationship for the retirement decision
of either the husband or wife. For married housghthey find that once they instrument for the
subjective survival probability they estimate distacally significant impact of survival
probabilities of both spouses. Their estimates ssigtpat a ten percentage point change in the
husband’s survival probability leads to a $27,60%ease in wealth (significant at the 10%
level) and a ten percentage point increase in ffesssurvival probability leads to a $32,600
increase in wealth. Bloom et al. (2006) interphetse findings as evidence that households save
more in the face of higher expected lifetimes bseahere is no incentive to postponing
retirement.

DeNardi, French, and Jones (2009) look at the itnglsurvival uncertainty, medical
expenses, and health uncertainty on the wealthrigdf elderly individuals in the AHEAD.
They estimate a structural model using the MetHdsimulated Moments and matching the
medians that were in the data to the medians egtthiyy the structural model. They did not use

the subjective survival probabilities that are ecléd in the AHEAD survey; instead, they

estimate future survival relying on the actual rality experience in the paﬁg’el'l'hey find that
the structural model fits the data very well. Tleisds much more credibility to the simulations
that they perform to isolate the impact of diffarahmortality on wealth holdings. Since they

have modeled their survival probabilities as a fiomcof gender, health status, and permanent

The model for survival probabilities includes fhvér period’s health status, permanent
income, and gender.



income, they perform simulations that show the iohpd changes within the components of
survival. It appears that the impact of health,dgenand permanent income all have similar
impacts on the wealth holdings of elderly housefiolthe simulations clearly point to the fact
that the slow spend down of wealth in old age 8 ttuuncertain lifetime. As long as there is a
possibility of outliving one’s assets there will @aignificant precautionary savings motive.

With the exception of Hurd et al. (2002), Bloomaét(2006), and Delevande et al.
(2006), all of the cited works estimate either aieEequation or a structural model using either
the HRS or the AHEAD. Most of the studies that tieesubjective survival probabilities either
transform them into yearly survival curves or usgnumental variable techniques to correct for
measurement error. Our work is probably close8itom et al. (2006), although we take
serious the findings of the other studies that arxelreviewed. We estimate models for wealth
holdings of both single and married householdsfamta statistically significant but small
impact on wealth holdings for single and marrieddeholds. While there are a few empirical
studies of asset allocation in the HRS they lodkeaith status and not survival probabilities
(Rosen and Wu (2004) and Berkowitz and Qiu (20Q86Nard and Willis (2001) estimate a
model of asset allocation including a measure efiimber of focal point responses across all
subjective probability questions, which they intetpd as a measure of cognition. They found
that fewer focal point responses correlate witlmeased allocation to the risky asset.
1.3 Model Specification, Descriptive Statisticsgddfstimation Strategy

The goal of our empirical exercise is to determuinether subjective survival
probabilities help to explain the differences inaltie holding and allocation behavior between
households in the Health and Retirement Study. Stieate reduced form equations to

determine the relationship between household wéalitings, allocation of wealth and survival
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probabilities. In our model specification we inctuldasic demographic characteristics: age,
education, working status, household size, gemdarital status, and current income. Theory
dictates that the household’s wealth holding afatation decisions are a function of not only
their current resources but also what they exegt future resources will be. To this end, we
include a measure of permanent income in our mgdifications. Differences in risk aversion
among households can affect the amount of weallhtanallocation of wealth across assets. To
proxy for risk aversion we include responses tostjaas regarding a household’s willingness to
accept different income gambles. Households candafer in their discount rates. We include
responses to questions about the length of tintethleandividual considers for financial
planning as a proxy for discount rates. Previogsaech (Elder (2012), McArdle et al. (2009)
and Lillard and Willis (2001)) suggest that an indual’s cognition can also affect the outcome
of the wealth holding and asset allocation decssiove include measures of word recall and
simple numerical calculations captured in the HR®raxies for cognition.

We will estimate separate equations for singleraadied households. We present
equations for single households; married househwilliénclude the same set of regressors for
both the husband and wife. Letrepresent the household andepresent the year of the survey.
To estimate the impact of survival probabilitiesvesalth holding we specify the following

equation:
Wi = B IPr(Live to 75 BXit + Gt (1.3.1)
whereW; is a measure of wealth, either Net Worth or Fingri&ealth, Pr(Live to 75)

represents our measure of subjective survival goidibafrom the HRS (see below for the

specific question used to solicit the survival @bitity), and Xj; are control variables that we

detail below. We also estimate the relationshipveen survival probabilities and the allocation

11



of Financial Wealth across four types of assetg;kst, bonds, CDs, and checking/savings/money

market accounts:

Yitg = (6 [Pr(Live to 75} 6Zjt ) &t (1.3.2)
where Yitg represents the proportion of financial wealthedled to assef in yeart by

household . Here Zj; represents control variables that will include shene variables we use in

the wealth holding equations with the addition ofi@asure of total wealth available to the
household at timé¢. Due to the fractional nature of the asset shquaton in (1.3.2) we have
followed Papke and Wooldridge (1996, 2008) and ifipelcthat the conditional mean function is
nonlinear;® represents the standard normal cumulative digtabdunction.

We include controls for standard demographic Wdemthat can affect behavior such as

2 3 . .
age, age age, household size, education, as well as controlgdar effects. Theory tells us

that it is necessary to control for current incaasevell as the value of lifetime income. We
measure current income as the sum of all non-dapdgame of the household as reported in all
waves. As a measure of lifetime resources we foldionji and Doraszelski (2005) and

calculate a household’s permanent income. To dowkiregress current household income on
2 3 4 . . _ .
age, age age, age, a set of year dummies, household size, and itaticéor marital status,
. 4 .
gender and education leveFor each household we calculate the average at#iduals from

this regression and then compute the permanentieas the household as the sum of the

average residual and the predicted value of inclemt#ihe education level of the individual and

4 . . L :
For married households, we do not include indisator gender or marital status.
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assuming that the individual is at the averageimg@er sample. Since there is likely a nonlinear

impact of these income measures we also includareguf current and permanent income as

well as their cross product in our wealth hoIdin]glaionSG.

Theory dictates that total wealth has an impadherallocation of wealth across
available assets. Ideally, the measure of weadthwe would include in our model would
include pension wealth, Social Security wealth gredpresent value of all future income. For
our measure of wealth we use the log of Net Woltticvis the sum of Financial Wealth (the
value of holdings in stocks, bonds, CDs and chegkavings/money market accounts) and Non-

Financial Wealth (the value of holdings in IRA/Kdogccounts, housing, vehicles, other real

estate, and trusts) minus any debt associatedinate asset holding750ur hope is that the
combination of Net Worth and the estimated permaimsome measure will act as a good proxy
for the total wealth measure that theory dictatéisaffect decision-making.

In addition to controlling for differences in holsdd demographics, income, and wealth
there is also a need to control for risk aversiod discount rates of households. To proxy for

discount rates we will use responses to HRS questigarding the financial planning horizon of

the househo% To control for risk aversion we will use quessaneant to solicit aversion to

income risk and we will categorize individuals bdea their responses to a series of unfolding

> For single households we use calculate permaneairie at age 58. For married households
we use 58 for the husband and 54 for the wife, bbthese are the average ages in our sample.

6 . . . . . .

In our asset allocation equations we actually wsenpnent log income, which we estimate in a
similar manner to permanent income with the exoeptinat we regress the log of current income
on the demographic variables.

7 . . . . .
We use RAND imputations for missing values of ineoamd asset holdings when the
respondent was unable to give exact values.

8 The choices available from the planning horizoasgwn areNext Few MonthdNext Year
Next Few Year$-10 Yearand10+ Years We useNext Few Monthas our base category.
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guestions regarding different income scenario®valhg Barsky, et al. (1997). This essentially
categorizes an individual into one of four grouggh Risk Aversion, Medium-High Risk
Aversion, Medium-Low Risk Aversion and Low Risk Agen. We use High Risk Aversion as
our base group.

We include two additional controls to proxy for tb@gnitive ability of the individual.
The HRS collects several measures of individuahttaomn, but not all measures are available in
all waves of the survey. In every wave of the HRSpondents are given a list of nouns and then
asked to repeat this list immediately and at treeadrthe cognition section. Our first measure of
cognitive ability is the proportion of words re@allat the end of the cognition section. In
addition, each individual performs a series of Bumple numerical calculations. First, the
individual subtracts 7 from 100. The next questiothe series asks the individual to subtract 7
from the answer to the previous calculation. Thgviillual performs this calculation a total of
five times. As a second measure of cognition, weethe number of correct calculations, ranging
from O to 5. By no means do we think that thesetveasures will completely capture the
cognitive ability of the individual. Our hope isathaccounting for education level and some
time-varying measure of cognitive ability that wanaccurately proxy for the cognitive ability
of an individual?

We use data from the Health and Retirement StuS)HThe HRS began in 1992 and
was nationally representative of all non-institnbzed individuals aged 51-61 in that year. In
1998 the HRS combined with the Asset and Healthadyios of the Oldest Old (AHEAD) and

added several new cohorts to be nationally reptasea of the population of non-

o McArdle, Smith, and Willis (2009) study the ahjilibf cognitive measures in the HRS to
explain wealth holdings and allocation. They fihdttword recall is positively correlated with
allocation to the risky asset (stocks) and the amhofiwealth held. Their analysis does not
account for survival probabilities.
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institutionalized individuals aged 51 and olderatidition to initial respondents, spouses are
interviewed and followed in subsequent intervieWe use data for all cohorts from Waves 1-7
(1992-2004) of the HRS. In addition to basic demapgic variables, the HRS collects detailed
information on wealth, allocation, income and sies, health and measures of the probability
that future events occur. The main variable ofregein this analysis is the response to the
following question:

On a scale from 0 to 100, where 0 is no chanceldidis absolutely certain, what are

the chances that you will live to age 75 or older?

We use responses to this question as a measunbjetsve survival probabilities.

We construct our data set by household. For mahegeholds we combine spouses in
each wave so that our panel consists of houselsiereations by year. To select individuals for
our sample we include observations that satisfyfdhewing criteria:

® respondent is younger than 65 at the time of ttexvrew,

(i) respondent does not have missing values for suNgestirvival probability,

(i)  responses are not from a proxy interview and

(iv)  the respondent is still living at the time of tierrview.
These criteria are applied at the individual les@married households that do not have both
spouses are dropped. The decision to allocate hvaatbss assets is conditional on holding
positive financial wealth; therefore, for estimagtialocation relationships we drop observations
where financial wealth is zero. Imposing the abowvieria for married households leaves us with
6,608 unique households (18,603 observations)tima&® wealth holding equations (we call this
our Wealth Sample). If we drop those observatiohsr& households are holding zero financial

wealth we are left with 6,048 households (16,698l tobservations) which we will call our
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Allocation Sample. Applying the criteria to sindgleuseholds we are left with 5,022 households
(14,275 total observations) for our Wealth Sampié @ropping observations with zero financial
wealth we are left with 4,053 households (10,578l tobservations) in our Allocation Sample.

We calculate means and medians for the Wealth dndakion Samples for both single
and married households. Table 1 displays theseigege statistics for single households. We
can see that single households are predominatetg ¥émales. A majority of individuals have
not completed college (a little over 80%). Mostgsnhouseholds hold most of their net worth in
non-financial wealth. Between the Wealth and Altamasample, we can see that individuals
that hold positive financial wealth tend to repaigher survival probabilities, have slightly more
education, income, and wealth. On average, it agpbat single households tend to hold higher
amounts of their financial wealth in checking, &4, and money market accounts.

Table 2 displays descriptive statistics for the Weand Allocation Samples for married
households. Compared to single households, maraadehold members tend to have slightly
higher education. Married households also repddihg a large portion of their net worth in
non-financial wealth. Married households earn moeceme on average and they have higher
wealth holdings relative to single households. Canmg the Wealth Sample to the Allocation
Sample, it appears that households with positivaritial wealth are better educated, earn
slightly more income, and hold more wealth. In cangon to single households it appears that
married households allocate about 10% more of fhreincial wealth to stocks and ten percent
less to checking, savings, and money market acsount

Table 3 displays the raw relationship between ayeeveealth holdings and average asset
allocation and survival probabilities for singleuseholds. Tables 4 and 5 show the same

relationship for married households; Table 4 useshusband’s reported survival probability and
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Table 5 uses the wife’s reported survival probabilWe can see that average wealth holdings
are higher for higher values of survival with theeption of those individuals that report a
survival probability of one. We can also see thataverage proportion of financial wealth to
stocks is increasing with higher survival probaigis and the allocation to checking is
decreasing with higher survival probabilities. Sirstocks and checking are the most risky and
least risky of the four financial assets this fimgliseems to fit well with what theory predicts.
The objective of this study is to determine whethés correlation still exists once we have
removed the impact of other factors that affectltheaolding and allocation behavior.

1.4 Results and Discussion

Using equation (1.3.1) we estimate models of wdatiding for single households;

results are presented in TabIéOG\Ne see a positive impact of survival probabilitiesboth Net
Worth and Financial Wealth; a one-percentage phffgrence in survival probability is
associated with about $256 more Net Worth and $i@r Financial Wealth, both estimates are
significant at the 5% level. Education plays a k&g in explaining differences in wealth
holdings among single households. Households that b college degree have nearly $111,000
more in Net Worth (and nearly $51,000 more Findnalaalth) than individuals that have not
completed High School. There also appears to ligndisant positive impact of a longer
financial planning horizon. Those households tta jor more than ten years into the future
have about $95,000 more in Net Worth and $39,00@ imancial Wealth than households that
only plan for the next few months.

We now turn to the results of estimating equatibB.@) using the Quasi-Maximum

10 Throughout the paper (including the tables) wertd a one-percentage point change in the
subjective survival probability. This is equivaléata 0.01 change in our measured variable. The
reported coefficients and average partial effattheé tables are already calculated for a 0.01
change in subjective survival probability.
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Likelihood Estimation proposed in Papke and Wodlglki (1996, 2008) for fractional response
variables. Table 7 presents the estimated averagalpgeffects from estimation of this fractional
probit on the proportion of Financial Wealth alltedhto the four different assets: stocks, bonds,
CDs, and checking/savings/money market accounts.

There appears to be no impact of survival probisslion the allocation of wealth for
single households. While the signs on the averageapeffects of survival probability on stocks
and checking are what theory predicts (positive meghtive, respectively) they are estimated to
be nearly zero and are all statistically insigrficat any standard level. We see that households
with a college degree allocate 11% more of thearicial wealth to stocks and 10% less to
checking accounts than households that have ngpleted High School, both significant at the
5% level. Financial Planning Horizon also playsle in asset allocation, we estimate that
households with a horizon of ten years or more aliticate 5% more financial wealth to stocks,
1% more to bonds, and 6% less to checking accabatsthose households that have a horizon
of only a few months.

Table 8 contains the results from estimation ofvilealth holding equation (1.3.1) for
married households. We see a positive impact afelsasubjective survival on Net Worth
holdings; a one-percentage point difference infa's/isurvival probability is associated with
about $425 more in Net Worth, this is significanthee 5% level. A one-percentage point
difference in the husband’s subjective survivalgsociated with about $241 more Net Worth,
but this estimate is not statistically significanboking at the impact of subjective survival on
Financial Wealth, we see that the estimated imfmac husband’s survival is very small and
insignificant, and that the estimate of the impzc wife’s survival probability is actually

negative, though both estimates have very largelatd errors. The estimated impact of
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education on wealth holdings is not as clear-cutrfarried households as for single households.
We see that the husband’s education has no staligtsignificant relationship with Net Worth;

it appears that having less than high school echrcsgads to more wealth holdings than if the
husband completed high school or some college witeés education level does have the
expected impact on Net Worth. If the wife has degd degree, we estimate that household to
hold about $84,000 more in Net Worth than a sinfilusehold with a wife that did not

complete high school. Our estimates for educatiathé financial wealth regressions make a
little more sense. We find that a college degred¢hHe husband leads to about $37,000 more in
financial wealth. If the wife also completed cokegve estimate that the household’s financial
wealth will increase by $38,000. We also see thatriy the longest financial planning horizon
(10 + years) has a positive impact on wealth hgslinf both spouses have horizons of ten years
or more we see them holding about $110,000 mokeinWVorth and about $52,000 more in
Financial Wealth.

Table 9 displays the results of the fractionabjtrestimation of equation (1.3.2) on the
allocation of Financial Wealth across the four aggees. We see that there is a statistically
significant impact of both husband and wife surljw@babilities on the allocation to stocks and
CDs. A one-percentage point difference in the hndisasubjective survival leads households to
hold about 0.026% more of their financial wealtisiacks and about 0.013% less in CDs, these
estimates are significant at the 5% and 10% |leasgectively. A one-percentage point difference
in the wife’s survival probability leads the hous&hto hold about 0.022% more financial
wealth in stocks and 0.019% less financial wealt@Ds, both these estimates are significant at
the 10% level. While the estimated average pagtiakts of husband and wife survival

probabilities are statistically insignificant fdret allocation of wealth to checking we can see that
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we estimate negative, though small impacts of highevival.

Similar to our findings for single households vee shat higher education levels of both
spouses lead to increased allocation to stockslaactased allocation to checking. Not only is
the estimated impact of a college degree statistismnificant for both spouses for all assets but
the magnitude is also large compared to the estunatpact of subjective survival to age 75.
We see that the financial planning horizon of tbeldand only is positively associated with the
allocation of wealth to stocks and negatively asged with the allocation to checking. This is
not the case for the wife’s planning horizon. Rock allocation, we see that longer planning
horizons have a negative impact relative to thetekbhorizon of only a few months. Looking at
the results for the allocation of wealth to chegkime can see that only the longest planning
horizon (10+ years) has a negative impact, thougie rof the estimated average partial effects
for the wife’s planning horizon are statisticallgrsficant.

One main reason that our results for single andietahouseholds differ is that married
households need to consider the impact of the ctarstics of both household members.
Women live longer than men and therefore wouldhieentore likely of the two spouses to have
to face the risk of outliving assets. While we fema impact of the wife’s increased survival
probabilities on Net Worth, it is very small andedanot appear to carry over to the financial
wealth of the households. Looking at the allocatienision, we see that the impact of the wife’s
survival probabilities is smaller than the estindatapact of the husband’s. In addition, it
appears that only the financial planning horizothef husband has any impact on allocation. We
see that the longest planning horizon (relativingoshortest horizon) for the husband increases
the proportion allocated to stocks by about 3% @axteases the proportion allocated to

checking by 4%. It appears that the characterisfitke wife play a small role in the decision of
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how much to save and how to allocate wealth aaessts. This could be consistent with the
idea that the household maximizes their jointtytili.e. they only consider the lifetime of the
household when both spouses are alive. If thisastase, we would see that divorced or
widowed women would have less wealth at their ddghd-rom our analysis of single
households, we see that divorced women have leskshaAmit widowed individuals have greater
wealth. The asset allocation of divorced and widbWweuseholds in the analysis of singles
indicates that they allocate less to stocks ancertechecking, but none of these estimates are
statistically significant. A more detailed analysit the decision making of married households
and the way that they pool their characteristicsédke wealth and allocation decisions is
definitely an avenue for future research.

We test the sensitivity of our results for subjeetsurvival responses for wealth holding
and asset allocation for single and married houdsho dropping variables that include our
constructed measure of permanent income. We rep@weanent income, its square, and the
cross product of permanent income and current iecioom the wealth holding equations and
we remove permanent log income from the asset iemsat

For single households, we can see that removinggeent income from our wealth
holding equations leads to an increased impaatlgkstive survival probabilities. Without
controlling for permanent income, we see that amereentage point difference in subjective
survival leads single households to hold $339 mMeWorth and $156 more Financial Wealth.
Removing permanent log income from our asset dilmeca@quations we see that the impact of
subjective survival does not change much. Thene istatistically significant impact of
difference in subjective survival, though we do Hex the estimated impacts of higher

subjective survival increased slightly for stocksl donds and decreased slightly for CDs and
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checking.

When we remove permanent income variables fromvidadth holding equations for
married households, we estimate that a one-pegempiaint difference in husband’s subjective
survival probability leads the household to hol&&8nore in Net Worth and $66 more in
Financial Wealth. A one-percentage point differeimcéhe wife’s subjective survival probability
increases Net Worth by $522 and Financial WealtB18, While the estimated impact for
Financial Wealth remains statistically insignifitamd economically small for both spouses we
see that the estimated impact of a one-percentaige gifference in subjective survival
probability for either spouse is generating abdi@@more Net Worth and that the estimate for a
husband’s subjective survival probability is nogrsficant at the 10% level. Removing
permanent log income from the asset allocation teapumhas a similar effect as in single
households. The estimated impact of subjectiveigairprobabilities slightly increases for
stocks and bonds and slightly decreases for CDslaecking. We see that our estimated impact
for a one-percentage point difference in the hudisasubjective survival probability leads to
0.027% more of the households wealth allocatedottks and only 0.015% less wealth allocated
to checking. We see that the one-percentage pifiatehce in the wife’s subjective survival
probability is now driving a larger impact on tH®eation of wealth to stocks. Including
permanent log income we see that the impact wasdrd.022% more in stocks (significant at
the 10% level), but dropping our permanent log meaneasure we see that this estimate
increases slightly to 0.023% and remains statisfisggnificant at the 10% level. In addition,
including permanent log income we estimated a g éstatistically insignificant) impact of
increased subjective survival probabilities of bgplouses on the proportion of wealth allocated

to checking. When we drop permanent log incomee#tienated impacts become slightly more
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negative.

Overall, excluding our measure of permanent inctnora our wealth holding and
allocation equations leads us to find nearly idmitcoefficients and average partial effects as
estimates from models that include permanent incéteenoving permanent income, we see the
estimated impacts of subjective survival on wehlildings and asset allocation move away
from zero. This suggests that the permanent inderieely weakly positively correlated to the
reported subjective survival probabilities. Contng) for a measure of expected lifetime
resources appears to have a negligible effect®@eshimated impact of reported survival
probabilities. It is interesting though to notetttige inclusion of a measure of permanent income
shrinks the estimated impacts for survival probaéd to zero.

Bunching at focal points has been a concern o$tigective survival probabilities in the
HRS since Hurd and McGarry (1995). The worry id tbaal point responses may reflect either
difference in cognition (Lillard and Willis (20019y measurement error (Bloom et al. (2006)).
We provide evidence that the relationship betweealt holdings and asset allocation in the
raw data appears to support theoretical predictiaverage wealth holding and allocation to the
risky asset increase as subjective survival prditiakiincrease, with the exception of
households that report survival probabilities o oBloom et al. (2006) points out that
households that report survival probabilities o @ppear to have mortality rates similar to those
people responding with survival probabilities close0.7 or 0.8.

To assess the impact of these focal points onsiimates we treat focal point responses

of one differently. First, we estimate our wealtiiding and asset allocation equations dropping
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observations where the respondent reports a slipighability of onel.l Second, recognizing
that a focal point response may reflect some ugithgykime-constant heterogeneity of the
household, we estimate our models dropping thetalérvations for the household if any
respondent has ever reported a survival probalofityne.

For single households, excluding observations wttereespondent reported a survival
probability of one leads us to estimate a larggraiot of subjective survival probabilities on
wealth holdings. Despite increases in the standands from reducing the number of
observations we can see that we are estimatin@tbaé-percentage point difference in

subjective survival probability translates into 83fiore Net Worth and $182 more Financial

Wealthlz. If we drop households that ever reported a sahpvobability of one our estimate of
the impact of a one-percentage point differencauinjective survival on Net Worth is $466 and
$143 on Financial Wealth.

More interesting is the impact that dropping fgeaint responses has on the estimated
impact of subjective survival probabilities for easallocation. When we drop observations
where the respondent gives a survival probabilityre we estimate that a one-percentage point
difference in subjective survival increases theation of financial wealth to stocks by 0.032 %
and decreases allocation to checking by 0.035% éstimates are statistically significant at the
5% level despite the increases in standard erretadewer observations. We see an even larger
impact of removing households that ever reportsedraival probability of one: we estimate that

a one-percentage point difference in survival pbiiiges leads to 0.05% more financial wealth

1 For married households, we drop the observatieither member of the household reports a
survival probability of one.
12Though not statistically significant, this is $1378more Net Worth and $5,877 more

Financial Wealth than estimates including obseovestiwith reported survival probabilities of
one.
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allocated to stocks and 0.047% less allocated @éalghg; both estimates are significant at the
5% level.

Treating reported survival probabilities of on#etently leads to significantly different
estimates of the impact of subjective survival aalth holdings and asset allocation for married
households. Removing observations where eithendsband or the wife reported a survival
probability of one leads us to estimate that a pereentage point difference in the husband’s
survival probability results in only $57 more Nebwh and $5 less Financial Wealth (both
estimates are statistically insignificant). A orergentage point difference in the subjective
survival probability of the wife leads to an estteth$698 (significant at the 5% level) difference
in Net Worth and $129 difference in Financial WeaRemoving focal point responses causes
the estimate for the wife’s subjective survivalriorease for wealth holding equations and the
estimate for the husband’s subjective survivalgordase for both wealth holding equations.

Removing households where either spouse evertezparsurvival probability of one
leads us to estimate that a one-percentage pdiatatice in the husband’s subjective survival
probability results in $171 less Net Worth and $igre Financial Wealth. A one-percentage
point difference in the wife’s subjective surviyabbability leads to $497 more Net Worth and
$215 more Financial Wealth. Interestingly the eatad impacts of subjective survival
probabilities are statistically insignificant onewe remove focal point households.

When we remove observations where either spoysetesl a survival probability of one
we see that a one-percentage point differencesimtisband’s survival probability results in
0.035% more financial wealth allocated to stockgniicant at the 5% level), 0.021% less
allocated to CDs (significant at the 5% level) @017% less in checking (statistically

insignificant). A one-percentage point differennehe wife’s survival probability results in
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0.032% more financial wealth allocated to stockgniicant at the 5% level), and 0.026% less
allocated to CDs (significant at the 10% level).&lwe drop households that ever report a
survival probability of one we estimate that a @eeeentage point difference in the husband’s
subjective survival leads us to find a statisticalgnificant (5% level) increase of 0.012% of
financial wealth to bonds. Perhaps more interessirige fact that we now estimate that a one-
percentage point difference in subjective survigalthe wife leads the household to hold 0.06%
more financial wealth in stocks and 0.036% lesSDs, while still small in magnitude they are
considerably larger than our estimates that inchldeouseholds.

It is apparent that the estimated impact of subjesurvival probabilities on wealth
holding and asset allocation are sensitive tortbkusion of reported survival probabilities of
one. Our sensitivity analysis suggests that houdstibat ever report a survival probability of
one act very differently than the rest of our samplemoving all observations for households
that ever report a survival probability of one lea to find that single households tend to
increase their Net Worth more than their Finanéfalalth in response to an increase in longevity
risk. We also find that single households increase allocation of financial wealth to stocks
and decrease their allocation to checking. For ieditouseholds we find that once we remove
the focal point households the wife’s survival @bliities becomes more important in the

wealth holding and asset allocation decisions. @/tie estimates of the impact on wealth

holding of wife’s survival probabilities are noasstically significant at standard Ieve?sthey
do coincide well with the allocation equation fings that the wife’s survival leads to a
significant positive impact on stock allocation.faet, despite the lack of statistical significance

the estimated impact of the wife’s subjective suml/probability is not much different than the

13The estimated impact for Net Worth is significantree 14% level and for Financial Wealth at
the 12% level.
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estimated impacts for the single household’s satjivobability.

It appears that including households that evesntequrvival probabilities of one has a
significant impact on the estimated impacts of satoye survival on wealth holding and asset
allocation. Excluding these “focal point” housel®ldads us to find estimated impacts that seem
reasonable from a theoretical perspective andemerglly statistically significant, despite
increased standard errors due to smaller samms.si¥hile there is still likely significant
measurement error present in the subjective prbobedj we have identified that at a minimum
the inclusion of households that report survivalgabilities of one greatly affects estimates of
wealth holding and allocation equations.

1.5 Conclusion

Theory points to the need to include estimatemnahdividual's subjective survival
probability in estimating models of economic demmsmaking. Several studies use the subjective
survival probabilities in the HRS to explain econoimehavior with mixed results. We present
here a very simple analysis that attempts to expldéferences in wealth holding and asset
allocation behavior using differences in subjecBuevival probabilities.

We find that there does appear to be a smallsstatly significant impact of subjective
survival probabilities on wealth holding (Net Wargrarticularly) and asset allocation (stocks, in
general). We find that our results for subjectiveveral probabilities are insensitive to the
inclusion of a measure of permanent income, thaugldo see that including a measure of
permanent income causes the estimated impact ctivie survival probabilities to move
towards zero. If we exclude our measure of permanenme, we find that our estimated impact
of subjective survival increases (but not by thaltompact of permanent income) and the

estimated impact on asset allocation moves away fero. We also find that inclusion of
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households that ever report a survival probabdftgne has a significant detrimental impact on
the estimated impact of subjective survival foreasdlocation equations for single households
and for wife’s in married households. It appeaet thngevity risk plays a statistically
significant role for single households, which cadicts the findings of Bloom et al. (2006).

By no means does our study attempt to contradechitpothesis that there is
measurement error in these subjective survivalairdities. In fact, it appears that bunching
does represent a form of measurement error budytlme distinctly different (or additive) to the
measurement error that is most likely presentlithal subjective survival responses. Elder
(2012) finds that life table probabilities are kefpredictors of in-sample mortality and that
subjective survival probabilities probably refleabre measurement error than they reflect
heterogeneity in mortality expectations of HRS oegfents. These findings raise questions about
both the validity of these subjective survival pabbities as proxies for mortality risk and how
we can interpret the estimated relationships betveese measures and decision-making. Our
results suggest that controlling for other factbiegt can affect a household’s wealth holding and
allocation decisions (such as permanent incomedsticompletely removes the correlation with
subjective survival that we see in the raw dataddition, we find that excluding households
that ever report a survival probability of one sigantly affects our findings. We are not sure
what these focal point responses mean in termsodfafity or if they represent heterogeneity in
cognition but it does suggest that we are probabtyable to interpret these probabilities as
reflecting actual mortality risk.

Future avenues for research would be to try diffespecifications for married
households, particularly around different typesloctive functions that combine attributes of

the spouses differently. In addition, including twdort survival probability module as a
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standard part of the HRS expectations survey wheld to tease out measurement error and the
learning process that respondents go through wtemaging their expectations. It might also be
beneficial to look into the impact of bequest intens as they may play a large role for some

households compared to others.
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CHAPTER 2
A MODEL FOR MULTIVARIATE FRACTIONAL RESPONSES WITHAN APPLICATION
TO ASSET ALLOCATION
2.1 Introduction

Many interesting economic variables are fractionalature. By definition, some
fractional response variables are related, sut¢heaBudget share of goods in a demand system
or the allocation of wealth across available as&tge these fractional responses are shares of a
total, they must satisfy an adding up restrictidne to the limited nature of the fractional
responses we are often interested in estimatiaggoakhips using nonlinear conditional mean
functions. Analogous to the case where we estiliregar conditional means, the adding up
restriction imposes constraints on the marginada#f of the covariates in our model. Since the
marginal effects of covariates in a nonlinear cbadal mean are themselves nonlinear, this
causes some difficulty in estimation as it amotntisnposing nonlinear constraints on our
coefficients. We get around this issue by imposiegadding up restriction using the
multinomial quasi-likelihood.

Sivakumar and Bhat (2002) and Mullahy (2010) show khis approach works when
using cross-sectional data. In fact, this appraadbnds very naturally to the panel data case,
even if we specify a time-invariant unobservedaffer each cross-sectional unit. We can
appeal to the Correlated Random Effects approaebkttmation (Chamberlain (1980) and
Mundlak (1978)) and specify that the conditionalamef the unobserved effect is a parametric
function of the time-averages of the independentabées. As pointed out in Wooldridge (2010),
this approach is only appropriate when we havdanbad panel. With an unbalanced panel, at a

minimum, we violate the assumption that the unoleseffect has a constant variance across
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cross-section units, since we have a different rarmbobservations for each unit. We address
this concern by exploiting the independence ofarass-section units. To do this we estimate the
multinomial quasi-likelihood on balanced panel ib®f the full, unbalanced panel. We create
the balanced panels by combining households teatlzserved in the sample for the same
number of time periods. Since the households femiht balanced panel subsets are independent
of each other we are able to take the weightedageeof the average partial effects (and their
variances) estimated in each balanced panel stdbget the average partial effect for the entire
unbalanced panel.

This approach ignores the potential serial con@tgbresent within the cross-sectional
unit. A natural next step is to correct for thisiglecorrelation by using a weighting matrix that
accounts for serial correlation. To do this we @&essical Minimum Distance estimation.

Simply put, this method takes the estimated caefiis from the multinomial quasi-likelihood
estimation on each balanced panel subset of ddtasimates a single coefficient for each
covariate that is a weighted average of all tham@@d panel subset coefficients. The weighting
matrix that we construct contains the estimatethwae-covariance matrices from the
multinomial quasi-likelihood estimated on each hatal panel subset and estimates of the serial
correlation within and across equations over time.

This paper takes the single equation fractionabptechnique laid out in Papke and
Wooldridge (2008) and extends it to cover multijpéetional responses that must meet an
adding up restriction. In addition, we estimateuabalanced panel using the Correlated Random
Effects framework by exploiting the independencewf cross-sectional units. Lastly, we also
show how we can apply Classical Minimum Distancthte procedure to potentially derive

more efficient estimates. Section 2 briefly cov@me of the work done on fractional response
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variables. Section 3 presents the single equagpieaification of our multiple fractional
responses. Section 4 combines the single equdbgether using the multinomial quasi-
likelihood. Section 5 lays out the Classical MinimiDistance estimator. Section 6 describes an
alternative estimator that may be more parsimoniSestion 7 describes the data that we use in
our analysis and presents results of estimatiorsantion 8 concludes.
2.2 Fractional Response Variables

Gourieroux, Monfort, and Trognon (1984) summaritestheory underlying the quasi-
maximum likelihood estimator. They show that ilemdom variable comes from the linear
exponential family and we correctly specify the didional mean, then estimation by quasi-
maximum likelihood generates consistent, thouglemiwlly inefficient, estimates for the
impacts of our covariates. This finding holds unither general conditions that we require for M-

Estimation. Under the standard assumptions, thei-gomaximum likelihood estimators are

asymptotically normal and converge at the ratédEfll 2.

Papke and Wooldridge (1996) estimate a singleitmaal response variable in the cross-
section using the logit functional form for the ditronal mean function. Papke and Wooldridge
(2008) estimate a single equation fractional resposariable in the panel data context using the
probit functional form for the conditional mean.ejhinsert the time-averages of their
coefficients in their conditional mean functionushparametrically “removing” the unobserved
effect. They also explore the possibility of impiray efficiency by constructing a “working”
correlation matrix that allows for some correctaifrthe serial correlation within cross-sectional
units. This technique essentially follows the lotjiat even if we incorrectly specify the

correlation structure that we can gain some efiicyeby not ignoring its presence.
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Sivakumar and Bhat (2002), Mullahy (2010) and K@di10) study the multivariate
fractional response case in cross-sectional déay Tollow a similar approach that we take in
this paper and exploit the robustness properti¢seomultinomial quasi-likelihood. They specify
their conditional means using the multinomial Igpecification that imposes the adding up
restriction across equations. In this paper, wethis@robit specification of the conditional mean
functions since it more easily accommodates theotifee Chamberlain-Mundlak device to
control for the presence of an unobserved effect.

2.3 Single Equation Fractional Probit

A natural starting point for our analysis is tooge the relationship between our
fractional response variables and proceed as thaeghill estimate each equation separately.
We do this for two reasons; first our procedureeesgally takes our single equation framework
and extends it to the multiple fractional respocease. Second, the single equation framework
gives us a baseline set of estimates to compaheteesults of the procedure that we present
here.

Assume that at each time peribdwe observe householdallocate a proportion of their

financial wealth to each assgt We assume thag =1, 2,...G exhausts all possible investment

options so that in each period the household isvabtheir financial wealth. This assumption
implies thatzg Yitg =1 for eachi =1,2,...N andt =1,2,...T . In addition to our response

vector, we observe a set of covariakgs and an unobserved effeggy . Our goal is to estimate a

model of the conditional mean of given x to determine the impact of each covariate. By

construction,yjtg is bounded between zero and one. Assuming thasei¢he same set of

covariates for each equation we can specify thelidbonal mean as:
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E(Vitg IXit . Gg )= PKitbg + ¢g); i=1...N;t=1..T ; andy= 1.G (2.3.1)
We point out that the above specification compleighores the fact that these fractional
responses sum to one. It is simply acting as thauglare treating each asset equation by itself.
Nevertheless, it is useful to study what we caivédrom these single equation models since
our approach here essentially takes the specticati (2.3.1) for each equation and uses the
multinomial quasi-likelihood to impose the addingaonstraint.

Our interest lies in estimating the average plegfiacts of the covariates;; on the

proportion of financial wealth allocated to eackedsFollowing the results for a probit model

the direction of the partial effect is determingdthe sign ofBg . For a continuous variabbgy
(dropping thei subscript);

0E(Mg IXt.cg) .
= 2.3.2
ok BgkAxi g+cg) (2.3.2)

To obtain the average partial effect we can avetiigeover the distribution odig and X .

To consistently estimate the coefficients in girgyle equation framework we require

that the covariates are not correlated with theraarm. We assume thaj; is strictly
exogenous conditional on the unobserved effect,
E(yitg [%i.Gg )= E(¥tg Xt » gy )- (2.3.3)
Following Chamberlain (1980) and Mundlak (1978)assume that
Cg =¢g *XiSg * @ig; wheregg Kkj ~Normal (Oa2 ) (2.3.4)
Using (2.3.4) we can rewrite (2.3.1) as:
E(Vitg X ag )= PWyg +Xitbg +X&g * ag)- (2.3.5)

So the mean ofjtg conditional onx; is:
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- g *+XitPg +XiSg
E(Vitg |Xi) = E(@@g *+XitBg +Xi€g + ag [Xj )= P (2.3.6)
itg 1% g TXitPg TXisg T ag IXi (1+0§g)_1/2

or
Eyitg 1%i) = E@@q +xitBg *+%i&g + ag IX )):¢(¢/ga+xitﬁga+yigga) (2.3.7)

where we use tha subscript to denote that our estimated coeffisiané scaled by

@+ agg )_1/2. Woodridge (2002, Section 15.8.2) shows that theng properties of the

normal distribution lead to equation (2.3.7).

For identification of the scaled coefficients 13.7) we require that there is no perfect

collinearity between the elementsxyf and that there is enough variationxp over time.

With the above parametric specification of the wserbed effect we can now write the Average

Structural Function (ASF) following Blundell and Wwell (2003):
ASRy(x¢) = B, [¢(¢/ga+xﬂ$ ga*tXF gaﬂ (2.3.8)

A consistent estimator oASk (Xt) is:

N . .
ASFg(x) = N'1S o (diga+ x4 ga+ & ga) (2.3.9)
i=1

where(,?/ga, ﬁga, and%ga are consistent estimates of the scaled coeffigi@néquation (2.3.7).
For a continuous variabIEj we can calculate the average partial effect bintpthe derivative

of (2.3.9) and average over battandt:

aq)@ga"’xitﬁ ga+7i~% ga) _

T N
™ NT_lz 2 Bga, jAd ga+xi ga* X & ga
J

t=1i=1

APEg (X)) =

(2.3.10)
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For a binarij we can calculate the average partial effect bgutating the difference in the

Average Structural Function evaluated at zero ared o

The above presentation closely mirrors that ofki@éagnd Wooldridge (2008) for the
single equation fractional probit model. We laid the basic specification of the conditional
mean functions for each of our asset equationsc&deaise the individual conditional mean
functions and the previous results to estimate egclation assuming that there is no correlation
between equations. Estimation of the individualagmun conditional means would entail
maximizing the Bernoulli quasi-likelihood functiowhile this works, it ignores the fact that
there is a definite relationship between the foawl responses, i.e. that they sum to one for each
household in each time period.

Analogous to the linear case, imposing the addmgestriction places a constraint on the

marginal effects of the covariates. The addingastriction states thazgzly,tg =1. Taking

expectations of this conditional o and Gg gives us the following restriction:

E(Yitg |t Gg ) =1 (2.3.11)

Taking the derivative of (2.3.11) with respectqg:

S 9E(vitg IXit . Gg) _ &
Z_: |gan| 9’_ Z_: Bgk@xith g + Cig)
g=1 g-1

(2.3.12)

G
= 2. Bykd g +xih g+ X g) = O.
g=1

Equation (2.3.12) shows that the adding up regindmplies that the sum of the marginal
effects of a specific covariate across equatiozglis. Therefore, the effect of a change in a

covariate will lead to a reallocation of finanoradalth across the available assets.
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A very simple way to impose the adding up restiicin estimation is to exploit the
multinomial quasi-likelihood function.
2.4 The Multinomial Quasi-Likelihood

We use the multinomial quasi-likelihood functionattow for correlation across
equations and impose the restriction that our dégeivariables must sum to one in each period

for each household. We assume our fractional ressgyit1, ¥t 2,.--, tG ) are exhaustive and

mutually exclusive categories representing the fadjmun and thaty,tg [J[0,1] and

zgzly,tg =1. Let xjt be a set of covariates that affect our quantitintefrest, E(Vjtg |Xj ).

Assume that
EQVitg 1) =PWot,g,a*Xitbot,g,atXEo,t,g,d=PXit0 ot,g,@ (24.1)

For identification of the parameters the multinongaasi-likelihood function requires that the

following constraint holds:

D(Xit,00.t,G,a) = E(YitG |Xi)
(2.4.2)
=1-®(Xjt .00t 1a)~ PXjt 0o t.2a) I+ P Xt .00t G- 1a)-

So that for anydt ={0t 15, 0t 249t G- 14}
G
D, Pglxj,0) =1
g=1
Assuming that the conditional mean functions amiooously differentiable ird; the adding up

restriction implies

oy PG (Xjt,8t) = ~Uo, P1(Xit .0t ) ~ Do, P2(Xit -6 ) — M3 g, PG —1(xjt .8t )-
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Assuming that we have a random drathe multinomial quasi-likelihood equation for

each observation is:

(it 8) = Yit110g[P10%t .& )]+ ¥t 2100[® 204 ,§ )]+ ¥ loglds it 4 )]-(2.4.3)

The score function is

:LD (0) it ! LD [0) ’ ] il
sit (6¢) Pyxic 0p) Ot 1(Xit et)+q)2(xit'9t) oy P2(%it .& ) +
(2.4.4)
_ WG 0. )
+¢G(Xit,9t)Det¢G(X't’9t)

Assuming the correct specification of the condiibmean

Esit 0) %) =—MLPD 0 6 4y + = 2P g @640y +1m

®3(Xit -0 ) @ 2(xit .6 )
EONitG (%)) oy
+ o (xi0,0¢) g, PG (Xit.0t)
=gy P1(xit 8¢ ) + gy P2(xjt .0t ) + [+ g, PG (Xit .0 )

=0.

Let Ht (Xj,yj .6 ) be the Hessian, it can be shown that

Hoy P1(xit 90 ) Doy P1Xit 00 1) Doy ® 20xit 00 1) Tey  2Xit o)

—E[Ht(Xit, Yit .00 t ) [ X 1= (m
’ D1(Xjt,00 1) ®o(Xjt 00 1)
06t %G (Xit.00,t) Doy PG (Xit.00,t)
O (Xt 00.t)

and is consistently estimated by

14 We point out that using the Normal cumulative dlsttion function does not explicitly
restrict the predicted values of the “omitted” eiua from falling outside of [0,1]. Using the
logarithm function in the quasi log-likelihood imgitly imposes this restriction. In our
application, we do not see this as a cause foreroress all predicted values of the “omitted”
equation fall within [0,1], though this may be ancern where there is a greater frequency of
zeros and ones in the response variable.

38



A~ _ N ~ A~ A~
At =N7LY O, (i, 6 Y Wk (xit B )Tp, @ 06t & )

i=1
where
Oy P1(xit ,6¢)
. Do, ®2(xit ,6)
D@tq)(Xit,Ot) = ;
Dﬂt CDG (Xit ) 6'[)
and
1 0
D1(xit 0t )
-
Wt(Xit,ét)= P2(Xt . 0t)
) . 0
0 1
D (Xjt,0t)
Define

~ -1 N ~ ~
By =N"" sit (B )st (&)
=1

Then an estimator of the variance matrix that eales on the correct specification of the
conditional means is given by

~ _1,\ ~ _1 N ~ ~ ~ _1 N ~ ~

At BtAr TIN =| > Op (it 0 ) Wi (it .0 )0p, 05t &) | | 25t @)%t @)

i=1 i=1
(2.4.5)

-1
N ~ ~ A
[EZ DOy @(xit 0t ) Wk (Xit , 0 )g, @ (5t & )J :
i=1
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In the above presentation we laid out the basieageh to estimating the multinomial
quasi-likelihood for each time period in a balanpadel. With a few minor changes we can
rewrite the above equations to estimate a pooleslareof the multinomial quasi-likelihood
where we do not allow the estimated parameter véateary by time period. We can write the
partial multinomial quasi-likelihood function as

T
(i(8) =" vit11og[®1(%t ,0)] +¥t 2log[® X%t ,8)] + I kg log[®s (%t ,6)].
t=1

Then the score function is

yitl . ! Mt 2 . ]
——=—[gP1(Xjt,0) +——=—[gP2(Xjt ,0) +
T | ®1(xjt,0) Do (xjt ,0)

.
S0)=> s5t(0)=)

=1 = Hnie® yItG Ha® . !
—=—[pPc(Xjt,0)
O (Xit,0)

and the negative of the expected Hessian is

Oe®1(Xit,80) Do Pa(Xit .90) . De®P 2(Xit .80) TP 2Xit 80)

- o)1 ] i 1 (Xt ,00) Po(xit ,00)
—E[H(Xj, Vi, 00) % 1= ,
t=1 G- Ho®G (Xit,00) HeP G (Xt 90)
G (Xit»00)

The consistent estimator of the Hessian is
~ _1 N T ~ ~ ~
A=NT ) > Cg®(xjt,0)'W (xit ,0)Ig® (%t ,0)
i=1t=1

where
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Og®1(xit 6)
o Og®2 (it ,0)
Ue@(xjt,0) =
Oe®G (Xit,0)
and
1 0
d1(xt ,0)
1
W (xit,0) = P2 (xit,0)
. . 0
O ;’\
b (Xit.0)
Define
~ -1 N T A ~
B=NT =) > sit(0)st (0).
i=1t=1

Then a consistent estimator of the variance métakonly relies on the correct specification of
the conditional means is

N T LNt
A—1ar-1 . A A N e Ay
ATBAT/N ={ZZD9®(X“,9)W(X“,O)DG(I)(Xit ,B)J [éz > st 0)% (e)J[
i=1t=1 i=1t=1

N T A A R
2. 2 Oo®(xit,0) W (xit ,0)Tg@ (%t 0) |
i=1t=1
2.5 Classical Minimum Distance Estimation

Classical Minimum Distance estimation (CMD) is damito Generalized Method of

Moments and involves minimizing the Euclidean disebetween a set of “reduced-form”
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parameters and their structural counterparts. Hs&lexposition is as follows and can be found

in Wooldridge (2002, Section 14.6).
Suppose that we haveRax1 vector of structural parametedg related torg a Sx1
(where S> P) vector of reduced-form parameters such that:
g =h(0) (2.5.1)
whereh is a known, continuously differentiable functidrat maps the structural parameters to

the reduced-form parameters. To perform CMD estonawe first obtain estimates of the
reduced-form parameters, say and then find an estimatérthat minimizes the weighted
Euclidean distance betweén and h(é) . Analogous to GMM, we can use any weighting matrix

so long as it is positive semi-definite, such asSanS identity matrix, but the optimal weighting
matrix is the one that makes the CMD estimatomtir@mum chi-square estimator.

The CMD estimator solves the following problem:

min{z-h(0)} "% 714 O} (25.2)
0O

whereplimp _, o E= Eo. Assuming thatr is a consistent estimator af, and that

a A
\/N(ft—no)‘* NormalQ =g ) then= 1 is the inverse of any consistent estimate of the

asymptotic variance of/ﬁ(ft—no) . The solution to the optimization problem in (2)3s 0

which minimizes the weighted Euclidean distanceveen st and h(ﬁ) it can be shown that

. a _
JIN(®-0)~ Normal[0O,H';EgiH o] whereH = H(0) and H(8) = Ogh(8) the Sx P

Jacobian oh(0) . The appropriate estimator ﬁvzr(é)
Avar®)= (H'E 1H)"1/N = (H'[Avar@)] 1A) 1 (2.5.3)
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If the mapping functiorh is linear then we can state the general form ®GMD

estimator as follows (Wooldridge, 2002, Problem7)4.

o=HE ) ek (2.5.4)
This implies that the optimal CMD estimator of gteuctural parameter vector is a weighted
average of the reduced form parameter vector wihereveighting matrix is the estimated
asymptotic variance matrix of the reduced-form paaters.

The mapping function that we use in the CMD estilomastep is indeed linear and
therefore we can use (2.5.4) to construct the eséisnof the structural parameter vector. To
obtain our reduced-form parameter vector we maartiie multinomial quasi-likelihood for
each time period within each balanced panel subsitg these estimates we can then construct
the weighting matrix that we will use in the CMLiigsation. The weighting matrix will be a
block matrix where the estimated variance matrica® each time period are on the diagonal
and the off-diagonal block matrices contain estewaif the covariance within and across
equations over time.

Given the results in section 3 and the specificegtiof the conditional mean functions in

section 2 we define the diagonal elements of thghtiag matrix as

-1
A_lA A~ _ N ~ ~ ~ N ~ ~
ATTBAT YN :[Z o, @ (xit 0t )Wt (Xit .6 )Up, @ (%t .6 )J {Zﬁt @)% @ )'J
i=1 =1
(2.5.5)

-1
N ~ ~ A
EEZ Doy @(xit 0 ) Wk (Xit , 0 )Cg, @ (%t & )J :
i=1

We construct the off-diagonal elements of the winghmatrix in a similar manner
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-1
N N
ArlBASHN {Z Do, @ (Xt 0t) Wi(xit,01)Og, P (Xit 19t)J (Z sit 0t )sis @ s)'}
i=1 i=1

-1
N
EEZ O P (Xis 85)' W (X jg0 9Ll P (x igh g} (2.5.6)
i=1

fors# t.

The weighting matrix that we use in CMD estimatisn
Al A-1 A-15 A1 Ak A-1
ArBATY ATBIADY o ATBrAT

A8 ALY ADBB AL o ATBgATE 257

A-ls A-1 A-1s_ A-1 A-b__A-1
ATlBrATt ATBrASY - ATBAT
We calculate this weighting matrix for each balahpanel subset in our data. The mapping

function that we use is linear, it maps thereduced-form coefficient vectors to the single

structural parameter vector for each balanced paredet. Therefore, we can state that the CMD

estimatorp takes the following form
f=HO ) o™ (2.5.8)
whereQ is defined aboveﬁ represents th& (G-1)Kx1 (K covariatesG —1 equations;T

time periods in each balanced panel subset) vetfoarameter estimates from the multinomial

quasi-likelihood maximization anH is aT(G-1)K x (G-1) K matrix that maps the reduced-

form parameter estimates to the structural paranestenates:
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wherel Eéj—l)K isa(G-1)Kx(G-1)K identity matrix for each time periog.

After deriving the CMD estimates of the structysatameters in (2.5.8), we can calculate
the average partial effects of our covariates &eiction 2 using . Therefore, our proposed

procedure is
Procedure 1:

1. For each time period obtain the multinomial gli&slihood estimates of the

coefficients, the gradient vector, and the robastance matrix.

2. Create the weighting matrix as in (2.5.7), grematrixH

3. Obtain the MD coefficient estimates using (2.%u&d the asymptotic variance matrix

of these estimated coefficients as in (2.5.3).

The above presentation necessarily assumes thiaawveea balanced panel; this is due to
the use of the Chamberlain-Mundlak device empldgagmove the unobserved effect. If we
have an unbalanced panel then, at a minimum, cungstion of a common variance across
households, conditional on the number of time ks;i@s incorrect. Households in the panel for
fewer time periods will necessarily have a largagmeated variance for their time-averaged
observables. One solution to this problem is t@droservations so that we have a balanced

panel. While this works technically, it has thegdtal to cause problems that are even more
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worrisome. Fortunately, there is a very simple wagllow us to use this procedure in the
context of an unbalanced panel.

Since we have independence within the cross-seadta, households are randomly
sampled and independent within each time period;amesimply subset our data based on the
number of times that we observe households andabherage the estimated average partial
effects across these subsets. This entails creladilagced panels that contain households that are
observed for the same number of time periods. Wiimate the multinomial quasi-likelihood on
each of these balanced panels by time period Weltbby the minimum distance estimation to
account for serial correlation. We then calculatedaverage partial effects for each balanced
panel and average these across all the balancetspan

We adapt Procedure 1 in the following way to alfowestimation on an unbalanced
panel:

Procedure 2:

1. Subset the panel into balanced panels whichagoatl households that have exacjly
observations, wherg¢ =2,...T .

2. For each time period in each balanced paneksubaximize the multinomial quasi-
likelihood obtaining the estimates of the coeffitge the gradient vector, and the robust
variance matrix.
3. Apply CMD estimation as detailed above to emubset of the data.
4. Calculate the average partial effects and thaiances for each balanced panel subset
and then average these across all balanced pdrsatsu

2.6 An Alternative Specification

The procedure presented above essentially takgke squation fractional probits and
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combines them into a system of equations. Whike iththe logical first step in estimating
multiple fractional response variables, it assuthasthere aré€s sources of heterogeneity. This
is a very general assumption and acts as thoudhawe a different distribution for the
unobserved effect for each equation. We know teagrbgeneity is at the household level, and
we want to control for these time-invariant unolsédrcharacteristics. Suppose that what we
cannot measure is household risk aversion andidkaaversion is time-invariant but correlated
with our covariates. If we do not control for rigkersion then our estimated coefficients will be
inconsistent. Although risk aversion is constargraume and across assets, we anticipate that
theexpected valuef the impact of risk aversion will vary dependimg the asset under
consideration. A very risk-averse household wilb@te a smaller proportion of their wealth to
the risky asset and a larger proportion to lesg/ réssets. Therefore, the expected value of the
unobserved effect should vary by equation. Our rhallil@vs for this in a very general way. One
concern is that the model that we propose is to@ige and leads to estimation of too many
parameters.

A potential solution is to specify a slightly dgifent model where instead of estimating a
different parameter for each time average andaeferby equation we estimate a single
parameter vector for the time averages and themaist parameters to allow the effect of the

time-averaged covariates to vary by equation. Weatkapt the above model as follows:
E(Yitg IXit .G ) =Pt By + ¢)-
Here we introduce an equation specific paramé@elthat allows the impact of the unobserved

effect to vary across equations. In addition, wé&entie assumption that there is a single source

of heterogeneity.
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G=W+ix +3
5 1% ~N(0.0%)
Again, we assume strict exogeneity conditionalleunobserved effect:
E(Vtg %G )= E(stg 1%t .€)
Pluggingg into E(y,»[g | it , G ) gives us the mean conditional on observed andserebd
factors:
E(Vitg |Xit.8)=P Qg ¥ +XitBg +Ig&Xi + g )
wheredgaj ki ~Normal (Odgag )
Therefore the conditional mean g givenx; is

IgW +Xijt By +0géX

E(Yitg [Xj)=@®
itg 1% w+ 3B}

This is nearly identical to equation (2.3.6) abaept that we have a different scale factor.

Regardless, we will still be able to derive thegistent estimates of the average partial effects.
We can estimate the above conditional means tsagultinomial quasi-likelihood.

Since we cannot identify a parameter for each éguatve would need to normalize one say,

Jg to one. We do not estimate this specification hleue we point out that in other applications

this can be considered since it is more parsimaéd may be more efficient.
2.7 Results

We use data from the Health and Retirement StuRS The HRS began in 1992 and
was nationally representative of all non-institnibzed individuals aged 51-61 in that year. In
1998, the HRS combined with the Asset and Healthdyics of the Oldest Old (AHEAD) and
added several new cohorts to be nationally reptaea of the population of non-
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institutionalized individuals aged 51 and oldertBmitial respondents and their spouses are
interviewed and followed in subsequent waves. Wedada for all cohorts from Waves 1-7
(1992-2004) of the HRS. In addition to basic dermapdic variables, the HRS collects detailed
information on wealth holdings, allocation of wéalincome and its sources, health, and
measures of the probability that future events nddle use subjective survival probability, age,
word recall, household income, and non-financiahhiteas regressors in our model.

Our measure of subjective survival probabilitiemes from responses to the following
guestion:

On a scale from 0 to 100, where 0 is no chanceldttis absolutely certain, what are

the chances that you will live to age 75 or older?
Our measure of income is calculated as the surtl nba-capital income received by the
respondent and spouse during the year. To calcwkedéth variables we use responses to
guestions about the value of holdings within vasifinancial assets. The assets that are
measured are stocks and/or mutual funds, bondpdiate and government), Certificates of
Deposit (CDs) and checking, saving and/or moneyketaccounts. We also have information
about other assets owned by the household incluthnging, vehicles, other real estate,
IRA/Keogh accounts, and trusts. We distinguish leetwtwo measures of wealth holdings. Non-
financial wealth consists of the value of housieg| estate, IRA/Keogh accounts, vehicles, and
trust holdings, less any associated debt. Finak¢edlth is the value of all holdings in
stocks/mutual funds, bonds, Certificates of Depast savings, checking and money market
accounts. HRS respondents are given a list of nandghen asked to repeat this list
immediately and then again at the end of the cams#ection. We use the proportion of words

recalled at the end of the section as a proxydgniion.
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We construct our data set by household. We condpoeses in each wave so that our
panel consists of household observations by yeaselect individuals for our sample we drop
observations that satisfy the following criteria:

(1) older than 65,

(i) missing values for subjective survival probability,

(i)  is a proxy interview or

(iv) is deceased.
We apply these criteria at the individual levehswuseholds that do not have both spouses are
dropped. The decision to allocate wealth acrosstass conditional on holding positive financial
wealth; thus, we drop observations where finangedlth is zero. In addition, we drop
households that are only observed for one timeodetlmposing the above criteria for married
households leaves us with 3,872 households (14diakobservations).

In Table 13, we display means and medians ofdlevant variables in our analysis. We
can see from Table 13 that the average allocafiovealth generally falls into two assets: stocks
and checking. There is some investment in CDs bt Mtle in Bonds. There is some concern

regarding the time variation in the HRS in partizudith subjective survival probability

measureéL.5 Table 14 presents the proportion of the variatiat is between households in our
dataset. We can see that the bulk of the variati@ur variables is between households, but
there is some variation over time that we may be &bexploit.

As a first step, we estimate our allocation equmtiby linear fixed effects. In general
linear fixed effects coefficients should providélfagood estimates of the average partial effects

and provide a reasonable baseline to compare egienation techniques. The results of the

15Smith et al. (2001) and Elder (2010) point to theklof appropriate variation in the subjective
survival probabilities collected in the HRS.
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linear fixed effects estimation are presented ihl@d5.

We now turn to different methods of estimating éiverage partial effects of our
covariates using a nonlinear conditional mean $ijgation. As a first pass, we know that we can
estimate each equation using a single equationirmearl method. We follow Papke and
Wooldridge (2008) and use the procedure that thelydut for the estimation of a pooled
fractional probit. Since we have an unbalanced lpaaecannot simply estimate the single
equation fractional probit on the entire paneltdasl we subset the unbalanced panel as
described above, maximize the Bernoulli quasi-ikedd for each balanced panel subset,
calculate the average partial effects and thenageethese across the balanced panel subsets.
The results from this estimation approach are prtesiein Table 16. With the exception of the
estimated average partial effects on Husband aried Word Recall, the estimated average
partial effects are similar to those estimatedibgdr fixed effects but we can see that estimating
using balanced panel subsets significantly incidtase estimated standard errors so that none of
our covariates are statistically significant. Thiéelence in the estimated average partial effects
for both Husband and Wife Word Recall may sugdest there is some nonlinearity in the
impact of this variable on the allocation of wealth

Next, we maximize the multinomial quasi-likelihood each balanced panel subset,
calculate the average partial effects for eachrizald panel subset, and then average these over
the balanced panel subsets. Table 17 containstimaged average partial effects and the
standard errors from this approach. Overall, wesssnthat the estimated average partial effects
for all equations are very similar to those estadaty the single equation fractional probit
technique. Looking at the standard errors, we eartlsat they are nearly identical to the

fractional probit standard errors. It appears iimgosing the adding up restriction does not affect
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the estimates of either the average partial effectee standard errors.

Table 18 presents the estimated average partedtefbnd standard errors from
Procedure 2 outlined above. Our main points of canispn here are Tables 15, 16 and 17, the
average partial effects estimated by linear fixiéelots, maximizing the Bernoulli quasi-
likelihood and maximizing the multinomial quasidikhood on the balanced panel subsets.
Looking first at the estimated standard errorscase see that they are smaller than those in both
Tables 16 and 17 but larger than those estimatduhdgr fixed effects. This suggests that
accounting for serial correlation within and betwegjuations has led to more precise estimates
relative to the estimation that uses balanced pauteets. In particular, the estimated standard
errors for the allocation of wealth to Bonds andsGide almost half the size of the standard
errors estimated by maximizing the pooled multir@nquasi-likelihood.

Turning to the estimated average partial effectcaresee that there are some differences
between the results in Table 18 compared to Talde46 and 17. Tables 19, 20 and 21 show the
p-values of testing the difference in estimated-aye partial effects across the different
estimation approaches. Tables 19 and 20 compasstimeated average partial effects of
Procedure 2 to the estimated partial effects fraaimizing the Bernoulli quasi-likelihood for
each asset equation on balanced panel subsetsoamdnfaximizing the multinomial quasi-
likelihood on balanced panel subsets. Given thgelatandard errors from estimation on
balanced panel subsets with either the single equat multiple equation approaches we only
see a statistically significant difference (at 896 level) for the estimated average partial effect
of Log(Income) on the allocation of wealth to Bondsoking at Table 21, which compares
estimated average partial effects between Procétlaral linear fixed effects we can see that the

estimated average partial effect of Log(Incomeponds is also statistically significantly
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different than the linear fixed effect estimatasiunclear whether we should expect a negative
correlation between income and bond holdings, sinsenot certain what increasing income
levels mean for the riskiness of that income. Thagcally a more risky income stream would
lead to an increased incentive to allocate wealilgs risky investments, but this will depend
upon the correlation between the riskiness of étern from each asset and income. Since the
estimated average partial effects from linear firéfdcts, maximizing the Bernoulli quasi-
likelihood for each equation and maximizing the timaimial quasi-likelihood are relatively
close to zero with large standard errors it sediassible that the effect is negative but not
controlling for serial correlation leads us to ewtte a very small impact from income.

Simply looking at the magnitude of the estimatedrage partial effects it appears that
the largest differences occur within the stock aenelcking equations. The estimated average
partial effects that are the most different areHosband and Wife Age, Husband and Wife
Pr(Live to 75), and Husband and Wife Word Recalhi/the impacts of these covariates have
changed for both Husband and Wife there are distiifierences between the two members of
the household. The average partial effect of gonentage point increase in survival
probability on the allocation of wealth to stocksreased nearly tenfold for the Husband, but
decreased twofold for the Wife. We can also settlieaestimated average partial effect on
stocks from Husband Word Recall is about 0.003greeme points greater in Table 18
compared to the linear fixed effects estimate ibl&d5, but this is not the case when comparing
Wife Word Recall. Nevertheless, though the magmitudf the estimated average partial effects
are larger from Procedure 2 we cannot reject thiehypothesis that they are statistically
equivalent to the estimates from maximizing thgkerequation Bernoulli quasi-likelihoods or

the multinomial quasi-likelihood.
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Turning to Table 21, which compares the estimatexlagye partial effects between linear
fixed effects and Procedure 2, the covariates stakistically significant different estimates (at
the 5% level) are Husband Age for stocks, Wife Relto 75) and Log(Income) for bonds and
Husband Age and Wife Age for checking. The diffeesnin the estimated average patrtial
effects for Husband and Wife Age are not surprigivgn the fact that Procedure 2 is using the
between household variation from time averagesiwitbars of the balanced panel subsets to
estimate the impact of age. Perhaps more surprisitige fact that we now estimate a negative
average partial effect for Wife Pr(Live to 75) fasnds. Though this estimated average patrtial
effect from Procedure 2 is not statistically diffet from the linear fixed effect estimate it
suggests that the Wife may prefer less risky agaeats potentially more liquid in the case of
CDs and Checking) when facing an increased lifespénile this is purely conjecture it may
suggest that there is an avenue for researchhetdifferent preferences of household members
against both the expected risk and return fromtasse the liquidity of these assets.

There are several reasons that we would expeettdifferences in the estimated
average partial effects from our Procedure 2. Fingt two-step procedure maximizes the
multinomial quasi-likelihood for each time periodgthin each balanced panel subset; this
technique exploits the variation in the differentresn the time averages between households.
Second, Procedure 2 is weights the coefficientedas the serial correlation in the allocation of
wealth to each asset, the serial correlation ircthariates and the correlation of the covariates
across equations within each time period and aismsa time. Our procedure combines all of
these correlations into weights that are then adpb the coefficients from each time period
within the balanced panel subset. What is promigrbat while we do see some statistically

different estimated average partial effects fromcBdure 2 compared to maximizing single
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equation Bernoulli quasi-likelihoods, maximizing ltiple equation multinomial quasi-
likelihoods and single equation linear fixed effetite actual impact from these covariates all
point to relatively small effects on the allocatiminwealth across these assets.

Overall it seems that our estimated impacts froenpitocedure we laid out here are
reasonably close to estimates from models thatrveaviwill generate consistent but inefficient
results. In addition, despite slightly differentissted average partial effects our proposed
procedure still estimates small impacts of thesaates on the allocation decision which is
consistent with the other approaches that we used.

One of the advantages of the method that we proploses is that it allows the effect of
the covariates to affect our response variablesnon-linear way. Even though we have
estimated our multinomial QMLE on time periods withbalanced panel subsets we can still
construct the Average Structural Function (ASF)tha entire sample:

N T
ASFx()= N1y S T = 10(®; +xBgr +Xégr ) for r=2,...T
i=1r=2
We plot ASF(x¢) for Husband Word Recall for the allocation of wkab Stocks, Bonds, CDs,

and Checking in Figures 1 — 4 and for Wife Word &leio Figures 5 — 8. As a point of

reference, we also plot the corresponding ASF ftloeninear fixed effects estimation, which are
straight lines because the coefficient estimatesanstant over the entire range of the covariate.
From figure 1 we can see that there is some naidityein the impact of Husband Word Recall

on stocks. It seems that the impact of remembextiditional words increases slightly as more
words are recalled. Figure 2 displays the averagetsiral function for bonds. There appears to
be a steep decline in the predicted proportionexlth allocated to bonds as the number of

words recalled increases, but this impact dampsmsaae and more words are recalled. For the
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allocation of wealth to CDs we see a relativelyoltamall impact of Husband Word Recall that
gets slightly larger as the number of words redaitereases. In figure 4 we can see that the
impact of Husband Word Recall on the proportionvetlth allocated to checking is initially
small, but increases as the number of words retallereases.

Turning to Wife Word Recall we can see in Figurd&t the average structural function
is fairly linear across the range of word recai@ufe 6 shows that there is some significant
nonlinearity in the impact of word recall on théahtion of wealth to bonds. It appears that
impact of recalling additional words increases otigewife has recalled greater than 50% of the
words given in the survey. Figure 7 shows thatehgi slight dampening effect of recalling
additional words on the allocation of wealth to Cbgt that it sets in near the end of the range
of possible values. As we can see from Figureégtlppears to be “diminishing returns” to the
impact of additional words recalled by the wife ainseems that this begins to set in slightly past
60% of the words recalled.
2.8 Conclusion

In this paper, we have presented a two-step estimptocedure for cases where we have
multiple fractional responses that must satisfyadding up restriction. We leveraged the
properties of the multinomial quasi-likelihood ath@ normal cumulative distribution function to
account for the adding-up restriction and the retstdl range of our multiple response variables.
In our application, we were able to exploit thedam sampling of cross-sectional units to derive
consistent and more slightly more efficient estesatf the average partial effects of our
covariates on the allocation of financial wealttvémious assets in an unbalanced panel while
still controlling for a time-invariant unobserveffext. Since the multinomial quasi-likelihood

function is a member of the linear exponential igmie are able to achieve consistent results
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under the assumption that we have correctly sgetthie conditional mean. Our second step
allows us to increase the efficiency of our estasdtom using nonlinear methods on balanced
panel subsets of our data while still estimatingrage partial effects that are (for the most part)
not statistically different from these other apmtoes.

We also laid out an alternative estimation appndhat makes a further assumption on
the impact of our time averages. This refinemeatdtear next step along this line of research.
There is also much to be gained in applying the-step procedure to other problems where we
have multivariate fractional responses that mussfyaan adding-up restriction. In particular, it
would be useful to see how well this estimatiorhteque performs in balanced panels and also
in panels where there is more within variationhia tovariates. It would also be fruitful to see
the impact that different assumptions about thelseorrelation have on the estimates from the
CMD step. One assumption that is obvious and thatdd in the Generalized Estimating
Equation literature is to assume that the corm@tatvithin units over time is exchangeable.
Papke and Wooldridge (2008) find that there is ahmom difference between their estimates
when assuming an exchangeable correlation structurgared to a completely unstructured

correlation.
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CHAPTER 3
ESTIMATION OF A MULTIVARIATE FRACTIONAL RESPONSE M@EL WITH
UNBALANCED PANEL DATA
3.1 Introduction

Estimation using panel datasets is more prevaléhttive increase of available data on
repeated observations on micro-level units. Withgbaata we are careful to remove unobserved
effects by differencing the data or using fixedeefs. With a linear model this is straightforward
and allows for the unobserved effect to be coreelatith observables and having a balanced
panel is not necessary. Once we begin to looktahason of nonlinear models on panel data
this issue becomes a little more complicated.

Treating the unobserved effect as a parametestima&te leads to inconsistent estimates,
referred to as the “incidental parameters probldmgeneral it is assumed that the unobserved
effect is part of the conditional mean that we #ydor our dependent variable. As this
unobserved effect is folded into a nonlinear fumctive are not able to remove it via differencing
or time-demeaning. We can avoid this problem eikyeignoring it or using a random-effect
technique that assumes that the unobserved effect icorrelated with any observables. While
the random effects procedure provides a solutlmassumption that the unobserved effect is
uncorrelated with the independent variables cath ifeanconsistent estimates if violated.

Another approach to controlling for the unobsereéfdct in panel data is through
Correlated Random Effects models. The approach snadeametric assumptions about the way
that the time-invariant effect is related to otmetependent variables in the conditional mean

model. The usual set up assumes that there igarlrelationship between the unobserved effect
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and the time-averages of the regressors. This Cadan-Mundlak device is relatively simple
to implement assuming that we have a balanced panel

In the context of an unbalanced panel care neelds taken when employing the
Chamberlain-Mundlak device to control for unobsedreffects. The standard assumption is that

the unobserved effeqj is distributedNormal(y + £%,0¢) . This assumption is not accurate if

some cross-section units have fewer observati@ars dthers since the estimated variance of the
unobserved effect will be larger for units that abserved fewer times. The most obvious
approach to remedy this problem is to simply chdabhsdargest balanced panel, essentially
dropping cross-section units that we do not obstawa set number of periods. This approach is
dangerous for two reasons. First, reducing the murabobservations decreases the accuracy of
our estimates. Second, even if we assume thattieelés uncorrelated with the idiosyncratic
errors there is a potential for selection to beelated with the observables and unobserved
heterogeneity which will lead to inconsistent esties of their effects on our dependent variable.
Wooldridge (2010) presents a modification of ther€lated Random Effects approach that
allows selection to be correlated with the covasand the unobserved effect. This modification
allows us to apply the Correlated Random Effects@gch to be applied to unbalanced panel
data.

Wooldridge (2010) presents an example using a atdrlobit (or fractional probit)
model and suggests that we can extend this motiifictéo multivariate fractional responses.
Sivakumar and Bhat (2002) and Mullahy (2010) ugentlultinomial quasi-likelihood to estimate
models of multivariate fractional responses thathan adding up restriction and estimate their
models using cross-sectional data. Extending theéetsdo balanced panel data is relatively

straightforward as we can simply estimate poolede&tson repeated cross-section observations.
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Of course, we would want to make sure that we liss#tared standard errors to make inference
robust. In a balanced panel we could use the Gae@Random Effects approach and control for
the unobserved heterogeneity by making parametsaraptions of the moments of its
distribution.

In this paper we combine the approach for multatariractional responses and the
modifications to the Correlated Random Effects apph to estimate models on multiple
fractional responses on cross-section units tieabbserved over time, but not for the same
number of time periods. We do this by combining¢beditional mean specifications of each of
our fractional responses and estimate using thémouatial quasi-likelihood function which
explicitly imposes the adding up restriction of thaltivariate fractional responses. We assume
that selection is uncorrelated with the idiosyncratror but allow it to be correlated with the
unobserved effect and the covariates in our camthlimean.

The outline of the paper is as follows. Section&pnts the single equation fractional
probit model discussed in Papke and Wooldridge §208kection 3 extends the single equation
fractional probit to allow for selection followingyooldridge (2010), section 4 presents the
multinomial quasi-likelihood and details how we lvastimate the multivariate fractional
response models on an unbalanced panel simultdgesestion 5 presents results from
estimation of this model comparing it to resultsnfirother estimation methods and section 6
concludes.

3.2. Single Equation Fractional Probit Models iBadanced Panel
We begin by laying down the framework for estimgtsnmodel of portfolio allocation on

a balanced panel. We proceed in this manner simoakes obvious the modifications that we

60



need to make for the unbalanced panel case andrdgraies the impact that these modifications
will have on the estimation of the average padfédcts.
Assume that at each time peribdwe observe householdallocate a proportion of their

financial wealth to each assgt We assume thag =1, 2,...,.G exhausts all possible investment

options so that in each period the household isvastheir financial wealth. This assumption

implies thatzg yitg =1 for eachi =1,2,...N andt=1,2,...T . In addition to our response

vector, we observe a set of covariaigs and an unobserved effeggy . Our goal is to estimate a

model of the conditional mean of given x to determine the impact of each covariate. By

construction,yjtg is bounded between zero and one. Assuming thaise¢he same set of

covariates for each equation we can specify thelitonal mean as:
E(yitg IXit . Gg )= PKitbg + §g); i=1...N;t=1..T ; andy= 1,.G (3.2.1)

We point out that the above specification compleighores the fact that these fractional
responses sum to one. It is simply acting as thauglre treating each asset equation by itself.
Nevertheless, it is useful to study what we canvddrom these single equation models since
our approach here essentially takes the speciicati (3.2.1) for each equation and uses the
multinomial quasi-likelihood to impose the addirgaonstraint.

Our interest lies in estimating the average pleeffacts of the covariates; on the
proportion of financial wealth allocated to eackeisFollowing the results for a probit model

the direction of the partial effect is determingdtbe sign ofBg . For a continuous variabbgy
(dropping thei subscript);

OE(Mg IXt.Cg)
0%tk

= Bgk@xth g +Cg) (3.2.2)
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To obtain the average partial effect we can avetiigeover the distribution odig and andx .
To consistently estimate the coefficients in girgyle equation framework we require
that the covariates are not correlated with theraarm. We assume thaj; is strictly
exogenous conditional on the unobserved effect,
E(yitg [Xi.Gg )= E(¥g Xt » gy )- (3.2.3)
Following Chamberlain (1980) and Mundlak (1978)assume that
Cg =¢g *XiSg * @ig; wheregg Kkj ~Normal (Oa2 ) (3.2.4)
Using (3.2.4) we can rewrite (3.2.1) as:
E(Yitg [Xi.8g )= PWg *+XitBg +Xi&g *+ ag )- (3.2.5)
So the mean ofjtg conditional onx; is:

Yg +Xithg +XiCg
-1/2

E(Vitg %)= E(@Wg +xitBg +Xi&g + ag 1Xj)=® (3.2.6)

(1+U§g)
or

E(Vitg |%) = E(®Wg +XitBg tXi&g * ag |Xi ))=¢(l//ga+xitﬁga+7i§ga) (3.2.7)
where we use tha subscript to denote that our estimated coeffisiané scaled by
@+ agg )_1/2. Woodridge (2002, Section 15.8.2) shows that theng properties of the

normal distribution lead to equation (3.2.7).

For identification of the scaled coefficients 814.7) we require that there is no perfect
collinearity between the elementsxjf and that there is enough variationxj over time.
With the above parametric specification of the wserbed effect we can now write the Average
Structural Function (ASF) following Blundell and Wwell (2003):
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ASRy(x¢) = K, [¢(¢/ga+xﬂ$ ga*tXF gaﬂ (3.2.8)
A consistent estimator oASky (Xt) is:

N
ASFg(x) = N'1S 0 (diga+ x4 ga+ X & ga) (3.2.9)
i=1
where(,?/ga, ﬁga, and%ga are consistent estimates of the scaled coeffgienéquation (3.2.7).
For a continuous variablegj we can calculate the average partial effect bintathe derivative

of (3.2.9) and average over battandt:

— 0P(PgatxitbgatXbgd) e N - s
APEg () =—— axjg 2= NT1Y Y Bga, j@dga+ il ga* XE ga
t=1i=1

(3.2.10)

For a binarij we can calculate the average partial effect bgutating the difference in the

Average Structural Function evaluated at zero ared 0
3.3 Single Equation Fractional Probit Models intarbalanced Panel
Once we are dealing with an unbalanced panel wd temake explicit the fact that each

cross section unit in our sample is not observedhf® full span of time. LeTj represent the

number of periods that we observe each cross settmit. We also introduce a selection

indicator to index whether an observation is usegstimation. Lets; be an indicator that takes

on a value of one if the observation is used imegton and zero otherwise. To get consistent
estimates of the average partial effects we neadkdce explicit the assumption that selection is
not correlated with the idiosyncratic error ternhefefore, in addition to the usual strict
exogeneity assumption we assume that selectiaonidittonally ignorable. We write this

assumption as follows:
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E(Vitg 1%i.Gg .5 )= E(#g it .y )=P &t by +ig ) (3.3.1)
Now we need to specify a model for the distributodrthe unobserved effect. In the typical case
this amounts to specifying that the expected vafitee unobserved effect varies linearly with
the time averages of the observed covariates.

In an unbalanced panel, we need to specify tleattban and the variance of the

unobserved effect vary blj since intuitively the estimated moments will vamnply because

we are using a different number of observationsstamate the parameters of the distribution.

Following Wooldridge (2010), we definej to represent functions of the covariates and
selection{( st, $t %t : t=L..., T}. A straightforward extension of the standard Chewain-

Mundlak device would be to aIIoE/(qg | wj )to vary by the number of time periods that we

observe our cross-section u%ﬁs
T
E(qg [wj)= D ¢gr QUT = r]+% & (3.3.2)
r=1
We allow the variance oc[;g to vary across the unbalanced panel through thewaig

specification:
T-1
Var(qg |wj)=exg 7+ > Uf = rlibgy (3.3.3)
r=1
The specification in (3.3.3) allows the varianceha unobserved effect to vary with the number

of time periods that we observe a cross-sectiohinmiur panel.

16Wooldridge (2010) actually specifies that the ctindal mean of the unobserved effect
includes the interaction between the indicatomi@mber of time periods in sample and the time
averages of the covariates. We only include theatdr variables here due to non-convergence
of our likelihood functions in estimation.
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Given equations (3.3.2) and (3.3.3) and assurqi@gonditional onw;j is distributed

normal we can rewrite the conditional mean for\aegiasset as

E(Vitg IXit Wi, =1)=

Xithg *+ g —pWgr O =11 +%i&g (3:3.4)
1/2
[1+ exp{r+z1r_:_11[ri = r]ﬂogr)]

We can reparameterize equation (3.3.4) so thaléheminator is unity if we have a balanced

panel:

E(Vitg IXit Wi & =1)=

o| XitPg +ZI=1‘ﬂgr OfT; =r]+% &g (3.3.5)
T 1/2
exp(Zr :zl[ri = r]m’)grj

Given the specification in (3.3.5) we follow Bluridend Powell (2003) and construct the

Average Structural Function as:

XtBg "‘Z-rr:llﬂgr AT =r]+X&g

ASFg (xt) = Ig(i ) . 175 (3.3.6)
exp(zrzzl[l'i = r]l]!)grj
A consistent estimate of this is
— N | xiBg +ZT_11/79r afT; = 1] +Xi&g
ASFg(x)= N "> @ r= (3.3.7)

. 1/2
=1 exp(Z-r!-Zzl[rl = r][}[,:)gr)
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wherefig g %g and @ gy are consistent estimates of the coefficients i8.83. For a

continuous variableg we can calculate the average partial effect bytathe derivative of
(3.3.7):

N 5 T 5 S G
f}gk N_12¢ xtBg + D ¥ gr Ol = 1] +%j&g

. 172
i=1 eXP(ZI:z 1 =1 gy )

(3.3.8)

where ¢+] represents the standard normal probability distidm function. Once again we can

see that[?gk determines the direction of the partial effect.

3.4 The Multinomial Quasi-Likelihood: Multivariatéractional Responses

We now describe the multinomial quasi-likelihooeétion and detail the how estimation
proceeds given the specifications for the cond@ianean and variance. Since an observation
can only have a log-likelihood value if it is indied in estimation the following exposition

necessarily assumes that the likelihood is onlyneelffor observations whergy =1.
The multinomial quasi-likelihood function for andom drawi in a specific time period
t is given by:
(it ) = Yz log[ MOt Wi 81)]+ v p log[ megr W 02)+- Ga1)
<+ Yigt log[ mxi i ,6G )] h

Where
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XitBg +z-rr:1l//gr An =rl+Xi&g | 17

m(xit,wi,ﬂg):db 172
exp(ZLzl[ﬁ = V]E'Jgr)

For identification of the parameters the multindngiaasi-likelihood requires that the following
constraint hold:
m(Xjt, Wi ,8G ) = 1= m(xjt Wi 87)— mbt w 82)-0EF mg w & -1) (3.4.2)
Since we will be pooling observations the partiadsj-likelihood function is
T
fi(9)=tZ_1mlog[m(xit W 01)]+ yp log mgr Wy O]+ +igt lod Mg w & ]
(3.4.3)

The score function is then

omCxit, Wi 1) | HeMXitwi02)

m(xit , W ,01) Mm%t \W ,02)
5(0)=> st (0)=) ey (3.4.4)
t=1 t= by B o MXit Wi ,6G )
"G mixit Wi ,0G )

Define Hj (X ,y; ,0)as the Hessian then

17 We note that using the Normal cumulative distiifmufunction does not explicitly restrict the
predicted value of the “omitted” equation to fallthe unit interval, though it is implicitly

imposed by the logarithm function. In our applioatithe predicted values of the omitted
eguation remain in the unit interval. We also eat@gran approximate multinomial logit form of
the system which does explicitly impose the addipgestriction of the equations, the results are
nearly identical.
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Oomixit. Wi 01) Do mbxe W 01) ,
m(Xit , Wi ,01)
T '
Ugm(Xit ,wj ,02) 0 it W ,0
—E[H{ (X, Y0 )]zz oM(Xjt , Wi -2) .ﬂn‘(xlt W 2)_'_.__ (3.4.5)
t:]. m(x|t 'W| ’62)
. Bem(xit , wi , 6 )T mxit ,Wi ,6G )
m(xit , wj ,.6G )
this is consistently estimated by:
~ _1N T A~ ~ A
A=(NT)77D0 D m(xie, Wi ,0)Wie (5t W .0k W 0) (3.4.6)
i=1t=1
where
Cgmixit , Wi ,61)
- | Dgm(xit,w; 02)
R(Xit , Wi ,0) = (3.4.7)
Dgmixit, Wi ,6G )
and
1 0 0
m(xit , Wi ,61)
A S S
Wit (Xit , W ,0) = m(xit ,W; ,62) . (3.4.8)
0 0 ! =
m(xit , Wi ,6G )
Define B=)" " s (8)st (8)', then we can construct the robust sandwich forthef
i=1t=1

asymptotic variance-covariance matrix as
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N T
I (0)st (0)'- (3.4.9)

N T ) ) R
[Z D (X Wi ,0) Wt (Xt W 0 0x Wy ,O)J

3.5 Results

We use data from the Health and Retirement StuRS} The HRS began in 1992 and
was nationally representative of all non-institnibzed individuals aged 51-61 in that year. In
1998, the HRS combined with the Asset and Healthdyics of the Oldest Old (AHEAD) and
added several new cohorts to be nationally reptatea of the population of non-
institutionalized individuals aged 51 and oldertiBmitial respondents and their spouses are
interviewed and followed in subsequent waves. Wedaga for all cohorts from Waves 1-7
(1992-2004) of the HRS. In addition to basic derapgic variables, the HRS collects detailed
information on wealth holdings, allocation of wéalincome and its sources, health, and
measures of the probability that future events ndéle use subjective survival probability, age,
word recall, household income, and non-financiahlVeas regressors in our model.

Our measure of subjective survival probabilitiemes from responses to the following
guestion:

On a scale from 0 to 100, where 0 is no chanceldtdis absolutely certain, what are

the chances that you will live to age 75 or older?
Our measure of income is calculated as the surti nba-capital income received by the

respondent and spouse during the year. To calcwizéth variables we use responses to
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guestions about the value of holdings within vasifinancial assets. The assets that are
measured are stocks and/or mutual funds, bondpdiate and government), CDs, and checking,
saving and/or money market accounts. We also hdoemation about other assets owned by
the household including housing, vehicles, othat estate, IRA/Keogh accounts, and trusts. We
distinguish between two measures of wealth holdiNgs-financial wealth consists of the value
of housing, real estate, IRA/Keogh accounts, velichnd trust holdings, less any associated
debt. Financial wealth is the value of all holdimgstocks/mutual funds, bonds, CDs, and
checking, savings, and money market accounts. RSondents are given a list of nouns and
then asked to repeat this list immediately and tgain at the end of the cognition section. We
use the proportion of words recalled at the enithefsection as a proxy for cognition.

We construct our data set by household. We condpoeses in each wave so that our
panel consists of household observations by yeaselect individuals for our sample we drop
observations that satisfy the following criteria:

(1) older than 65,
(i) missing values for subjective survival probability,

(i)  is a proxy interview or

(iv) is deceased.

We apply these criteria at the individual levehsmuseholds that do not have both spouses are
dropped. The decision to allocate wealth acrosstass conditional on holding positive financial
wealth; thus, we drop observations where finangedlth is zero. In addition, we drop
households that are only observed for one timeogdetlmposing the above criteria for married
households leaves us with 3,872 households (14¢didlobservations).

In Table 22, we display means and medians ofdlevant variables in our analysis. We
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can see from Table 22 that the average allocafievealth generally falls into two assets: stocks
and checking. There is some investment in CDs bt Mtle in Bonds. There is some concern

regarding the time variation in the HRS in partizudith subjective survival probability
measure.s18 Table 23 presents the proportion of the variatiat is between households in our

dataset. We can see that the bulk of the variati@ur variables is between households, but
there is some variation over time that we may be &bexploit.

As a first step we estimate our allocation equatioy linear fixed effects. In general
linear fixed effects coefficients should providéliagood estimates of the average partial effects
therefore they should provide us with a reasonbhteline to compare other estimation
techniques. The results of the linear fixed effessmation are presented in Table 24.

We now turn to different methods of estimating éiverage partial effects of our
covariates using nonlinear estimation. As a fiepwe know that we can estimate each
equation using a single equation nonlinear metki¢el follow Papke and Wooldridge (2008) and
use the procedure that they laid out for the estonaf a pooled fractional probit. In this
approach we are ignoring the unbalanced natureeopanel and simply maximizing the
Bernoulli quasi-likelihood function for each asequation over the full dataset. The results from
this approach are presented in Table 25. While awe [tontrolled for an unobserved effect in
this estimation we have not accounted for the ttzatt we have an unbalanced panel, in fact we
have simply assumed that each household is obs#drgeshme number of times.

Table 26 presents the results of maximizing then8elli quasi-likelihood for each
balanced panel subset of the full, unbalanced pamtthen averaging the estimated average

partial effects (and their variances) across thanu&d panel subsets. We can see that the

18Smith et al. (2001) and Elder (2010) point to theklof appropriate variation in the subjective
survival probabilities collected in the HRS.
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estimated average partial effects are nearly idehto the estimates provided by completely
ignoring the unbalanced nature of the data. THerdifice in standard errors between these two
approaches is significant though. The increasbarestimated standard errors arises from the
fact that there are considerably fewer observatwitiin each balanced panel subset and this
naturally leads to larger variances. While thisrapph assumes that there is a difference in the
estimated moments of the unobserved effect depgrafithe number of times that a household
is viewed in the panel it does not provide a watesi whether the number of times that we
observe a household has a statistically significapact on the estimates.

Our next step is to estimate each asset equatidmeoinll, unbalanced panel correcting
for the unbalanced nature of the panel by allowirgmean and the variance of the unobserved
effect to vary with the number of time periods that observe a household. We maximize the
Bernoulli quasi-likelihood and include indicatorriables for the number of time periods that a
household is in the sample in the specificatiothefconditional mean and the conditional
variance of the unobserved effect. This is what Wadge (2010) proposes; except that we have
made the assumption that there is a constant sloplee time averages of the covariates in the
model. The results of this estimation approachdéplayed in Table 27.

There are some differences in the estimated averagal effects in Table 27 for some
covariates when we compare them to those estintgtéae other methods in Tables 24, 25 and
26. This appears to be most prevalent in the estnn@verage partial effects for the covariates in
the bond equation. For the most part, the largerame partial effects are not that worrisome
since the estimated standard errors are large érsuthat they are statistically insignificant at
standard levels. The only estimated average paffieatt which stands out as statistically

different is Wife Pr(Live to 75). While the overathpact on allocation is still small — a ten
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percentage point increase in Wife Pr(Live to 78dketo a 0.005 percentage point increase in the
allocation of financial wealth to bonds - it islisfive times larger than the estimated average
partial effect from the other single equation esti®s. Perhaps most striking is that in the other
single equation estimation approaches we very néane average partial effects that sum to
zero across the four equations, but this doesppa to be the case in Table 27. In fact it
appears that none of the marginal effects of angigate sum to zero across equations.

We also test the joint significance of the indicatariables for the total number of time
periods that a household is observed in both thenraed the variance equation. From our test of
joint significance we can see that the allocatibwealth to CDs is the only equation where we
see that we obtain a test statistic of 52.16 wiadignificant at the 5% level, but this is only fo
the mean equation. This implies that there ielgvidence of variation in the moments of the

unobserved effects at the single equation leveh thie exception of the mean qf for the

allocation of wealth to CDs.

Our next step is to estimate the allocation equatlyy maximizing the multinomial
guasi-likelihood function. We first estimate theltmomial quasi-likelihood function on the
entire unbalanced panel ignoring the fact that &eove households for a different number of
time periods. The results of this approach are shiovirable 28. We can see that our estimated
average partial effects are very similar to thtwset we estimated using linear fixed effects and
maximizing the Bernoulli quasi-likelihood for eaefjuation. It appears that the biggest
difference in estimated average partial effecterid.og (Income) which is larger in the single
equation approaches than it is for the multinorapgroach. This is not surprising as the
multinomial approach leads us to estimated coetffits that maximize a likelihood that is

restricted to values that satisfy the adding upstraimt.
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As a next step we acknowledge the unbalanced naturer panel by maximizing the
pooled multinomial quasi-likelihood for each baladganel subset and then average the
estimated average partial effects and their vaesm@cross the balanced panel subsets. Table 29
displays the results of this estimation approaaicedagain it is clear that our standard errors
have increased significantly since the sample Széise balanced panel subsets are smaller than
the full panel. Nevertheless, there appears tate difference in the estimated average partial
effects compared to the estimates in Tables 24n2526. In fact, see that the estimated impact
of Log (Income) are closer to those estimated utiegingle equation approaches.

Table 30 presents the results of maximizing thetimarial quasi-likelihood on the full,
unbalanced panel and specifying that the momentseafinobserved effect to vary based on the
number of times that we observe households in #&melp The estimated average partial effects
are nearly identical to those estimated by linead effects. Unlike the estimates from the
maximization of the Bernoulli quasi-likelihood ialile 27 the estimated average partial effects
for each covariate sum to zero (with some roundimgr) in table 30. This is due to the fact that
the adding up restriction is naturally imposed gy $pecification of the conditional mean
function and therefore restricts the maximizatiouatine to focus on coefficients that satisfy the
restriction. Looking at the joint significance tést the indicator variables for the total number
of times that a household is observed we can sgdhbre are some slight differences from the
similar test presented in Table 27. First, sinceavee“excluding” the checking equation in the
multinomial approach we do not have coefficienttesi so these are missing. Second, it appears
that both the conditional mean and conditionalarace of the unobserved effect for the
allocation of wealth to bonds differs across thebar of time periods that we observe

households. Similar to the estimates in table 25&ethat the conditional mean of the
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unobserved effect in the allocation of wealth tosGides differ depending on the total number of
time periods that a household is in sample. Themrihce in the bond allocation equation is most
likely due to the imposition of the adding up regton. Once we force the impact of these
covariates to cancel out across the four assedstiticts the search for coefficients to those that
satisfy the adding up constraint. Since the aliocadf wealth to bonds is so small (in fact for a
majority of households it is zero more often that) mnd the quasi-likelihood function is flatter
than for other assets, a single equation appraaltkely to find many coefficients that maximize
the flat likelihood but that do not maximize theltmomial quasi-likelihood.

As another point of comparison, we include TablevBich shows the estimated average
partial effects from estimating equation (3.3.5) faplacing the Normal Cumulative Distribution
Function with the multinomial logit functional forriVe should note that the below estimation
equation is an approximation, the actual derivatibthe appropriate specification of the
conditional mean and variance function when udghegnultinomial logit functional form is
more complicated. We perform this additional estiorasince using the Normal Cumulative
Distribution Function does not explicitly imposesttestriction that the predicted value of the
omitted equation must be in the unit interval; @ast we are relying on the logarithm to impose

this constraint. Specifically we are estimate tifving equation:

E(Vitg IXit Wi & =1)=

XitBg "'z-rr:l‘//gr O[Ty =r]+X&g

172
exp(szl[ri = r]m)grj (3.5.1)

exp

G1 XitBg "‘z-rr:ll//gr AT =r]+Xi&g

1+ ) ex

- T 172
g= exp(zrzzl[l'i = r]ﬁbgrj
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We can see from Table 31 that the estimated avgragil effects are nearly identical to those
reported in Table 30, though the estimated stanelais for all equations are smaller than those

estimated using the multinomial fractional prolpeoach. An interesting difference between
Table 30 and 31 arises in th@ test forl//gr and ayr for the Bond equation. In table 30 we

can see that there the covariates are in genetratatgstically significant, but the indicator
variables for the length of time in sample are gigant in both the conditional mean and
variance equation. Using the multinomial logit ftional form we see that the these indicator
variables are no longer statistically significameither the conditional mean or variance
equation, but that now the estimated partial e$fece more precisely estimated. The fact that the
estimated average partial effects are nearly idehéicross all estimation approaches suggests
that we can leverage the flexibility (and potengHiciency) of non-linear estimation techniques
on fractional response variables in an unbalaneeelp

Overall our estimated average partial effects ftbenprocedure laid out in this paper are
nearly identical to those estimated by methodswlaknow will give us consistent estimates,
but it appears that estimating a nonlinear modal dppropriately imposes the adding up
restriction and also accounts for the unbalancédreaf our panel has led to a happy
compromise between ignoring this information andrasontrolling for it.
3.6 Conclusion

One of the major criticisms of estimating nonlingedels on panel data with a
correlated random effects approach is that it cahandle unbalanced panels. Wooldridge
(2010) offers a simple solution to this problemttisgparsimonious and easily estimable by
standard software. We have extended this appraactultiple fractional response variables and

have exploited the fact that we have an addingesfriction that allows us to use the
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multinomial quasi-likelihood function. Since the hmomial quasi-likelihood is in the linear
exponential family we can be confident that we hawesistent estimates of the average partial
effects of our covariates.

We have also compared our results from our praeeuother estimation methods that
will give us consistent estimates of the averagaglaffects. We have found that the estimation
procedure we laid out here lies somewhere in betugreoring the unbalanced nature of the
panel and more drastic corrections for it suchséisnation of standard correlated random effect
models on balanced panel subsets. Since we halieitdaxjpnodeled that the conditional mean
and variance of our unobserved effect varies viighrtumber of time periods we observe a cross-
sectional unit we are able to use the full datasestimate our average partial effects. This has
allowed us to maintain consistency while increashegprecision of our estimated average
partial effects.

Possible avenues for future research would b&emat to more parsimoniously specify
that the unobserved effect will differ across etprest. Here we have allowed for each covariate
in the conditional mean and variance of the unokeskeffect to be different for each equation. It
might be fruitful to instead specify that the uneh®d effect is the same across each equation
but instead there is an overall scale factor fehesguation’s conditional mean and variance
function. With the appropriate normalization we lcbtlhen estimate fewer coefficients leading

to possible more efficiently estimated averageiglagtfects.
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Table 1. Summary Statistics for Single Households

Wealth Sample  Allocation Sample
Mean Median Mean Median
Age 58 58 58 59
White 0.62 0.71
Black 0.27 0.21
Hispanic 0.09 0.06
Other 0.03 0.03
Less than High School 0.28 0.19
High School 0.34 0.35
Some College 0.20 0.23
College 0.08 0.10
Post Grad 0.10 0.13
Male 0.29 0.29
Divorced/Separated 0.56 0.56
Widowed 0.30 0.30
Never Married 0.14 0.14
Working 0.57 0.63
Retired 0.18 0.20
Unemployed 0.04 0.03
Disabled 0.18 0.12
Household Size 1.81 1 1.72 1
Word Recall 0.63 0.71 0.67 0.71
Series 7 Correct 2.34 2 2.66 3
High Risk Aversion 0.62 0.63
Medium-High Risk Aversion 0.12 0.13
Medium-Low Risk Aversion 0.10 0.10
Low Risk Aversion 0.14 0.13
Plan for Next Few Months 0.25 0.21
Plan for Next Year 0.11 0.11
Plan for Next Few Years 0.27 0.28
Plan for 5-10 years 0.26 0.29
Plan for 10+ years 0.10 0.10
Pr(Live to 75) 0.63 0.70 0.65 0.75
Net Worth $131,430 $38,530 $168,903 $64,186
Financial Wealth $35,029 $1,485 $47,295 $4,733
Current Income $22,764 $15,300$27,155 $19,407
Log(Current Income) 9.55 9.64 9.77 9.87
Permanent Income $21,405 $15,30825,585 $18,983
Permanent Log Income 9.44 9.50 9.65 9.71
Stocks 0.17
Bonds 0.02
CDs 0.08
Checking 0.74
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Table 1 (cont’d).

Observations
Households

14,275
5,022

Table 2. Summary Statistics for Married Households

Age
White
Black
Other

Hispanic
Less than
High School
High School
Some College
College
Post Grad
High Risk
Aversion
Medium-High
Risk Aversion
Medium-Low
Risk Aversion
Low Risk
Aversion
Plan for Next
Few Months
Plan for Next
Year
Plan for Next
Few Years
Plan for 5-10
Years
Plan for 10+
Years
Word Recall
Pr(Live to 75)
Working
Retired
Unemployed
Disabled
Series 7
Correct

10,573
4,053
Note: Reported Wealth and Income measures are in 19%&rslol
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Wealth Sample Allocation Sample
M ean M edian M ean Median

Husband Wife Husband Wife Husband Wife Husband Wife

58 54 58 55 58 55 58 55
0.80 0.81 0.84 0.85

0.10 0.10 0.08 0.08

0.02 0.02 0.02 0.02

0.07 0.07 0.05 0.05

0.21 0.19 0.17 0.15

0.32 0.39 0.33 0.40

0.21 0.23 0.22 0.24

0.12 0.10 0.13 0.10

0.14 0.09 0.15 0.10

0.60 0.63 0.60 0.63

0.13 0.15 0.14 0.15

0.10 0.10 0.10 0.10

0.14 0.10 0.14 0.10

0.13 0.15 0.12 0.13

0.10 0.11 0.09 0.10

0.29 0.31 0.30 0.31

0.35 0.32 0.36 0.33

0.12 0.11 0.12 0.11

0.58 0.65 0.59 0.71 0.60 0.66 0.71 0.71
0.64 0.67 0.70 0.75 0.65 0.68 0.70 .750
0.68 0.59 0.69 0.61

0.25 0.11 0.26 0.11

0.02 0.02 0.02 0.02

0.09 0.06 0.07 0.05

2.44 2.26 3 2 2.54 2.36 3 2



Table 2 (cont’'d).
Current
Income

Log(Current
Income)
Household
Size
Permanent
Income
Permanent
Log Income
Net Worth
Financial
Wealth
Stocks
Bonds
CDs
Checking
Observations
Households

$56,086
10.58
2.16

$56,914

10.64

$304,024

$65,593

$43,750

10.69

$46,670

10.72
$140,111
$10,887

18,603
6,608

$59,317
10.68
2.16

$59,988

10.73
$330,922
$73,111

0.25
0.02
0.09
0.63

16,690

6,048

Note: Reported Wealth and Income measures are in 198#slo

$46,498
10.75

2
$49,218

10.77
$159,045
$15,200

Table 3. Average Wealth and Proportion of Finand&alth Allocated by Pr(Live to 75),
Single Households

0<P75< 0.1
0.1<P75< 0.2
0.2<P75< 0.
0.3sP75< 0.¢
0.4<P75< 0.k
0.5 P75< 0.€
0.6sP75< 0.7
0.7<P75< 0.¢
0.8<sP75< 0.¢

0.9<P75< 1

P75=1

Net Worth

$41,804

$70,412
$107,678
$103,123
$129,572
$116,788
$176,562
$177,824
$185,234
$347,801
$111,057

Financial
Wealth

$7,063
$14,898
$24,816
$17,245
$35,292
$28,681
$57,327
$44,265
$51,814
$168,255
$26,632

Note: Wealth figures are in 1992 dollars.

0.08
0.13
0.16
0.13
0.14
0.15
0.19
0.21
0.21
0.24
0.15

Stocks Bonds

0.01
0.01
0.01
0.02
0.03
0.01
0.02
0.02
0.02
0.02
0.01

CDs Checking
0.06 0.86
0.07 0.79
0.08 0.75
0.09 0.76
0.08 0.75
0.09 0.75
0.08 0.70
0.10 0.68
0.09 0.68
0.07 0.67
0.01 0.77

Fraction
of

Sample
0.0594
0.0282
0.0355
0.0210
0.0217
0.2487
0.0824
0.0760
0.2026
0.0162
0.2085



Table 4. Average Wealth and Proportion of Finandalth Allocated by Husband’s
Pr(Live to 75), Married Households

0<P75< 0.1
0.1<sP75< 0.2
0.2<P75< 0.1
0.3<P75< 0.«
0.4<P75< 0.t
0.5sP75< 0.€
0.6sP75< 0.7
0.7<P75< 0.¢
0.8<P75< 0.¢

0.9<sP75< ]

P75=1

Net
Worth

$150,509
$195,464
$226,670
$200,316
$238,363
$273,417
$336,502
$439,344
$364,742
$404,967
$306,326

Financial
Wealth

$30,026
$31,120
$48,087
$41,090
$45,413
$57,287
$80,045
$116,920
$76,434
$91,239
$61,103

Stocks Bonds

0.17
0.18
0.21
0.21
0.22
0.22
0.3

0.31
0.3

0.39
0.23

Note: Wealth figures are in 1992 dollars.

0.01
0.01
0.02
0.02
0.02
0.02
0.03
0.03
0.03
0.03
0.02

Fraction
CDs Checking of

Sample
0.09 0.73  0.0524
0.07 0.73  0.0255
0.1 0.67  0.0367
0.11 0.67  0.0259
0.09 0.68  0.0241
0.1 0.66  0.2490
0.09 0.58  0.1067
0.09 0.57  0.0795
0.09 0.59  0.2026
0.05 0.53  0.0143
0.09 0.65 0.1833

Table 5. Average Wealth and Proportion of Finandalth Allocated by Wife’'s Pr(Live to
75), Married Households

0<P75<0.]

0.1<P75< 0.z
0.2 P75< 0.2
0.3=P75< 0.4
0.4<P75< 0.f
0.5sP75< 0.¢
0.6=sP75< 0.7
0.7 P75< 0.¢
0.8<sP75< 0.€
0.9<P75< 1

P75=1

Net
Worth

$118,553
$180,629
$177,559
$183,728
$159,264
$264,519
$307,643
$434,637
$370,027
$450,742
$310,064

Financial
Wealth

$18,608
$48,247
$33,642
$44,373
$28,859
$58,833
$68,165
$97,380
$83,681
$115,980
$57,644

Stocks Bonds

0.14
0.18
0.16
0.22
0.19
0.22
0.26
0.31
0.3
0.35
0.25

Note: Wealth figures are in 1992 dollars.
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0.01
0.01
0.01
0.01
0.02
0.02
0.02
0.03
0.03
0.03
0.02

CDs

0.08
0.1
0.1
0.11
0.12
0.1
0.1
0.08
0.09
0.07
0.09

Checking

0.77
0.71
0.74
0.66
0.68
0.66
0.62
0.58
0.59
0.55
0.64

Fraction
of

Sample
0.0395
0.0174
0.0280
0.0176
0.0200
0.2395
0.0954
0.0841
0.2436
0.0205
0.1944



Table 6. Wealth Holding Estimation Results, Sittpeiseholds

Age
Age2
A983
Black
White
Hispanic
High School
Some College
College
Post Grad
Male
Divorced/Separated
Widowed
Working
Retired
Unemployed
Household Size
Word Recall

Series 7 Correct

Medium-High Risk Aversion

Medium-Low Risk Aversion

Net Worth

-51,213
(29,894)*
1,153
(590)*
-8
(4)**
-45,779
(17,874)*
19,166
(18,174)
-23,964
(18,216)
17,680
(8,268)**
58,107
(12,235)**
111,375
(23,695)**
165,583
(28,868)**
25,972
(10,429)*
2,113
(10,033)
46,520
(11,615)*
248
(13,335)
36,706
(10,668)**
3,935
(21,743)
4,772
(1,845)*
26,900
(12,737)*
4,466
(1,924)*
6,102
(12,438)
2,723
(15,650)

Financial
Wealth
-14,279
(13,684)

350
(276)
-3
(2)
-5,396
(6,116)
17,318
(6,211)**
-625
(6,337)
8,859
(2,833)**
23,101
(4,975)**
50,635
(10,958)**
79,858
(13,114)**
12,850
(4,692)**
-3,394
(4,784)
9,966
(5,101)*
7,630
(8,387)
16,949
(5,008)**
-5,174
(6,628)
-2,668
(769)**
9,479
(4,822)**
2,328
(856)**
-1,879
(3,570)
2,850
(8,821)



Table 6 (cont’d).

Low Risk Aversion

Plan for Next Year

Plan for Next Few Years

Plan for 5-10 Years

Plan for 10+ Years

Pr(Live to 75)

Current Income

2
Current Income

Permanent Income

2
Permanent Income

Current Income*Permanent

Income
Observations
Households

29,291 9,374
(13,970)* (5,480)*
6,775 860
(10,052) (4,315)
26,510 9,814
(6,049)** (2,362)*
50,030 22,221
(9,069)** (4,045)*
94,892 38,520
(15,926)* (8,780)**
256 124
(95)** (44)**
-25,613 -23,819
(9,518)* (6,887)*
330 228
(153)** (97)**
31,176 11,922
(7,194)* (3,949)*
267 108
(62)** (35)**
74 19
(301) (185)
14,275
5,022

Note: Robust standard errors reported in parenthesgs<6*05 and
* p<0.1. A full set of year dummies is includedalh models.
Reported coefficients for Pr(Live to 75) are fawree-percentage

point difference (0.01).

Table 7. Average Partial Effects (Reported as Petanges) for Allocation of
Financial Wealth , Single Households, Estimate®ingle Equation

Fractional Probit

Age
Black
White

Hispanic

High School

Stocks
-0.117
(0.092)
-2.054
(2.616)
3.830
(2.387)
0.676
(3.269)
4,729

(1.511)*

84

Bonds CDs Checking
0.002 0.117 -0.027
(0.022) (0.067)*  (0.105)
-0.167 0.989 0.787
(0.688) (2.086) (3.103)
0.360 1.555 -5.819
(0.594) (1.781) (2.819)**
0.168 -0.390 -0.421
(0.907) (2.187) (3.635)
0.830 0.806 -4.637
(0.462)*  (0.994) (1.563)**



Table 7 (cont’d).

9.291  -0.038  -0.609
(1.711)*  (0.399)  (1.077)
11.068  0.911 0.396

Some College

College (2.203)*  (0.639)  (1.330)
Post Grad 10005  1.019  -0.705
(2.164)* (0.595)*  (1.251)
0257  0.005  -1.227

Male

(0.961)  (0.231) (0.656)*
-0.820  0.227  -0.451
(1.257)  (0.285)  (0.926)
-0.349  0.405  -0.970

Divorced/Separated

Widowed (1.373) (0.326)  (0.986)
Working 0642  -0.086  0.742
(1.131)  (0.296)  (0.848)
retired 1.915 0710 0768
(1.201) (0.377)*  (0.932)
11392 1511 2.082

Unemployed

(2.081)  (1.021)  (1.738)
-0.783  -0.199  -0.686
(0.400)*  (0.127) (0.295)*
1.630  -0.255  -2.310
(1.800)  (0.441) (1.273)*
0.116  0.065  -0.189
(0.284)  (0.090)  (0.214)
-1.369  -0.125  -0.012
(1.113)  (0.275)  (0.802)
1450  0.193  -1.427
(1.269)  (0.330)  (0.806)*
2.607  0.372  -3.175
(1.114)*  (0.341) (0.739)*
0291  0.699  1.885
(1.464)  (0.539) (1.133)*
4222 0459  1.920
(1.171)* (0.363)  (0.860)
5163  0.317  1.005
(1.203)* (0.353)  (0.829)
5750  1.134  -0.973
(1.499)* (0.544)**  (0.980)
0.0133  -0.0046 -0.0037
(0.0136) (0.0035) (0.0093)
0539  -0.010  0.067
(0.440)  (0.139)  (0.283)
1.199  0.240  -1.145
(0.756)  (0.214) (0.541)*

Household Size
Word Recall
Series 7 Correct
Medium-High Risk Aversion
Medium-Low Risk Aversion
Low Risk Aversion
Plan for Next Year
Plan for Next Few Years
Plan for 5-10 Years
Plan for 10+ Years
Pr(Live to 75)
Log(Current Income)

Permanent Log Income
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-6.789
(1.740)*
-10.372
(2.192)*
-9.451
(2.167)*
0.866
(1.089)
1.319
(1.420)
1.263
(1.537)
-0.601
(1.314)
-2.906
(1.378)*
-1.538
(2.533)
1.617
(0.451)*
1.139
(2.053)
-0.033
(0.328)
1.499
(1.265)
-0.069
(1.431)
-0.146
(1.277)
-2.390
(1.650)
-5.943
(1.303)*
-6.049
(1.307)*
-6.096
(1.619)*
-0.0037
(0.0154)
-0.620
(0.508)
-0.391
(0.873)



Table 7 (cont’d)
5.031 0.693 1.900 -6.884

Log(Net Worth) (0.319)* (0.120)* (0.165)** (0.329)**
Observations 10,573
Households 4,053

Note: Average partial effects reported. Robust standamts are in
parentheses. ** p<0.05 and * p<0.1. A full set ey dummies is included in
all models. Reported Average Partial Effects fdt.Re to 75) are for a one-
percentage point difference (0.01).

Table 8. Wealth Holding Estimation Reults, Marriéduseholds

Net Worth Financial Wealth
Husband Wife Husband Wife
-81,003 -122,988  -10,009 -4,413

Age (37,969)**  (54,066)** (14,784)  (14,993)
2 1,953 2,480 262 118
Age (738)*  (1,071)*  (293) (323)
A -14 -16 -2 -1
ge (5)* (7) (2) (2)
Black -98,615 18,022  -32,990  -6,577
(38,207)*  (33,643) (18,756)* (18,957)
White 6,275 32,419 322 -13,212
(36,598)  (32,772) (17,389)  (19,586)
Hispanic -51,752 51,415 -6,556  -16,710
(38,673)  (37,185) (16,973)  (19,363)
” -11,679 21,975 -3,068 5,762
igh School

(14,385) (13,271 (3,803)  (3,783)
27431 55406  -1,573 14,839
(20,164)  (23,001)**  (5,098)  (5,294)**
54,901 84,406 37,505 38,063

Some College

College (39,712)  (36,931)** (12,501)** (15,272)**

Post Grad 8,167 67,598 30,609 41,897
(36,482)  (38,935)* (10,834)* (13,844)*
18,926  -2,707 4,303 -300

Medium-High Risk Aversion (19,420) (17.566) (7.331) (6,772)

-48,768 23,058 -6,619 3,323

Medium-Low Risk Aversion (18,796)*  (21.725) (5.551) (7.363)

Low Risk Aversion -7,599 46,826  -1,033 -240
(18,355) (27,255)*  (6,077)  (6,792)
-35,539  -12,209  -6,624 -785

Plan for Next Year (21,740)  (16,122)  (9,458)  (5,215)

-21,460 20,647 -7,968 9,455

Plan for Next Few Years (20,062) (15.212) (7.436) (5.234)*
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Table 8 (cont’'d)

Plan for 5-10 Years
Plan for 10+ Years
Word Recall
Series 7 Correct
Household Size
Working
Unemployed
Retired
Pr(Live to 75)
Current Income
Current Incom%
Permanent Income

2
Permanent Income

Current Income*Permanent
Income

Observations
Households

25,427 14,505  -8,661 7,219
(21,058)  (17,162)  (7,321)  (4,579)
49,614 59,879 24,764 27,512
(27,072)*  (23,574)** (10,742)** (8,563)**
14,951  -15527  -13,304 4,178
(37,053)  (50,025) (12,258)  (9,782)
14,161 821 4,867 2,327
(4,998)*  (5,921)  (1,646)*  (1,644)

-11,193 -4,319

(5,887)* (2,196)*
43525  -98,558  -13,889  -31,661
(13,390)** (17,784)** (5,442)**  (6,289)*
64,020  -80,664  -19,344  -18,303
(20,379)* (22,084)** (6,320)**  (8,064)**
15,281 19,732 11,103 3,034
(15,312)  (24,190) (5,732)*  (9,127)
241 425 28 22
(203) (193)** (62) (65)

11,292 -2,335

(5,504)** (1,303)*

21 132

(138) (20)**

46,914 13,071

(6,340)** (1,764)*

-281 55

(117)** (19)**

83 -145

(381) (57)**

18,603
6,608

Note: Robust standard errors reported in parenthesgs<@*05 and * p<0.1. A full set

of year dummies are included in all models. Regbetefficients for Pr(Live to 75) are
for a one-percentage point difference (0.01).

87



Table 9. Average Partial Effects (Reported as Petiages) for Allocation of Financial Wealth, Married
Households, Estimated by Single Equation Fractidtrabit

Stocks Bonds CDs Checking
Husband Wife Husband Wife Husband Wife Husband Wife
Ade -0.175 0.167 0041  0.029  0.128 0.077 0.012  -0.273
9 (0.091)* (0.079)* (0.027) (0.022) (0.055)*  (0.047)  (0.098) (0.085)*
Black 22420  -5.679 -0299  1.241  -1.809 2.880 4746 1714
(4.658)  (4.267) (0.769) (1.126) (2.718) (3.423) (4.736) (4.734)
White 0713 -0592 -0.065 0688  1.372 0726  -0.762 0572
(3.121)  (2.884) (0.881) (0.636) (2.121)  (1.936) (3.292)  (3.028)
Hispanic 3732  -6.245 -0.751  0.179  0.337 -2.656 3.419  8.234
P (3.390) (3.064)** (0.803) (1.055) (2.607) (1.765) (3.761) (3.366)**
Hioh School 4215 5521 0663 0989  0.994 2.955 4253  -8.104
9 (1.307)** (1.364)** (0.456) (0.488)** (0.804) (0.855)** (1.358)** (1.365)*
come College 8674 5378 0957 0.869  0.016 2.447 7612  -7.538
98 (1.502)* (1.539)* (0.518)* (0.559) (0.860) (1.017)** (1.544)* (1.578)*
Colleae 8.929 8163  1.854 1939  -1.858 2.275 .7.693  -11.581
9 (1.718)* (1.955)** (0.667)* (0.785)** (0.899)* (1.276)* (1.749)* (1.983)**
bost Grad 68747 7.056  1.863 1742  -0.282 0.837 .6.994  -9.431
(1.745)* (2.012)** (0.687)* (0.761)** (0.998)  (1.185) (1.845)* (2.096)**
meﬁg& 1.471 .0.764 0306 0170  0.470 0.108 2204  0.373
A\Q/Jersion (0.974)  (0.911) (0.276) (0.268) (0.611)  (0.577) (L.06L)*  (0.994)
MedlumloW 1683 0637 0218 0084 0788  -1254 0568 1769
Aversion (1.144)  (1.053) (0.315) (0.308) (0.676) (0.646)*  (1.291)  (1.194)
Low Risk 2.788 .0.053  0.161  0.018  -1.622  -0418  -1599  0.230
Aversion  (1.039)*  (1.144) (0.288) (0.326) (0.604)*  (0.686)  (1.120) (1.257)
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Table 9
(cont’d).

Plan for Next
Year

Plan for Next
Few Years

Plan for 5-10
Years

Plan for 10+
Years

Word Recall

Series 7
Correct

Household
Size

Working
Unemployed
Retired

Pr(Live to 75)
Log(Current
Income)

Permanent
Log Income

0270  -1.711
(1.494)  (1.340)
2076  -1.620
(1.189)*  (1.107)
1.996  -0.153
(1.157)*  (1.124)
3.167 -0.772
(1.434)**  (1.297)
4.500 1.829
(1.753)*  (1.703)
0.624 0.374
(0.319)*  (0.278)
-0.827
(0.426)*
0.247 0.218
(1.024)  (0.801)
0.833 0.647
(2.332)  (2.253)
2.846 0.984
(1.052)**  (1.090)
0.0262  0.0224
(0.0121)** (0.0131)*
1.055
(0.492)**
2.300
(0.813)*

-0.326 0285  0.421 0.095
(0.386) (0.383) (0.931)  (0.870)
-0.159  0.033  1.204  -0.004
(0.345)  (0.359) (0.749)  (0.681)
-0.124  -0.084  0.292 0.090
(0.337) (0.351) (0.716)  (0.700)
-0.448  0.184  1.164 0.967
(0.342)  (0.415) (0.913)  (0.883)
-0.404 0393  -0.006  -0.319
(0.542) (0.579) (1.178)  (1.139)
-0.020 -0.081 -0.035  0.242
(0.101)  (0.091) (0.195)  (0.188)

-0.031 0.395
(0.114) (0.279)
-0.101  -0.194  0.195 0.636

(0.289) (0.228) (0.664)  (0.512)
0.742 0229  -1.642  0.213
(0.511) (0.827) (1.352)  (1.466)
0.315  -0.044  1.188 -0.141
(0.311)  (0.294) (0.665)*  (0.651)
0.0031 0.0036 -0.0130 -0.0189

(0.0036) (0.0040) (0.0075)* (0.0081)**

0.123 0.300
(0.156) (0.300)
0.050 -1.209
(0.222) (0.458)**
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-0.053  1.885
(1.568)  (1.462)
2.892  1.661

(1.256)**  (1.180)
-1.986  0.224
(1.229)  (1.202)
4121 -0.460

(1.506)**  (1.434)
-3.745  -1.550

(1.942)*  (1.899)
-0.674  -0.559

(0.334)**  (0.302)*

0.499
(0.462)
0.104  -0.101
(1.139)  (0.871)
1.748  -0.980
(2.478)  (2.428)
-3.879  -0.726

(1.145)**  (1.178)
-0.0146  -0.0037

(0.0131) (0.0139)

-1.531
(0.549)*
-1.359
(0.885)



Table 9

(cont’d).
Log(Net 6.670 0.968 1.256 -8.115
Worth) (0.389)** (0.112)** (0.159)** (0.400)**
Observations 16,690
Households 6,048

Note: Average partial effects reported. Robust standamts are in parentheses. ** p<0.05 and * p<0.1ulA
set of year dummies included in all models. RegbAeerage Partial Effect for Pr(Live to 75) is fione-
percentage point difference (0.01).
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Table 10. Sensitivity Analysis, Removing Permahaome, Single and
Married Households, Wealth Holding and Asset Altara

Single Households
Wealth Holdings
Net Worth Financial Wealth
. 339 156
Pr(Live to 75) (100)** (50)**

Asset Allocation

Stocks Bonds CDs Checking
0.0142  -0.0044 -0.0046 -0.0040
(0.0136) (0.0035) (0.0093) (0.0154)

Pr(Live to 75)

Married Households

Wealth Holdings

Net Worth Financial Wealth
Husband Pr(Live to 75) (230586)* (gg)
Wife Pr(Live to75) (283)2** (éé)

Asset Allocation

Stocks Bonds CDs Checking

| 0.0274 00032 -0.0135  -0.0152
Husband Pr(Live 10 75) ) o129y (0.0036) (0.0075)*  (0.0131)

. : 0.0230 0.0036 -0.0193 -0.0040
Wife Pr(Live to75) (0.0131)* (0.0040) (0.0081)**  (0.0139)
Note: We remove all variables that include our measureesmanent
Income. ** p<0.05, * p<0.10. Average Partial Effe¢teported as
percentages are shown for Stocks, Bonds, CDs, ardkihg. Reported
coefficients and Average Partial Effects for Pr@.to 75) are for a one-
percentage point difference (0.01).
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Table 11. Sensitivity Analysis, Treating Pr(Livé3p=1 differently, Single Households,

Wealth Holding and Asset Allocation
Treatment 1: Removing
Observations

Net Worth
Pr(Live to 75)
Financial Wealth

Pr(Live to 75)
Observations
Households
Stocks
Pr(Live to 75)
Bonds
Pr(Live to 75)
CDs

Pr(Live to 75)
Checking
Pr(Live to 75)

Observations
Households

394
(124)**

182
(54)**
11,176
4,461

0.0320
(0.0174)*

-0.0022
(0.0046)

0.0043
(0.0117)

-0.0351
(0.0195)*
8,369
3,566

Treatment 2: Removing

Households

466
(141)**

143
(43)**
8,022
3,241

0.0501
(0.0209)**

0.0016
(0.0059)

-0.0019
(0.0139)

-0.0473
(0.0231)**
6,117
2,588

Note: In Treatment 1 we drop observations where the Hmldeeports a survival
probability of one. In Treatment 2 we drop housdkldhat ever reported a survival
probability of one. ** p<0.05, * p<0.10. AveragerBal Effects (reported as
percentages) are shown for Stocks, Bonds, CDsCaedking. Reported coefficients
and Average Partial Effects for Pr(Live to 75) mea one-percentage point difference

(0.01).
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Table 12. Sensitivity Analysis, Treating Pr(Live/&®)=1 differently, Married
Households, Wealth Holding and Asset Allocation

Net Worth
Husband Pr(Live to 75)

Wife Pr(Live to 75)
Financial Wealth
Husband Pr(Live to 75)

Wife Pr(Live to 75)

Observations
Households

Stocks
Husband Pr(Live to 75)

Wife Pr(Live to 75)
Bonds
Husband Pr(Live to 75)

Wife Pr(Live to 75)
CDs
Husband Pr(Live to 75)

Wife Pr(Live to 75)
Checking
Husband Pr(Live to 75)

Wife Pr(Live to 75)

Observations
Households

Treatment 1: Removing

Treatment 2: Removing

Observations

56
(253)
698
(253)**

-5
(81)
129
(97)

12,436

5,272

0.0359
(0.0161)*
0.0326
(0.0170)*

0.0053
(0.0047)
0.0012
(0.0053)

-0.0212
(0.0101)**
-0.0262
(0.0106)**

-0.0002
(0.0002)
-0.0039
(0.0180)
11,183
4,812

Households

171

(314)
497

(337)

13
(98)
215

(141)

7,610

3,252

0.0288
(0.0203)
0.0602
(0.0208)**

0.0121
(0.0061)**
0.0055
(0.0067)

-0.0249
(0.0126)**
-0.0363
(0.0132)**

-0.0123
(0.0220)
-0.0253
(0.0225)
6,753
2,912

Note: In Treatment 1 we drop observations where any mewifltbe household

reports a survival probability of one. In Treatm2mwe drop households where any

member ever reported a survival probability of otign<0.05, * p<0.10. Average
Partial Effects (reported as percentages) are shom®tocks, Bonds, CDs, and

Checking. Reported coefficients and Average Pagifdcts for Pr(Live to 75) are for

a one-percentage point difference (0.01).
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Table 13. Means and Medians of Relevant Variables
M ean Median
Husband Wife Husband Wife
0.69 0.70 0.75

Pr(Live to 75) 0.65
Age 58 55 59 55
Word Recall 0.61 0.67 0.71 0.71
Income $59,578 $47,000
$268,579 $131,590

Non-Financial Wealth

Allocation to Stocks 0.26
Allocation to Bonds 0.02 -
Allocation to CDs 0.09 -
Allocation to Checking 0.62 -
Observations 14,514
3,872

Households
Note: All dollar values are stated in 1992 dollars. Ia tight

panel all households with only one time observasimndropped

Table 14. Proportion of Variation Between
Households for Relevant Variables

Husband Wife
Independent Variables
Pr(Live to 75) 0.66 0.65
Age 0.59 0.76
Word Recall 0.43 0.40
Income 0.65
Non-Financial Wealth 0.82
Dependent Variables
Allocation to Stocks 0.61
Allocation to Bonds 0.42
Allocation to CDs 0.52
Allocation to Checking 0.61
Observations 14,514
Households 3,872

Note: Results obtained by running an ANOVA
using the Household as the categorical variable.
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Table 15. Average Partial Effects from Pooled Linexed Effects OLS
Estimation on Entire Unbalanced Panel

Stocks
Husband Age ('8 8871)
Husband Pr(Live to 75) (8881)
Husband Word Recall (0068(2)?**
- -0.004
Wife Age (0.007)
Wife Pr(Live to 75) (O- %8%3;*
Wife Word Recall (888%
0.011
Log(Income) (0.005)**
Log(Non-Financial -0.007
Wealth) (0.004)*
Observations
Households

Bonds CDs Checking
0.004 -0.008 0.005
(0.003) (0.005) (0.008)

-0.000 -0.001 0.000
(0.001) (0.001) (0.002)
-0.000 0.002 -0.008
(0.001) (0.001) (0.002)**
-0.003 0.009 -0.002
(0.003) (0.005)*  (0.008)
0.001 0.000 0.002
(0.001)**  (0.001) (0.002)
0.001 -0.002 -0.001
(0.001) (0.001)*  (0.002)
0.001 0.004 -0.017
(0.002) (0.003) (0.005)**
0.001 0.001 0.005
(0.002) (0.003) (0.005)
14,514
3,872

Note: Standard errors in parentheses are robust to s&tstasticity and
serial correlation. ** p-value < 0.05, * p-valued<10. Reported average
partial effect for Husband and Wife Pr(Live to &) Husband and Wife
Word Recall represent a 10 percentage point change.
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Table 16. Average Partial Effects from Single EquraPooled
Bernoulli Quasi-Maximum Likelihood Estimates forcBd8alanced
Panel Subset, Averaged Across Balanced Panel Subset

Stocks  Bonds CDs Checking
-0.001 0.004 -0.007 0.004
(0.019) (0.006) (0.012) (0.020)

0.001 -0.000 -0.001  0.001
(0.004) (0.001) (0.002) (0.004)

0.004 0.000 0002  -0.006
(0.004) (0.002) (0.003) (0.005)
-0.003 -0.002 0.009  -0.005
(0.019) (0.006) (0.012) (0.020)
-0.003 0.001 0.000  0.002
(0.004) (0.001) (0.002) (0.004)
0.001 0.001 -0.002  0.000
(0.004) (0.001) (0.003) (0.005)
0.012 0.002 0003 -0.016
(0.012) (0.004) (0.007) (0.014)

Husband Age
Husband Pr(Live to 75)

Husband Word Recall
Wife Age
Wife Pr(Live to 75)
Wife Word Recall

Log(Income)

Log(Non-Financial -0.006  0.002 0.001 0.005

Wealth) (0.012) (0.004) (0.007) (0.013)
Observations 14,514
Households 3,872

Note: Standard errors in parentheses are robust to s&tstasticity and
serial correlation. ** p-value < 0.05, * p-valued<10. Reported average
partial effect for Husband and Wife Pr(Live to &s)d Husband and
Wife Word Recall represent a 10 percentage poiahgh.
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Table 17. Average Partial Effects from Pooled Mudtial Quasi-
Maximum Likelihood Estimates for Each Balanced P&ubset,
Averaged Across Balanced panel Subsets

Stocks  Bonds CDs Checking
-0.001 0.004 -0.006 0.003
(0.019) (0.006) (0.012) (0.020)

0.000 -0.001 -0.001  0.001
(0.004) (0.001) (0.002) (0.004)

0.004 -0.000 0.002  -0.006
(0.004) (0.002) (0.003) (0.004)
-0.003 -0.002 0.009 -0.004
(0.019) (0.006) (0.012) (0.020)
-0.003 0.001 0.000  0.002
(0.004) (0.001) (0.002) (0.004)
0.000 0.001 -0.002  0.001
(0.004) (0.001) (0.003) (0.004)
0.009 0.001 0.003 -0.013
(0.012) (0.004) (0.007) (0.012)

Husband Age
Husband Pr(Live to 75)

Husband Word Recall
Wife Age
Wife Pr(Live to 75)
Wife Word Recall

Log(Income)

Log(Non-Financial -0.006  0.001 0.000 0.005

Wealth) (0.012) (0.004) (0.007) (0.013)
Observations 14,514
Households 3,872

Note: Standard errors in parentheses are robust to s&tstasticity
and serial correlation. ** p-value < 0.05, * p-valg 0.10. Reported
average partial effect for Husband and Wife Pr(liv&5) and
Husband and Wife Word Recall represent a 10 pesgenpoint
change.
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Table 18. Procedure 2: Classical Minimum Distanpgléed to Multinomial
Quasi-Maximum Likelihood Estimates for Each YeahiWiBalanced Panel

Subsets
Stocks Bonds CDs Checking

Husband Aqe 0.027 0.004  -0.005  -0.026

g (0.013)*  (0.003) (0.007) (0.013)*

. 0.005 -0.000  0.000  -0.005

Husband Pr(Live 1o 75) 4 5501 (0.001)  (0.002) (0.003)*
0.009 -0.000  -0.000  -0.008

Husband Word Recall ) goav  (0.001)  (0.002) (0.003)*

-0.026 -0.003  0.003  0.026
(0.013)*  (0.003) (0.007) (0.013)*
-0.007 -0.001  0.003  0.005
(0.003)*  (0.001) (0.002) (0.003)*
-0.001 0.000  -0.001  0.002
(0.003)  (0.001) (0.002) (0.003)

Wife Age
Wife Pr(Live to 75)

Wife Word Recall

Log(Income) 0.023 -0.007 -0.003 -0.013

(0.008)**  (0.002)** (0.005) (0.008)

Log(Non-Financial 0.003 0.000 -0.004 0.001

Wealth) (0.008) (0.002) (0.005) (0.009)
Observations 14,514
Households 3,872

Note: Standard errors in parentheses are robust to s&tstasticity and
serial correlation. ** p-value < 0.05, * p-valued<10. Reported average
partial effects for Husband and Wife Pr(Live to @ Husband and Wife
Word Recall represent a 10 percentage point change.
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Table 19. Comparing Average Partial Effect Estirsdtem Pooled
Single Equation Bernoulli Quasi-Maximum Likelihdestimates for
Each Balanced Panel Subset, Averaged Across BaldpParel Subsets
to Procedure 2 Average Partial Effect Estimates

Stocks Bonds CDs Checking

Husband Age 0.137 0.972 0.913 0.153
Husband Pr(Live to 75) 0.267 0.939 0.602 0.182
Husband Word Recall 0.237 0.762 0.332 0.679

Wife Age 0.228 0.952 0.588 0.117
Wife Pr(Live to 75) 0.348 0.141 0.324 0.393
Wife Word Recall 0.698 0.743 0.890 0.759
Log(Income) 0.344 0.023** 0.370 0.805

Log(Non-Financial Wealth) 0.466 0.637 0.534 0.782
Note: p-values are robust to heteroskedasticity and|smreelation.
** p-value < 0.05, * p-value < 0.10. Standard esrased to compute
the test statistic are from Table 4. Weighted Ageraf the standard
errors for Average Partial Effects estimated byg&rEquation
Bernoulli Quasi-Maximum Likelihood for each baladgeanel subset.

Table 20. Comparing Average Partial Effect Estilmdtem Pooled
Multinomial Quasi-Maximum Likelihood Estimates Each Balanced Panel
Subset, Averaged Across Balanced Panel Subsetstedtire 2 Estimated
Average Partial Effects

Stocks  Bonds CDs Checking

Husband Age 0.133 0.955 0.935 0.145
Husband Pr(Live to 75) 0.229 0.922 0.519 0.129
Husband Word Recall 0.219 0.815 0.348 0.641

Wife Age 0.219 0.902 0.592 0.122
Wife Pr(Live to 75) 0.342 0.139 0.310 0.428
Wife Word Recall 0.735 0.793 0.918 0.759
Log(Income) 0.241 0.026** 0.410 0.989

Log(Non-Financial Wealth) 0.435 0.758 0.576 0.752
Note: p-values are robust to heteroskedasticity andlsmteelation. ** p-
value < 0.05, * p-value < 0.10. Standard erroesiu® compute the test
statistic are from Table 5: Weighted Average ofdtendard errors for
Average Partial Effects estimated by Multinomiala@uMaximum
Likelihood for each balanced panel subset.
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Table 21. Comparing Average Partial Effect Estilsdtem Pooled Linear
Fixed Effects OLS on Entire Unbalanced Panel tocRdure 2 Estimated

Average Partial Effect Estimates

Bonds

CDs Checking

Stocks
Husband Age 0.027**
Husband Pr(Live to 75) 0.116
Husband Word Recall 0.311
Wife Age 0.079*
Wife Pr(Live to 75) 0.150
Wife Word Recall 0.253
Log(Income) 0.132

Log(Non-Financial Wealth) 0.223

0.985
0.705
0.776

0.921
0.005**
0.729
0.000**

0.552

0.708 0.019**
0.377 0.053*
0.209 0.934

0.391 0.030**

0.136 0.224
0.632 0.372

0.110 0.610
0.328 0.688

Note: p-values are robust to heteroskedasticity andlsmteelation. ** p-
value < 0.05, * p-value < 0.10. Standard errorgiusecompute the test
statistic are from Table 6: Standard errors for/age Partial Effects
estimated by Procedure 2 (Classical Minimum Distaayaplied to
Multinomial Quasi-Maximum Likelihood estimates fach year within each

balanced panel subset).
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Table 22. Means and Medians of Relevant Variables
M ean Median
Husband Wife Husband Wife
0.69 0.70 0.75

Pr(Live to 75) 0.65
Age 58 55 59 55
Word Recall 0.61 0.67 0.71 0.71
Income $59,578 $47,000
$268,579 $131,590

Non-Financial Wealth

Allocation to Stocks 0.26
Allocation to Bonds 0.02 -
Allocation to CDs 0.09 -
Allocation to Checking 0.62 -
Observations 14,514
3,872

Households
Note: All dollar values are stated in 1992 dollars. Ia tight

panel all households with only one time observatimndropped

Table 23. Proportion of Variation Between

Households for Relevant Variables
Husband Wife

I ndependent
Variables
Pr(Live to 75) 0.66 0.65
Age 0.59 0.76
Word Recall 0.43 0.40
Income 0.65
Non-Financial Wealth 0.82
Dependent
Variables
Allocation to Stocks 0.61
Allocation to Bonds 0.42
Allocation to CDs 0.52
Allocation to Checking 0.61
Observations 14,514
Households 3,872

Note: Results obtained by running an ANOVA
using the Household as the categorical variable.
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Table 24. Average Partial Effects from Pooled Linexed Effects OLS
estimation on entire unbalanced panel

Stocks Bonds CDs Checking
-0.001 0.004 -0.008 0.005
(0.007) (0.003) (0.005)  (0.008)

Husband Age

. 0.001  -0.000  -0.001  0.000
Husband Pr(Live to 75) 5551y (0.001)  (0.001)  (0.002)
0.006  -0.000 0002  -0.008

Husband Word Recall ooy (0.001)  (0.001)  (0.002)

-0.004 -0.003  0.009  -0.002
(0.007)  (0.003) (0.005)* (0.008)
-0.003 0.001 0.000  0.002
(0.001)* (0.001)**  (0.001)  (0.002)

Wife Age

Wife Pr(Live to 75)

. 0.002 0001  -0.002  -0.001
Wife Word Recall (0.001)  (0.001) (0.001)* (0.002)
0.011 0.001  0.004  -0.017

Log(Income) (0.005)**  (0.002)  (0.003) (0.005)**

. 0007 0001 0001  0.005
Log(Non-Financial Wealth) -, 504+ (0.002)  (0.003)  (0.005)

Observations 14,514
Households 3,872
Note: Standard errors in parentheses are robust to s&tstasticity and serial
correlation. ** p-value < 0.05, * p-value < 0.10eported average partial effect
for Husband and Wife Pr(Live to 75) and Husband\ahi® Word Recall
represent a 10 percentage point change.
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Table 25. Average Partial Effects from Single EgquraPooled Bernoulli Quasi-
Maximum Likelihood Estimates on Entire UnabalanPadel, Ignoring
Unbalanced Nature of the Panel

Stocks Bonds CDs Checking
-0.001 0.004 -0.008 0.005

Husband Age (0.007) (0.003)  (0.005) (0.008)

. 0001  -0.000 -0.001  0.000

Husband Pr(Liveto 75) 51591y (0.001)  (0.001)  (0.002)
0006  -0.000 0002  -0.008

Husband Word Recall - goove  (0.001)  (0.001)*  (0.002)*
0.004  -0.002 0008  -0.002

Wife Age (0.007)  (0.003)  (0.005)  (0.008)

-0.003 0.001 0.000 0.002

Wife Pr(Live to 75) (0.002)*  (0.001)*  (0.001) (0.002)

| 0002 0001  -0002  -0.001
Wife Word Recall (0.002)  (0.001) (0.001)  (0.002)
0011 0001 0004  -0.016

Log(Income) (0.005)*  (0.002)  (0.003) (0.005)**

-0.007 0.002 0.001 0.005
(0.005) (0.002) (0.003) (0.005)

Observations 14,514

Households 3,872

Note: Standard errors in parentheses are robust to ls&sstasticity and serial
correlation. ** p-value < 0.05, * p-value < 0.10eported average partial effect for
Husband and Wife Pr(Live to 75) and Husband andceWibrd Recall represent a
10 percentage point change.

Log(Non-Financial Wealth)
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Table 26. Average Partial Effects from Single EguraPooled Bernoulli
Quasi-Maximum Likelihood Estimates for Each BalahBanel Subset,
Averaged Across Balanced Panel Subsets
Stocks  Bonds CDs Checking
-0.001 0.004 -0.007 0.004
(0.019) (0.006) (0.012) (0.020)
0.001 -0.000 -0.001 0.001
(0.004) (0.001) (0.002) (0.004)
0.004 0.000 0.002 -0.006
(0.004) (0.002) (0.003) (0.005)
-0.003 -0.002 0.009 -0.005
(0.019) (0.006) (0.012) (0.020)
-0.003 0.001  0.000 0.002
(0.004) (0.001) (0.002) (0.004)
0.001 0.001 -0.002 0.000
(0.004) (0.001) (0.003) (0.005)
0.012 0.002 0.003 -0.016
(0.012) (0.004) (0.007) (0.014)
. . -0.006 0.002 0.001 0.005
Log(Non-Financial Wealth) (0.012) (0.004) (0.007) (0.013)

Observations 14,514

Households 3,872
Note: Standard errors in parentheses are robust to s&tstasticity and
serial correlation. ** p-value < 0.05, * p-valued<10. Reported average
partial effect for Husband and Wife Pr(Live to &) Husband and Wife
Word Recall represent a 10 percentage point change.

Husband Age
Husband Pr(Live to 75)
Husband Word Recall

Wife Age
Wife Pr(Live to 75)
Wife Word Recall

Log(Income)
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Table 27. Average Partial Effects from Pooled Beath®@uasi-Maximum
Likelihood Estimates on Entire Unbalanced Paneluatipg for Unbalanced
Nature of the Panel

Stocks Bonds CDs Checking
0.000 0.015 -0.007 0.005
(0.007) (0.011) (0.005) (0.008)

Husband Age

. 0.001 0.000  -0.001 0.000

Husband Pr(Live 1o 75)  5'502)  (0.002) (0.001)  (0.002)
0.006 -0.001  0.001 -0.008

Husband Word Recall goove  (0.002)  (0.001)  (0.002)*
-0.004  -0.010  0.006 -0.002

Wife Age (0.007)  (0.011) (0.005)  (0.008)
0004 0005 00001  0.002

Wife Pr(Live to 75) (0.002)*  (0.002)*  (0.001) (0.002)

| 0.002 0003 -0.001  -0.001
Wife Word Recall (0.002)  (0.002) (0.001)  (0.002)
0011 0008 0004  -0.016

Log(Income) (0.005)**  (0.007) (0.003)  (0.005)**

-0.007 0.007 -0.001 0.005

Log(Non-Financial Wealth) (0.005) (0.008)  (0.003) (0.005)

)(2 Test Statistic fou//gr 1.34 6.75 52.16 3.80
p-value 0.931 0.240 0.000** 0.579
x*Test Statistic foruyy 1.45 4.74 5.26 2.83
p-value 0.919 0.448 0.385 0.726
Observations 14,514
Households 3,872

Note: Standard errors in parentheses are robust to s&tstasticity and serial
correlation. ** p-value < 0.05, * p-value < 0.10eported average partial effect
for Husband and Wife Pr(Live to 75) and Husband \ahfd Word Recall
represent a 10 percentage point change.

105



Table 28. Average Partial Effects from Pooled Mudthial Quasi-Maximum
Likelihood Estimates for Entire Unbalanced Panghdring Unbalanced Nature
of the Panel
Stocks Bonds CDs Checking
-0.001 0.004 -0.008 0.005

Husband Age (0.007)  (0.002) (0.005)* (0.008)
. 0.001 -0.000  -0.001  0.001

Husband Pr(Liveto 75) 5501y (0.001) (0.001) (0.002)
0.006 -0.000  0.002  -0.007

Husband Word Recall ) goov  (0.001)  (0.001)* (0.002)**
-0.003  -0.002  0.009  -0.004

Wife Age (0.007) (0.002) (0.005)* (0.008)

-0.004 0.001 0.000 0.002

Wife Pr(Live to 75) (0.002)**  (0.001)* (0.001) (0.002)

| 0002 0001  -0.002 -0.001
Wife Word Recall (0.002)  (0.001) (0.001)* (0.002)
0.008 0000 0002  -0.009

Log(Income) (0.005)* (0.002) (0.003) (0.005)**

: , -0.008 0.001 0.000 0.007
Log(Non-Financial Wealth) (0.005)* (0.002) (0.003) (0.005)
Observations 14,514
Households 3,872
Note: Standard errors in parentheses are robust to ls&sstasticity and serial
correlation. ** p-value < 0.05, * p-value < 0.10eported average partial effect
for Husband and Wife Pr(Live to 75) and Husband\ahf& Word Recall
represent a 10 percentage point change.
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Table 29. Average Partial Effects from Pooled Mudthial Quasi-
Maximum Likelihood Estimates for Each Balanced P&ubset,
Averaged Across Balanced Panel Subsets

Stocks  Bonds CDs Checking
-0.001 0.004 -0.006 0.003
(0.019) (0.006) (0.012) (0.020)

0.000 -0.001 -0.001  0.001
(0.004) (0.001) (0.002) (0.004)

0.004 -0.000 0.002  -0.006
(0.004) (0.002) (0.003) (0.004)
-0.003 -0.002 0.009 -0.004
(0.019) (0.006) (0.012) (0.020)
-0.003 0.001 0.000  0.002
(0.004) (0.001) (0.002) (0.004)
0.000 0.001 -0.002  0.001
(0.004) (0.001) (0.003) (0.004)
0.009 0.001 0003 -0.013
(0.012) (0.004) (0.007) (0.012)

. . -0.006 0.001  0.000 0.005
Log(Non-Financial Wealth) (0.012) (0.004) (0.007) (0.013)

Observations 14,514
Households 3,872
Note: Standard errors in parentheses are robust to s&tstasticity and
serial correlation. ** p-value < 0.05, * p-valued<10. Reported average
partial effect for Husband and Wife Pr(Live to &»d Husband and Wife
Word Recall represent a 10 percentage point change.

Husband Age
Husband Pr(Live to 75)
Husband Word Recall

Wife Age
Wife Pr(Live to 75)

Wife Word Recall

Log(Income)
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Table 30. Average Partial Effects from Multinomi@lasi-Maximum
Likelihood Estimates on Entire Unbalanced Panejusting for the

Unbalanced Nature of the Panel

Stocks Bonds CDs Checking
Husband Ade -0.001 0.003 -0.006 _ 0.004
g (0.007) (0.003) (0.005) (0.007)
. 0.001 -0.000 -0.001 0.001
Husband Pr(Live to 75) (0.001) (0.001) (0.001) (0.002)
0.006 -0.000 0.001 -0.007
Husband Word Recall - 5oy (0.001) (0.001) (0.002)*
Wite Ade -0.002 -0.002 0.006 -0.002
9 (0.007) (0.003) (0.005) (0.008)
. . -0.004 0.001 0.001  0.002
Wife Pr(Live to 75) (0.002)* (0.001)* (0.001) (0.002)
. 0.001  0.001 -0.001 -0.001
Wife Word Recall (0.002) (0.001) (0.001) (0.002)
Log(Income) 0.008  0.001 0.003 -0.012
g (0.005)* (0.002) (0.003) (0.005)*
o -0.007 0.001 -0.001 0.007
Log(Non-Financial Wealth) (0.005) (0.002) (0.003) (0.005)
x?Test Statistic forsgy 213 1740 6965 ]
o-value 0.830  0.004** 0.000
x?Test Statistic foryy 080 1178 635
o-value 0.977 0.038* 0.274
Observations 14,514
Households 3,872

Note: Standard errors in parentheses are robust to ls&sstasticity and serial

correlation. ** p-value < 0.05, * p-value < 0.10eported average partial
effect for Husband and Wife Pr(Live to 75) and Harsth and Wife Word
Recall represent a 10 percentage point change.
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Table 31. Average Partial Effects from Multinom@@iasi-Maximum Likelihood
Estimates Using the Multinomial Logit FunctionalrRoon Entire Unbalanced

Panel, Adjusting for Unbalanced Nature of the Panel

Stocks Bonds CDs
Husband Age -0.000 0.003 -0.008
9 (0.000)  (0.000)*  (0.006)
. 0.001 -0.000 -0.001
Husband Pr(Live to75) (0.000)*  (0.000)*  (0.001)*
0.006 -0.000 0.001
Husband Word Recall (0.000)*  (0.000)** (0.001)*
Wife Age -0.004 -0.002 0.008
9 (0.000)*  (0.000)*  (0.008)
. . -0.004 0.001 0.001
Wife Pr(Live 0 75) - gooy*  (0.000)*  (0.001)
. 0.002 0.001 -0.001
Wife Word Recall (0.000)*  (0.000)*  (0.001)**
Log(income) 0.011 0.002 0.003
g (0.000)**  (0.000)*  (0.007)
o -0.008 0.002 -0.000
Log(Non-Financial Wealth) (0.000)** (0.000)** (0.006)
x?Test Statistic forsgy 2.42 6.27 13.91
o-value 0.789 0.281 0.016
x*Test Statistic foruy 1.52 6.75 4.86
o-value 0.911 0.240 0.434
Observations 14,514
Households 3,872

Checking
0.005

(0.007)

0.000
(0.001)

-0.007
(0.001)**
-0.001
(0.008)

0.002
(0.001)**

-0.001
(0.001)*
-0.016
(0.009)*

0.007
(0.008)

Note: Standard errors in parentheses are robust toos&extasticity and serial
correlation. ** p-value < 0.05, * p-value < 0.10eported average partial effects for
Husband and Wife Pr(Live to 75) and Husband andceWifbrd Recall represent a

10 percentage point change.
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Figurel.

Average Structural Function for the Proportion of Financial Wealth Allocated to

Stocks Against Husband Word Recall
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Figure 2. Average Structural Function for the Proportion of Financial Wealth Allocated to
Bonds Against Husband Word Recall
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Figure 3. Average Structural Function for the Proportion of Financial Wealth Allocated to
CDs Against Husband Word Recall
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Figure 4. Average Structural Function for the Proportion of Financial Wealth Allocated to
Checking Against Husband Word Recall
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Figure 5. Average Structural Function for the Proportion of Financial Wealth Allocated to
Stocks Against Wife Word Recall
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Figure 6. Average Structural Function for the Proportion of Financial Wealth Allocated to
Bonds Against Wife Word Recall
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Figure 7. Average Structural Function for Proportion of Financial Wealth Allocated to
CDsAgainst Wife Word Recall
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Figure 8. Average Structural Function for Proportion of Financial Wealth Allocated to

Checking Against Wife Word Recall
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