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Abstract

We study whether the increased income uncertainty in the US over the last quarter-century
had a negative impact on household welfare by looking at variability of household consumption
growth. We are particularly interested in understanding the effect of greater uncertainty on
the liquidity constrained households. We study the evolution of liquidity constraints in the US
in the Panel Study of Income Dynamics, extending Jappelli et al. [1998] methodology using
information from the Survey of Consumer Finances. We find that although household indebt-
edness increased substantially, reflecting greater availability of credit, there was no decline in
the proportion of liquidity constrained households between 1983 and 2007. Applying method-
ology developed in Gorbachev [2009], we find that the evolution of consumption volatility for
the liquidity constrained households increased by economically and statistically more than for
the unconstrained households. This increase was lower than that of family income volatility
for these groups. Nevertheless, the welfare cost to society is substantial: we estimate that an
average household would be willing to sacrifice 4.7 percent of nondurable consumption per year

to lower consumption risk to its 1984 levels.
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1 Introduction

In times of great uncertainty, it is important to understand whether vulnerable individuals can
cope. Negative shocks to income may not necessarily translate into welfare losses, even under
incomplete markets, if people can find ways to smooth consumption by borrowing at bad times
and paying back at good times. This is because, ultimately, it is consumption that matters for
individuals (Friedman [1957]). Thus, in theory, while individual income became less certain,’
instability of household consumption may have remained unchanged - provided that the households
had access to consumption-smoothing tools, such as savings, credit markets, welfare programs and
other insurance mechanisms.

This paper makes several contributions. First is methodological. Since, to our knowledge,
there is no panel data set that provides information on consumption, income, wealth, and liquidity
constraints, we combine information from several datasets. We document the evolution of liquidity
constraints in the US between 1983 and 2007 based on the Survey of Consumer Finances (SCF),
providing methodology on how to construct such measures in the Panel Study of Income Dynamics
(PSID). We define household as liquidity constrained if it was denied any line of credit in the past
five years, or if it did not apply for a loan because it thought it would be denied. In contrast to
Jappelli et al. [1998],2 we allow for changes in credit supply over time by using the SCF data from
different years. As the result, the probability of being liquidity constrained may be different in
different years, even for households with identical characteristics. To our knowledge this is the first
such study. We find that although household indebtedness increased substantially, there is no clear
decline in the proportion of liquidity constrained households in this period. Our PSID estimates
of liquidity constraints are lower than that in the SCF. Whereas in the SCF on average 1 in 5
households are denied credit, in the PSID we compute that 3 in 20 are constrained. Nevertheless,
the estimate picks up correctly the trend in the constraints over the 1983-2004 period. After 1995,
credit constraints relaxed for better off households - those in the upper income quantiles, and those
with more than 12 years of education. By contrast, for poorer households, and those with less

education, the probability of being denied credit remained the same or even increased after 1998,

See for example Moffitt and Gottschalk [1994, 1998, 2002], Gottschalk and Moffitt [2009], Dynarski and Gruber

[1997], Haider [2001], Hacker [2006], Dynan et al. [2007], Keys [2008], Shin and Solon [2008], Jensen and Shore [2008].
2To our knowledge Jappelli et al. [1998] was the first to construct liquidity constraints in the PSID using SCF

data and to study their evolution and impact on consumption smoothing.



and the percentage of such households without a credit card also increased. Finally, according to
all indicators, poorer households, single parents and nonwhites, particularly those with 12 or less
years of education, are still the most likely to be constrained, and there is no evidence that liquidity
constraints slackened for these groups.

Second, we assess the development of income shocks for liquidity constrained and unconstrained
households. We distinguish the evolution of total family income variability from that of total labor
income variability, as family income includes public and private transfers, labor, business and asset
income from all working adults. We find that family income volatility increased by 43 percent
between 1983 and 2004, while total labor volatility did not change. This divergence of trends
can be attributed to a substantial increase in business and asset income volatility. The biggest
increase in total family income volatility was experienced by households on welfare and nonwhite
households with low education (less than 13 years). Family income volatility increased by 71 percent
(or 16ppts.) for these households between 1983 and 2004, whereas it went up by half as much (or
8ppts.) for non welfare recipients and white households.

Third, we apply methodology developed in Gorbachev [2009] to document the evolution of
consumption volatility for the liquidity constrained and unconstrained households, and to study
the role played by the changes in liquidity constraints on transmission of income shocks. We find
that consumption volatility also increased over this sample in line with income volatility but by a
smaller percentage. Rising income volatility and tightening liquidity constraints, led to a higher
increase in consumption volatility for liquidity constrained households. We found that all liquidity
constrained households, regardless of their other characteristics, experienced a similar increase in
volatility of food consumption, though this increase was significantly lower than that of volatility of
family income for these groups. The increase in volatility of consumption for liquidity constrained
and unconstrained households support the claims that both transitory and permanent shocks to
income in the US increased over this time period.

Since food consumption is well known to have low income elasticity, (see for example, Bunkers
and Cochrane [1957]), the results presented in this study are a lower bound of what might have
actually happened to volatility of total nondurable consumption. Blundell et al. [2008] estimate
a demand equation for food as a function of relative prices, as well as nondurable expenditure

and a host of demographic and socioeconomic characteristics of the household. The elasticity of



food consumption with respect to nondurable consumption is 0.85 and statistically significant.
Thus a 1 percent change in nondurable consumption will lead to a 0.85 percent change in food
expenditure. Therefore, a 1 percent increase in volatility of food consumption will translate into a
1.38 = 1/(0.85) percent increase in volatility of nondurable consumption.

As greater income uncertainty may not necessarily translate into welfare losses, having a good
measure of the volatility of household consumption is thus fundamental to assessing whether, and
to what extent, welfare was affected by increased income shocks.> Gorbachev [2009] developed
such a measure. After accounting for predictable variation arising from movements in real interest
rates, family composition and structure, changes in demographics, income shocks, measurement
errors, and nonseparability of preferences, and using data from the Panel Study of Income Dy-
namics (PSID) and the Consumer Expenditure Survey (CES), Gorbachev showed that volatility of
household expenditure on food, and on nondurables in general, in the US increased by 20 percent
between 1970 and 2004 for liquidity unconstrained households. This increase was especially pro-
nounced for nonwhite households with no more than 12 years of education; in contrast, households
with more than 12 years of education saw a significantly smaller increase in volatility, irrespective
of race.

Since these findings were based on a liquidity unconstrained sample of households, identified
on the basis of their wealth holdings, Gorbachev [2009] could not evaluate the extend to which
liquidity constrained households were adversely affected by the increased income uncertainty. As
liquidity constrained households are typically poorer households, single parents and nonwhites,
especially those with 12 or less years of education, the findings on increased consumption volatility
of unconstrained households are insufficient for a proper welfare analysis. If one also keeps in mind
the negative externalities for society that arise out of poverty and discontent, such as for example
increased crime, a study of the welfare of liquidity constrained households becomes essential.

It is reasonable to believe that since liquidity unconstrained households experienced a signifi-

cant increase in volatility, liquidity constrained households would have experienced an even larger

3A word of caution is in order here: we are not studying changes in inequality of consumption, which concerns
itself with the widening of the distribution of consumption levels. Instead, we are interested in examining changes
in variability of consumption growth rates, as a measure of volatility of consumption. Changes in volatility of
consumption enter welfare calculations directly, whereas changes in inequality do not necessarily affect social welfare

unless one makes normative claims.



increase, as these households, by definition, were unable to borrow to smooth out the shocks. How-
ever, without direct measures of liquidity constraints, it is problematic to make statements on the
evolution of consumption risk for liquidity constrained households as the changes in the unpre-
dictable shocks to consumption could be due either to changes in liquidity constraints affecting
households’ ability to achieve their desired consumption, or to shocks directly affecting households’
desired consumption (for example, shocks to permanent income). Differences in the origins of
variability are thus important for our welfare analysis.

Volatility for liquidity constrained households might not have increased by more than that of
unconstrained households, as these households might have had opportunities to smooth consump-
tion through receipt of public transfers. In addition, there are strong a priori grounds for expecting
that liquidity constraints relaxed over the period under consideration, and information on wealth
holdings might not have been enough to pick up on this trend. Increased use of credit scoring,
risk-based pricing and product differentiation allowed household debt to nearly triple in real terms,
and facilitated a subprime lending boom, particularly in the mortgage market, which explicitly
targeted traditionally excluded households. However, according to recent work by Dogra [2009],
who uses data from the Survey of Consumer Finances, the proportion of households unable to bor-
row as much as they would like actually slightly increased over the 1983-2007 period. We find that
rising income volatility and tightening liquidity constraints, led to a higher increase in consumption
volatility for liquidity constrained households. All liquidity constrained households, regardless of
their other characteristics, experienced a similar increase in volatility of food consumption, though
this increase was significantly lower than that of volatility of family income for these groups.

The rest of the paper is organized into three parts. Part II provides a brief review of the liter-
ature on liquidity constraints; quickly describes the SCF data and presents estimates of evolution
of liquidity constraints and debt over time; presents and estimates a model relating liquidity con-
straints to household characteristics, and discusses the assumptions necessary to invert the SCF
liquidity measures into the PSID within the standard consumption model; and presents results
on the evolution of liquidity constraints in the PSID sample. Part III presents the evolution of
income volatility for liquidity constrained and unconstrained households for all the subcategories
of total family income, total labor, business and asset income, and public and private transfers;

and discusses these trends. Part IV constructs volatility of household consumption for the lig-



uidity constrained and unconstrained households; documents its evolution; and discusses the role
changes in liquidity constraints played in transmission of income shocks for these households. Part

V concludes.

2 Liquidity Constraints

Consumption is more sensitive to current income if consumers are liquidity constrained: that is,
they cannot borrow as much as they would like, subject to their intertemporal budget constraint,
and therefore cannot completely smooth consumption over time. This possibility led several authors
to test for the presence of liquidity constraints. Zeldes [1989] was one of the first to use information
on wealth in the PSID to split the sample into constrained and unconstrained households, and
found that liquidity constraints were binding for low wealth households.* However, the sample
splitting approach is not ideal as a method for accurately identifying which households are liquidity
constrained. For example, Runkle [1991], using a similar approach, does not find evidence of
liquidity constraints.

Another approach to identifying liquidity constrained households is to use direct information
on loan rejections or on consumer reactions to changes in their borrowing limit. Gross and Souleles
[2002], using data on credit card accounts to identify liquidity constrained households, find that the
‘marginal propensity to consume out of liquidity’ is on average 10-14%, and for bankcard accounts
with balances above 90% of their credit limits, it is almost 50%. Attanasio and Kyriazidou [2008],
use micro data on car loans, document that consumers as a whole are more responsive to loan
maturity than interest rates, especially low-income consumers. Similarly, W. Adams and J.Levin
[2009] find evidence of liquidity constraints in the auto sales market: demand is highly responsive
to changes in the minimum down-payment required, and is 50% higher during tax rebate season.
However, these studies by their nature do not investigate whether the proportion of households
facing binding liquidity constraints has changed over time.

Many authors have used the Survey of Consumer Finances in order to investigate liquidity
constraints. As well as detailed information on households’ assets and liabilities, the survey contains

direct information on whether households face binding credit constraints. Jappelli [1990] was the

4In particular, Zeldes [1989] found that, for low wealth households, consumption growth responded to changes in

current income.



first to use direct information on credit constraints, available in the 1983 Survey of Consumer
Finances, to determine what proportion of US households were liquidity constrained. He also
determined what factors influence whether a household is constrained, by estimating a logit model
relating the probability of being constrained to the characteristics of borrowers and lenders.

More relevant to our paper is the work by Fissel and Jappelli [1990]. They study whether the
fraction of households that are liquidity constrained has changed over time. They estimate a logit
model following Jappelli [1990] using the SCF 1983 data, and then use the estimated coefficients to
impute the probability of being constrained in a sample from the PSID (1969-1982) (which contains
the same explanatory variables, but no direct information on liquidity constraints). However, a
limitation of this approach is that it assumes that the relationship between the probability of being
constrained and the characteristics of borrowers and lenders does not change over time.

We estimate the probability of being liquidity constrained using a probit model. We start with
a simple specification used by Jappelli et al. [1998], and improve on it by estimating the probability
of being constrained separately for each year that the SCF data is available. Thus, unlike Jappelli
et al. [1998] we allow for changes in credit supply over time by using the SCF data from each
available year (1983, 1989, 1992, 1995, 1998, 2001, 2004, and 2007), so that the probability of
being liquidity constrained may be different in different years, even for households with identical
characteristics. We use these estimates to obtain a time-varying measure of liquidity constraints.
We then use variables common to the PSID and the SCF to invert these estimates and compute

liquidity constraints for the PSID households for 1983 to 2004 period.

2.1 Data
2.1.1 Survey of Consumer Finances

The 1983, 1989, 1992, 1995, 1998, 2001, 2004 and 2007 Surveys of Consumer Finances (SCF),
sponsored by the Board of Governors of the Federal Reserve System, are cross-sectional surveys of
the balance sheet, pension, income, and other demographic characteristics of U.S. families.

The SCF collects data from two samples: a standard multistage area-probability sample selected
from the 48 contiguous US states, and a list sample designed to disproportionately sample wealthy
families. For example, 3,007 of the 4,522 interviews for the 2004 SCF were from the area probability
sample, and 1,515 were from the list sample. Except in 1983, the SCF public-use dataset does not



identify which households come from which sample, therefore the total sample is not representative
of US households. The SCF provides a set of probability weights which account for the sample
design, and also for differential patterns of non-response among families with different characteristics
(B. Bucks and Moore [2006]).

Over 1989-2007, the SCF uses a multiple imputation method to account for missing data.
For each piece of missing data, the SCF provides 5, possibly different, responses (referred to as
“implicates”), resulting in a data set with 5 times the actual number of households. Lindamood
et al. (2007) report that using only one implicate may bias results; ideally, all implicates should
be used according to the “repeated-imputation inference” method. However, since using all 5
implicates renders the standard errors automatically calculated by Stata invalid, we average across
all five implicates.

The core sample consists of heads of households (both female and male) who are not students
and are not retired. We keep households whose head is at least 25 years old but less than 65. Table
1 provides summary statistics for our the SCF sample, including the summary statistics for the

constrained and the unconstrained households based on the denied credit variable discussed below.

2.1.2 Panel Study of Income Dynamics

The PSID is the only cross-sectional time-series survey that collects data on household consump-
tion.> Consumption data in the PSID are limited to food and shelter. We compute all the con-
sumption volatility measures on food consumption calculated as a sum of food consumed at home
plus away from home plus food stamps received. Our utility specification will allow for the non-
separability of food consumption from other nondurable consumption goods in the utility function.
Since food consumption is well known to have low income elasticity, (see for example, Bunkers and

Cochrane [1957]), the results presented in this study are a lower bound of what might have actually

®The Consumer Expenditure Survey (CEX) collects a more comprehensive inventory of consumption data, but
its structure as a repeated cross-section makes it impossible to construct individual volatility measures that track
volatility for the same household over periods of time longer than one year. Current work on inequality utilizes
CEX data by constructing synthetic cohorts. This strategy is inappropriate here as our main concern is to provide
a measure of temporal volatility for each household. Synthetic cohort techniques would require aggregation within
cohorts, which in itself introduces a lot of data smoothing, and is exactly what we want to avoid. It is unclear
whether this extra information will bring more benefit than cost, as it will introduce extra model uncertainty. Thus,

interpretation of results on evolution of residuals squared might not be as clear cut as they are now.



happened to volatility of total nondurable consumption.

The core PSID sample contains data from 1968 to 2005, and consists of heads of households
(both female and male) who are not students and are not retired. We keep households whose head
is at least 25 years old but less than 65. We drop all the households that belonged to the Latino or
Immigrant samples, and those that were drawn from the Survey of Economic Opportunity (SEO).
Households that report negative or zero food consumption levels (that is a sum of food at home
plus away from home plus food stamps) are also eliminated. In order to minimize effects of outliers
on the results, we follow the literature by dropping households who report more than 500 percent
change in family income or food consumption over a one year period as well as those whose income
or consumption fall by more than 100 percent.

The most important issue to note regarding the data is that it became biennial after 1997. We
construct a hypothetical biennial sample to study the evolution of consumption volatility up to
2004. Since income and consumption data is collected for previous year, the biennial sample has
data for all even years from 1970 to 2004. In fact, it is the limitations in consumption data that
render the sample length so short. Food consumption data is available for years 1968 to 1972, 1974
to 1986, 1989 to 1996 and biennial thereafter. Since we are computing biennial growth rates, we
have one data point for 1970 and one for 1972, then 1976 to 1986, 1992 to 2004. Income data has
no gaps and is available from 1968 to 2004. Because the SCF data begins in 1983, and the PSID

data we have ends in 2004, our sample starts from 1983 and ends in 2004.

2.2 Evolution of Household Net Wealth and Debt.

Figures 1 and 2 illustrate the evolution of household net wealth, both financial and non-financial,
broken down by net wealth quartiles. For all households, financial net wealth increased up to 2001
and then fell slightly. Nevertheless, over the whole period, financial net worth tripled for both
median and 75th-percentile households. For the lowest 25th quartile, financial net wealth increased
slightly but remained around $300. Nonfinancial net wealth® increased up to 2007 by around 50%
for the median household and doubled for 75th-percentile households. Nonfinancial net wealth
increased from around $2,000 to about $3,000 for the lowest 25th quartile.

SNonfinancial net wealth includes vehicles, primary and other residential property, net equity in non-residential
real estate, business and nonfinancial assets, minus debt secured by primary residence or other residential property,

minus installment loans. For the majority of households it is mainly due to housing or vehicles.



Figure 1: Evolution of Financial Net Worth, in thousands, 1983 dollars
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Figure 2: Evolution of Nonfinancial Net Worth, in thousands, 1983 dollars
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US household debt has also undergone an extraordinary expansion over the past three decades.
Between 1983 and 2007, the percentage of households holding some debt went from 70% to 77%.
Credit card ownership also expanded over this period. The percentage of households owning a
credit card increased from 65% in 1983 to a peak of 76% in 2001, before falling slightly to 73% in

2007. The increase in credit card ownership was particularly marked among the poorest 20% of
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households, rising from 26% to 42% between 1983 and 2007. The composition of credit card holders
changed to include more traditionally excluded households: 21% of card holders were nonwhite in
2007, compared to only 12% in 1983; 9% were single parents in 2007, compared to 6% in 1983.
Card holders also tended to come from a lower income quintile in 2007. Black and Morgan [1999]
and Bird et al. [1999] argue that between 1983 and 1995, credit card access expanded to include
riskier and poorer borrowers; these results confirm that the expansion was maintained after 1995.

Although credit card debt only accounts for 3% of total debt, it increased by 270% over this period.

Figure 3: Increase in average and median debt, in thousands, 1983 dollars
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Source: Survey of Consumer Finances.

Figure 3 shows that the mean real debt for all households increased by 170%, from $17,000 to
$47,000 (in 1983 dollars), between 1983 and 2007. This is largely an expansion of mortgage debt:
70% of debt is secured against the household’s primary residence, and mortgage debt accounts for
80% of the increase in average debt between 1983 and 2007. However, average non-mortgage debt
nearly doubled, increasing from $7,700 to $13,200 in real terms (two thirds of this increase concerns
debt secured against other residential property).” For those households with some debt, the median
amount of debt held increased from $11,000 in 1983 to $33,000 in 2007 (in 1983 dollars).

The literature attributes this expansion of credit to changes in the supply of credit. Legislation,

"See Figure 11 in the Appendix and Dogra [2009] for a detailed analysis of these facts.
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starting with the Monetary Control Act of 1980 and the Garn-St. Germain Act of 1982, increased
the competitiveness of consumer lending (see Campbell and Hercowitz [2009]). Innovations in the
credit market not only reduced costs in general, but also expanded access to traditionally excluded
consumers. The increased use of statistical credit scores since the mid-1990s (the 1970s in the case
of credit cards) may have facilitated lending to consumers whose credit quality would otherwise
be hard to discern (e.g. first-time buyers). Increased product differentiation has allowed lenders
to mitigate adverse selection problems, and to accommodate the needs of consumers with low
current income: in particular, mortgages with lower required down-payments have allowed low
wealth consumers to become homeowners (see Doms and Krainer [2007]). Finally, increased use of
risk-based pricing has allowed the expansion of subprime lending in the mortgage, auto loan and
credit card markets, which explicitly targets less creditworthy households (see Belsky and Essene

2008]).

2.3 Evolution of Liquidity Constraints

Given these trends, and the expansion of debt and access to credit described above, we might expect
liquidity constraints to have relaxed over this period, particularly for traditionally constrained
groups such as low income and ethnic minority families. However, an increase in debt does not
imply that more consumers can obtain as much as they desire. If, for example, consumers’ demand
for debt has increased in line with the supply of credit, the stock of consumer liabilities might
increase, while the proportion of households unable to borrow as much as they desire remains the
same, or increases. This is in fact what we observe.

We construct an indicator of liquidity constraints within the SCF sample, following Jappelli

et al. [1998], based on the following questions asked by the SCF:

1. “In the past five years, has a particular lender or creditor turned down any request you (or

your [husband/wife]) made for credit, or not given you as much credit as you applied for?”

2. “Were you later able to obtain the full amount you (or your husband/wife) requested by

reapplying to the same institution or by applying elsewhere?”

3. “Was there any time in the past five years that you (or your [husband/wife]) thought of

applying for credit at a particular place, but changed your mind because you thought you
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might be turned down?”

Figure 4: Proportion of liquidity constrained households
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Note: solid line indicates the average proportion of liquidity constrained households based on denied credit measure;

dashed lines provide 95% confidence intervals.

Figure 4 demonstrates that there is no clear decline in the proportion of liquidity constrained
households between 1983 and 2007. If anything, the proportion of households denied credit tends
to increase, rising by 8 percentage points between 1983 and 1995, then remaining roughly constant
until 2007. As expected, the proportion denied credit is slightly counter-cyclical, showing its
largest increases in 1992 (after the 1990-1991 recession) and 2004 (after the 2001 recession). (The
proportion of households with assets less than two months’ income also shows a marked rise and
then decline around the 1990-1991 recession.) The increase in loan rejections is most marked for
single parents and whites with 12 years or less education, and for the poorest 40% of households:
all these groups show a sustained increase in loan rejections across the whole period. For whites
with more than 12 years of education, by contrast, the increase in loan rejections is reversed after
1995, falling from a peak of 21% in 1995 to 15% in 2007. Among the richest 60% of households,
the proportion denied credit shows a similar decline after 1995 or 1998, (see Figures 12, 13, and 14
in the Appendix).

Another indicator of availability of credit is credit card holdings. We find that while the pro-
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portion without a credit card or line of credit trends downwards between 1989 and 2001, falling by
5 percentage points, it shows no clear trend over the period as a whole. The increase in credit card
ownership, especially between 1989 and 2001, is particularly marked among poorer households.
Among households in the lowest income quintile, the percentage with out a credit card or line of
credit fell from 66% to 45% between 1989 and 2001. However, this expansion of credit appears
to have reversed for poorer households after 2001: the proportion without a credit card increases
by 10 percentage points for both the lowest and the second lowest quantiles. The increase in loan
rejections over this period also appears to be highest for poorer households: the proportion denied
credit rises by 9 percentage points for the lowest quintile, and by 6 percentage points for the second
lowest.

Finally, according to all indicators, availability of a line of credit and credit card holdings, poorer
households, single parents and nonwhites, particularly those with 12 or less years of education, are
the most likely to be constrained, as we would expect. There is no evidence that liquidity constraints
slackened for these groups in particular.

In general, there is no clear decline in the proportion of liquidity constrained households between
1983 and 2007. It appears that credit constraints tightened for all households until the mid-90s
- despite a significant expansion of credit card ownership, especially among the poorest 20% of
households. After 1995 and 1998, credit constraints appear to have relaxed for better off households
- those in the upper income quantiles, and those with more than 12 years of education. By contrast,
for poorer households, and those with less education, the probability of being denied credit remained
the same or even increased after 1998, and the percentage of such households without a credit card
also increased.

The above findings are puzzling: how can it be that the amount borrowed by households has
increased so dramatically, while the proportion of households who are denied loans has remained
roughly constant, even increasing slightly up to 19957 One explanation is that while consumers
borrowing limits increased over the 1983-2007 period, their demand for debt increased by a similar
amount. This would unambiguously cause an increase in debt; however, while the increase in the
demand for debt would tend to increase the proportion of constrained households, the increase in
their borrowing limits would have the opposite effect, so that overall the proportion of constrained

households might not change. Increased demand for debt may have been caused by the increase in
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house prices: if demand for housing is relatively inelastic, the rise in prices would increase desired
expenditure on housing, and since first time home buyers generally have low current income relative
to their lifetime income, they will attempt to meet this expenditure by borrowing. Increased demand
may also be due to the dramatic decline in interest rates since the early 1980s. Finally, the increase
in income volatility may have increased the demand for debt, since households experiencing a

negative income shock will try to borrow to smooth consumption.

2.4 Estimating Constraints in the PSID

Following Jappelli [1990] and Duca and Rosenthal [1994], we count a household as liquidity con-
strained if either it had a request for credit turned down and it was not able to obtain the full amount
by reapplying or applying elsewhere, or if it was discouraged from applying because it though it

would be turned down. To estimate the probability of being denied credit, we use information on:

a spline function for age, dummies for a nonwhite respondent or female head of house-
hold, marital status (married/ widow/ divorced) and being a single parent, 6 dummies
for education, 2 dummies for the number of adults, 3 dummies for the number of kids;
dummies for self-employment, receiving welfare payments, unemployment, having any
positive asset income; dummies for occupation; log household disposable income, its
square, and its cube; annual hours worked; the log of (household mortgage +1) and its
square, log (annual mortgage payment+1) and its square, log (asset income+1) and its
square, log (house value+1) and its square, interactions between education and unem-
ployment and between race and number of children, having positive asset income and

being a single parent.

Table 2 presents our estimation results on the SCF data. Since the model we estimate is only
a reduced-form expression which does not distinguish factors affecting the demand and supply of
credit, the estimated coefficients presented in Table 2 do not have a straightforward interpretation:
here we are more concerned with accurately predicting the probability of being constrained in the
PSID. Nonetheless, the results obtained broadly accord with economic theory and the results of
previous studies. Single parents and nonwhite, working heads of household with low education

are more likely to be constrained. Individuals with only a high school degree were significantly
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more likely to be constrained than those with a college degree, whereas those with more than 16
years of education were much less likely to be constrained. Higher family income decreases the
probability of being constrained. This concurs with previous studies (although it is not obvious
a priori, because our model does not distinguish transitory income, which should unambiguously
decrease the probability of being constrained, and permanent income, which has an ambiguous
effect).

To check the robustness of the results to use of the survey weights, we estimate the model both
with and without survey weights. We also check for stability of coefficients and show that most
important variables (in terms of economic importance) vary over time. For details see Table 3.
Accordingly, the first-stage coefficients from these regressions, depending on the test results, are
allowed to vary over time or are fixed to be time invariant, are then used to impute the probability
of being liquidity constrained for households in the PSID sample. For each year of the PSID
observations, we impute the probability of being constrained using the coefficients estimated using
the nearest subsequent year of the SCF data.

One problem we encounter is the scarcity of appropriate explanatory variables common to both
the PSID and the SCF samples. If SCF had a panel dimension, we could have constructed a measure
of liquidity constraints as a function of income shocks, changes in household characteristics, and
other shocks that could have led households to borrow. Unfortunately, with the exception of 1983-
1986, there is no panel dimension in SCF. A related issue is that, in order to use, say, data relating
to 1989 to predict the probability of being constrained in 1988, 1987 or 1986, we need to control
for aggregate shocks. We would expect the probability of being constrained to be much higher
in recessions. (This problem is mitigated to some extent by the fact that the SCF asks whether
households were constrained in the last 5 years, which may average out cyclical fluctuations to
some extent). Although changes in the national unemployment rate would be picked up by the
constant term, we can exploit variation in regional unemployment rates to control for region specific
aggregate shocks. Unfortunately, we cannot address this problem, since SCF does not provide region
specific variables to protect privet information.

Finally, the measures of liquidity constraints used in the SCF are less than ideal. Whereas we
require an estimate of whether a household is currently constrained, based on its current character-

istics, the denied credit indicator only reports whether a household has ever been constrained in the
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past 5 years. It might also appear that this indicator overestimates the proportion of constrained
households, since some individuals may apply for multiple loans, be rejected for some, but still
be able to obtain as much credit as they desire. However, as described above, we exclude such
households by counting as unconstrained those households who reported that they were later able

to obtain the full amount of credit they desired by reapplying or borrowing elsewhere.

Figure 5: Mean Estimated Probabilities in the SCF and the PSID
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Source: Author estimates from Survey of the Consumer Finances and the Panel Study of Income Dynamics.

Figure 5 compares estimated constraints in the PSID to actual constraints in the SCF. Two-
sample estimation depends on the assumption that both samples are drawn from the same pop-
ulation. As Table 4 shows, the SCF and the PSID samples are broadly similar, although there
are some differences, which may explain why the average SCF household is about 5 percentage
points more likely to be constrained. The SCF sample has more welfare recipients and households
headed by self-employed or nonwhite individuals than the PSID sample: this makes the average
SCF household more likely to be constrained according to our estimated model. The average PSID
household also has more asset income and higher mortgage payments than the average SCF house-
hold, which decreases the probability of being constrained. As long as the relationship between the
probability of being constrained and the explanatory variables is the same in both samples, these

differences do not imply that the estimate of this probability is inaccurate. The estimated percent-
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age of constrained households in the PSID and the actual percentage of constrained households in

the SCF also display the same trend, which further suggests that our estimates are accurate.

3 Evolution of Income Shocks

The above findings indicate that credit constraints tightened for all households until the mid-
90s - despite a significant expansion of credit card ownership, especially among the poorest 20%
of households, and that for poorer households, and those with less education, the probability of
being denied credit remained the same or even increased after 1998. As the first step towards
understanding whether and/or how the welfare of vulnerable households was affected in the last 25
years, we look at the evolution of income volatility. As in Blundell et al. [2008], we assume that

the income process for each household h is:

In(Ynat) = Z;L,mtﬁt + Pt + Vhat (1)

where a and ¢ index age and time respectively, Y is real income, and Z is a set of income
characteristics observable and anticipated by consumers, that is allowed to change over time. In
individual labor income models, these regressors are usually proxied by age, age squared, dummy
variables for education, occupation and industry categories, and interactions between age, age
squared and education, sex and race indicators, cohort dummies, time dummies (to control for
aggregate shocks), and interaction terms. Since in the present case we are interested in the family
income process, we redefine these parameters as those pertaining to the head of household, and
include additional parameters, such as head’s marital status, number of hours worked by head and
his partner, and the number of children in the household.

Equation (1) decomposes the remainder of income into a permanent component P} ,; and a
transitory or mean-reverting component, vy, o . By writing Y}, , ¢ rather than Y}, ; we emphasize the
importance of cohort effects in the evolution of earnings over the life-cycle.

For consistency with previous empirical studies®, we assume that the permanent component

8This is a standard model of the income process, see for example MaCurdy [1982], Hall and Mishkin [1982], Abowd
and Card [1986], Moffitt and Gottschalk [1994]; or Banks et al. [2001] and Meghir and Pistaferri [2004] for more recent

studies.
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Py, o1 follows a martingale process of the form:
Ph,a,t = Ph,a,t—l + Sh,a,t (2)

where ¢, o ¢ is serially uncorrelated, and the transitory component v}, 4 follows an MA(q) process.

It follows that unexplained income growth can be computed from:
Aln(Yh,a,t) = Aln(}/h,a,t) + Sh,a,t + AVh,a,t (3)
The volatility of income will be measured as a square of the unexplained income growth component,

which is composed of household specific shocks to permanent and transitory income.

Tt = (Shat + Miar) = (BIn(Vias) — Mn(Vie)) @)

The volatility of income, 0%7 ats is thus composed of household specific shocks to permanent and
transitory family income.

By now it is well documented that volatility of individual male earnings increased substantially
from the 1970s to early 1980s, was stable in the 1980s to early 1990s, and began to increase again
since the mid 1990s.? Volatility of family income, both its permanent and transitory components,
also increased substantially since 1970s.10

Figure 6 illustrates volatility of family income versus that of total labor income, income from
public transfers, and other income, for our biennial sample. As mentioned, this measure of volatility
does not distinguish between permanent and transitory shocks to income. Additionally, since the
sample is biennial, volatility presented here, is a smoothed out version of annual volatility series.'!
Total labor income is the sum of labor income of all working adults in the household. Family income
is the sum of total labor income, plus public and private transfer payments, plus business and asset
income.'? Income from public transfers includes AFDC/TANF and Food Stamps programs, income
from SSI and SS benefits, unemployment and workmen compensation benefits. Other income is

the difference between family income, labor income and income from public transfers. It is evident

9See for example, Moffitt and Gottschalk [1994, 1998, 2002], ?, Dynarski and Gruber [1997], Haider [2001], Hacker

[2006], Dynan et al. [2007], Keys [2008], Shin and Solon [2008], Jensen and Shore [2008].
198ee for example Dynan et al. [2007], Keys [2008], Shin and Solon [2008], Jensen and Shore [2008], and Gorbachev

[2009].
1Volatility computed on annual growth rates behaves in the same way as described by the already cited studies.
2Business income is a sum of rental, room and board income, self-employment, farm income and other activities.
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Figure 6: Mean Volatility of Income Shocks, 1984 to 2004.
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from the graphs that volatility of family income is lower than that of labor income, as we would
expect given that family income includes public and private transfers, though other income (which is
primarily business and asset income) is much more volatile, and its volatility increased dramatically
over the sample period.

Tables 5 to 8 provide results on the differences in the trends in income volatility by different
categories. As Table 5 illustrates, total labor income volatility increased between 1984 and 2004.
This was also true for single parents. On the other hand, labor income volatility actually fell for
married households and for households with less than 13 years of education.

Unlike labor income, family income volatility, increased significantly, rising by 43 percent (or
8ppts.) over 1984-2004 period. This difference is a result of a much higher increase in volatility of

other income (as can be seen from Table 8). Households on welfare and nonwhite households with
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low education (less than 13 years) experienced the largest increase in volatility of household family
income. Family income volatility increased by 71 percent (or 16ppts.) for these households between
1984 and 2004, whereas it went up by 8ppts. for non welfare recipients and white households. Thus,
race and education played an important role in evolution of income volatility. The association
between welfare payments and volatility of family income should be read with caution as here
we are describing correlations rather than causal relationships. It is reasonable to assume that
households that experienced high volatility of family income turned to public transfers to smooth
consumption; of course, not all such households would have received public transfers. It is also
worth pointing out that increase in income shocks could have contributed to the increased demand

for credit and thus to the tightening of the liquidity constraint during our sample period.

4 Welfare Implications of Increased Income Volatility and Tighter
Liquidity Constraints.

4.1 A Consumption Model

In the absence of perfect insurance, households are unable to insure against income shocks, with the
consequence that an increase in unanticipated risk would directly increase volatility of consumption
especially if households have limited ability to smooth out these shocks. Since families desire to
smooth consumption, such an increase in volatility would have a negative impact on welfare, other
things being equal. Thus, it is critical to study changes in variability of household consumption.

Consumption growth varies with preferences or demographics, the risk free interest rate, antic-
ipated income shocks, cash-on-hand relative to future wealth, and idiosyncratic risk. To see this,
consider a typical Euler equation.

U (Chyt1:0n,41) (1 + Thig1)

E
¢ U'(Cht; On0) (1 + 63)

I+ M) =1 (5)

where h stands for household and t for time; C},; is real consumption of family % in period ¢; 6,
are family h's tastes; ¢y, is its rate of time preference and is assumed to be household specific but
time invariant; F} is the expectation operator, conditional on information available at time ¢; 7, 411
is the ex post real return on risk free asset held by family h between periods ¢t and t + 1; Ap 411

is the extra utility that would result from borrowing an extra dollar, consuming it, and reducing
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consumption the next period accordingly to repay the debt. If Ay ;41 > 0, the liquidity constraint
is binding and the family cannot borrow as much as it wants, and thus will have to consume out
of current assets.

In order to allow for precautionary savings and nonseparability of preferences between con-
sumption of food and other nondurables,'® and to be able to take the model to the data, we assume
that the utility function takes the constant relative risk aversion form, such that

a B
h,ch,t} 1=y

U(Op 1y i 1) = 9h»t[
(h,t h,t h,t) € 1—~

(6)

where Fj; is food consumption and Op; is consumption of other nondurable goods, such that
pf Fp+ p¢ Ont = Chy; a and B are share parameters measuring the importance of consumption
of other nondurable goods relative to food and visa versa; and ~ controls the degree of relative risk
aversion.'4

The above Euler equations with respect to food consumption:

PP UF(On i1, Frp1: Ona1) (1 + rheg1)
P Up(Opy, Frg; 0n,0) (1 + 63)

E, I+ App1) =1 (7)

Using functional form for the utility function, and 2nd order Taylor approximation of the above

Euler equation,'®

we can show that the growth rate of household food consumption, Aln(Fj, 14+1),
is a function of anticipated changes in demographics or preferences A6, ;41 and risk free interest
rate (n(1 + rp411), the shadow price of borrowing an extra dollar in(1 + Ap;41), personal dis-
count rate (n(1+ dy), on changes in food prices, Alnpf:rl, on price differential between inflation in

food and other nondurables, Alnp?, , — AlnpF, ,, on precautionary saving motive, Viep 411, and on
t+1 t+1 2+

idiosyncratic shocks to consumption growth, ¢z, 141.

13As pointed out by example Attanasio and Weber [1995], Meghir and Weber [1996], Banks et al. [1997] it is

important to control for nonseparability of food consumption relative to consumption of other goods.

The coefficient of relative risk aversion with this utility specification is given by % =1-p3(1—7). Intertem-
poral elasticity of substitution for food consumption is pinned down by W The assumption of the iso-elastic
form for the utility function means that, in a world without uncertainty, an increase in lifetime wealth will lead to a

proportionate increase in consumption. This form also assumes that utility is time additive.
15 Attanasio and Low [2004] show that a log-linearized Euler equation for consumption yields consistent estimates

of the preference parameters when utility is isoelastic and a sample covers a long time period. The requirement on
the length of the panel is imposed in order to tackle estimation problems that arise due to the presence of liquidity

constraints.
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1
AlnFiii = TG [AHMH 11+ ) + (14 Apgr) + In(1 + 5h)]
1
- Alnpl, 1 — ) (Alnp® , — AlnpF,
) (At + el =) (@il — Almp) [ e @
where
a(l—7)—1 F Vi€l 141
Zhprl = [gh 1 — 7]
1=-B81-y)A-1=y)(a+p8))L™ 2
Ba(l —)? 0 Vi€ 141
- [gh t+1 T 7]
(1-=B1-7)A-0=y)(a+p))L™ 2
Vien,t+1
= Shit+1 — T

The estimation strategy allows for household fixed effects to account for household specific
discount factors. We include our estimate of the liquidity constraints, Pr(denied credit) as a
regressor to control for the shadow price of borrowing an extra dollar, in(1 + A, ¢41). Since this
variable was estimated based on direct information on constraints from the SCF data, it indicates
the probability of a household being constrained in the last 5 years, rather than a probability of
being constrained between period ¢t and t+1. We also control for the possibility that labor decisions
are not separable from the marginal utility of consumption by including the change in the total
number of hours worked by the head of the household and by their partner.'6

To address endogeneity that arises due to presence of second and higher-order terms in the
residual, it is typical to estimate the model using as instruments information known at time ¢.17
Since the instrument set includes lagged terms of all the parameters in the Euler equation, it violates
strict exogeneity assumptions required by the IV estimator. Additionally, as pointed out by Nickell
[1981] estimated coefficients under within estimator together with predetermined regressors will
give biased and inconsistent results. One more problem we encounter is the limited temporal size
of our sample. In fact, on average we have only 5 periods per households, with 10 being the
maximum. Thus, our sample is short and highly unbalanced.

To get consistent estimates, we use forward orthogonal deviations transform in order to purge

our data from fixed effects proposed by Arellano and Bover [1995]. We use orthogonal transfor-

18The inclusion of the information on the labor supply decision is important for the identification purposes, see

Attanasio [1999].
'7See Attanasio and Low [2004] for a detailed discussion of issues involved in estimating log linearized Euler

equations.
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mation instead of first differences, as forward transform reduces the loss of observations when the
data is highly unbalanced. Instead of subtracting the previous observation from the contemporane-
ous one, forward transform subtracts the average of all future available observations of a variable.
Thus it minimizes data loss, and since lagged observations don’t enter the formula, they become
valid instruments. We perform a two-step AB-GMM estimation that allows for heteroskedasticity
and intragroup correlation. We also make the Windmeijer finite-sample correction to the reported
standard errors in two-step estimation, without which those standard errors tend to be severely
downward biased. Too many instruments will not compromise the coefficient estimates but will
weaken the Sargan/Hansen test of overidentifying restrictions. In addition, too many instrument
can overfit endogenous variables.!® We limit the number of instruments to one lag, in order to
reduce the potential efficiency loss this type of GMM estimators could suffer. We use second lag
of the explanatory variables, plus marginal tax rate, as our instruments. Since probability of being
constrained refers to a 5 year period, between t —3 and t+ 1, to instrument for liquidity constraints,
we use information on probability of being denied credit from ¢ — 4 and information on race of the
household, and whether a household is a welfare recipient.

Table 9 reports our coefficient estimates. Columns (1) to (2) provide estimates using pooled
OLS, (3) to (4) using LSDV and finally columns (5) to (7) the Arellano and Bover [1995] estima-
tor. The AB-GMM estimator is consistent, but it is not in general unbiased, as in finite samples
the instruments are not in general perfectly uncorrelated with the endogenous components of the
instrumented regressors. Column (5) provides a AB-GMM estimator that does not control for
liquidity constraints or for nonseparabilities of preferences. Column (6) allows for nonseparabilities
of preferences. Column (7) is our preferred estimation as it controls for probability of being denied
credit. Column (8) includes both nonseparabilities and liquidity constraints. Our estimate of in-
tertemporal elasticity of substitution (IES) is consistent with other studies and is estimated to be
around 1.1 As can be seen from the table, all the necessary tests for the consistency of our esti-
mation are passed. Specifically, we fail to reject the null for both the Sargan test (p-value=0.569)

and the Hansen test (p-value=0.198) of overidentification restrictions.

18Gee for example Roodman [2009] on the problems too many instruments could cause this type of GMM estimator.
19Gee for example Attanasio and Weber [1995], Attanasio [1999], and Attanasio and Low [2004].
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4.2 Evolution of Consumption Risk

To compute volatility of household consumption, we first predict residuals from the above Euler

equation (8):

1
Zhitl = Alth,t—i—l — [1 1@+ 3) Aeh,t—i—l +In(1+ Th,t-i-l) +In(1+ Ah,t—i—l)}
1
- ———— |Alnpf; +a(1 —7)(Alnpy, — Alnpfly) (9)
Tl I

We then subtract out household fixed effects xyp, thus subtracting out household specific discount
factors that are not directly computed by AB-GMM estimator, and time fixed effects 7, to center
our estimator. We construct consumption volatility parameter as the square of the residual minus

Kp, + T, such that:

1 &
Rho= 7D Znirt (10)
Th =
—_— —_— —~
€ht+1 = Zht+l — Rh
Hy
N 1
o= D e (11)
th=1
2 —
ﬁ = (eh,t - Tt)2 (12)

We run pooled OLS regression on a time trend to study whether volatility of consumption,

§/h7t+\12, changed over this time period.

§/;%7t+\1 = Bo + Bit + wh t+1 (13)
where By reflects the average variance of the measurement error, which we assumed to be stationary
and household specific. If the constant is well estimated, we can then analyze volatility changes in
addition to its levels.

Figure 7 illustrates that household volatility of food consumption was, as we would expect, lower
than that of family income volatility, and that it increased over the 1984 - 2004 period. Comparing
Tables 6 and 10, we see that the trend in volatility of consumption is positive and statistically
significant, though it is slightly lower than the trend in volatility of family income. Unlike family

income volatility, consumption volatility for single parents did not change, although it remained at
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Figure 7: Evolution of Family Income vs. Consumption Volatility, 1983 to 2004.
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very high levels, 16 percent for single parents vs. 12 for married households. Food consumption
volatility increased by much less for recipients of public transfers than that of income volatility.
Thus, public transfers seemed to have played an important role in mitigating income shocks for
some households. Nevertheless, recent work by Moffitt and Scholz [2009] find that very poor single
parent and two-parent households experienced declines in public expenditures, driven largely by
lower recipient rates, benefit receipts, or both in the AFDC/TANF and Food Stamps programs.
Their study documents that there was a redistribution of income from the very poor to near-poor
and nonpoor households, as the later group experienced an increase in benefits over 1984 to 2004
time period. Thus, although volatility did not increase for the already disadvantaged groups, the
fact that it did not fall indicates that there is scope for government intervention.

On average, education did not play an important role, as volatility of consumption increased
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in the same way for both well and poorly educated households, i.e. those with more than 12 years
of education vs. those with less education. On the other hand, race was much more significant, as
on average, nonwhite households experienced an economically and statistically higher increase in
volatility of consumption than white households, 35 percent (or 6ppts.) vs. 34 percent (or 4ppts),
respectively. In addition, we document that nonwhite households with no more than a high school
diploma experienced a much higher increase in volatility of consumption than white households
with the same level of education, 49 percent (or 7ppts.) vs. 32 percent (or 3ppts.), respectively.
Well educated households saw an increase in volatility that was the same across racial groups, rising

by 5ppts.

Figure 8: Percent of Households with net assets less than two months of income.
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Source: Survey of Consumer Finances.

These differences might be explained by the availability of credit and other smoothing op-
portunities available to different types of households. In fact, it is not surprising that nonwhite
households were less able to smooth out shocks to income as nonwhite households are typically
households with low asset holdings that are also more likely to be liquidity constrained. Figure 8
shows that, using the SCF data, in 2004, 25 percent of nonwhite households had net assets lower
than 2 months of income, in comparison to 35 percent in 1983. Thus, even though the holdings of

net assets increased even for nonwhite households, the share with low net assets remained signif-
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icantly higher than that for white households, for whom this percentage remained constant at 10
percent over this period. Nonwhite households are also much more likely to be denied credit, and

as Figure 12 in the Appendix illustrates, this probability did not improve much over the period.

4.3 Constrained and Unconstrained Households

Figure 9: Consumption Volatility: Constrained vs. Unconstrained
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Next we analyze what role, if any, was played by liquidity constraints. Tables 6 and 11, and
Figure 9 illustrate that liquidity constraints played an important role in propagating shocks to
income. Volatility of household consumption was significantly higher for households that had
a higher probability of being denied credit, these households experienced a 42 percent (or 5ppts)
increase in volatility of consumption, vs. 32 percent (or 3ppts) felt by unconstrained households. As

Figure 10 illustrates, this increase was statistically smaller than the increase in income volatility for
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these groups. Volatility of family income increased by 52 percent (or 11ppts) for constrained and by
42 percent (or 6ppts) for liquidity unconstrained households. Public transfers played an important
role in helping constrained households to smooth income shocks, conditional on the household
being a recipient. We estimate that if a household was liquidity constrained in a previous period
(Pr(DeniedCredit);—1), it received on average, 2,400 dollars (in 1983 terms) of public transfers in
period t. On the other hand, liquidity constrained households that were not recipients of welfare
benefits, experienced a significant increase in volatility of consumption. This finding indicates that

transitory shocks to income increased substantially over the period.?°

Figure 10: Family Income vs. Consumption Volatility: Constrained vs. Unconstrained
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2OFinding supported by large research literature that disaggregates income volatility into transitory and permanent
components and finds that both increased over the period. See for example, See for example Moffitt and Gottschalk
[1994, 1998, 2002], Gottschalk and Moffitt [2009], Dynarski and Gruber [1997], Haider [2001], Hacker [2006], Dynan
et al. [2007], Keys [2008], Shin and Solon [2008], Jensen and Shore [2008].
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Poorly educated constrained households experienced a significant increase in consumption volatil-
ity of 42 percent, whereas for unconstrained households with the same level of education, consump-
tion volatility remained unchanged. This observation again contrasts with the trends in family
income volatility. Family income volatility for constrained poorly educated households went up by
52 percent, and by 42 percent for unconstrained households. On the other hand, family income
volatility increased by much more for well educated households, it went up by 82 percent for con-
strained and by 62 percent for the unconstrained households. Food consumption volatility also
went up for these households, though there was no statistical difference between constrained and
unconstrained households, for both types volatility increased by 47 percent.

Nonwhite households, whether constrained or not, did not experience an increase in volatility of
household consumption, though volatility for those households remained very high at 19 percent for
constrained and 16 percent for unconstrained households. Family income volatility disaggregated
by race also did not show a differential trend, though it did increased by 41 percent. Unfortunately,
we do not have enough observations to have a meaningful further disaggregation of data.

Ultimately we are interested in analyzing how the increase in income volatility affected household
welfare. Thus, looking at the volatility of food consumption is not enough, since volatility of food
consumption is a lower bound of the volatility of nondurable consumption. This statement is true
if the relationship between food and nondurable consumption can be approximated by a linear
function, and since food consumption has a lower income elasticity than that elasticity for total
nondurable consumption, its volatility will also be lower.

Blundell et al. [2008], use Consumer Expenditure Survey, which has detailed information on all
consumption goods, and estimate demand for food as a function of nondurable expenditure, relative
prices, and a host of demographic and socioeconomic characteristics of the household. They model
food expenditure and total expenditure as jointly endogenous and allow this relationship to change
over time. Under monotonicity (normality) of food demand, this function can be inverted to obtain a
measure of nondurable consumption in the PSID. They find that the elasticity of food expenditure
with respect to nondurable expenditure does change over time (testing for joint significance of
time varying coefficients, they get p-value=0.06), but they find that none of the time coefficients
are individually significant. They estimate budget elasticity at 0.85. Thus, 1 percent change in

nondurable expenditure, will lead to a 0.85 percent change in expenditure on food. Translating
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this into volatility terms, we get that 1 percent increase in volatility of food consumption means
a 1/(0.85)% = 1.38 percent increase in nondurable consumption volatility. If we also account for a
fact that the elasticity changes over time, and that the change appears to be positive, this number

would be even larger.

5 Conclusions

Despite the extraordinary increase in US household debt over the past quarter-century, consumers
are no less likely to be denied credit in 2007 than they were in 1983. Financial sector innovations
such as credit scoring and risk-based pricing have surely increased borrowing limits for at least some
consumers, and may have contributed to the near-tripling of household debt, but they have not
prevented around 1 in 5 households from being denied credit. One explanation for this apparent
paradox is that the demand for debt has increased in line with the supply, due to historically low
real interest rates, increasing house prices and increased income volatility.

We estimate income volatility for family, labor, public transfers, and other income categories.
We find that total labor income volatility was high but did not increase over the period. On the
other hand, volatility of family income increased substantially, rising by 43 percent between 1984
and 2004. The biggest increase in family income volatility was experienced by households that were
welfare recipients and nonwhites with poor education. Like family income volatility, volatility of
household consumption also increased, rising by 34 percent between 1984 and 2004. The increase
was particularly high for nonwhite households, particularly those with low education. On the other
hand, welfare recipients did not see an increase in consumption volatility.

Liquidity constraints also played an important role in household’s lives. We find that already
disadvantaged households were unable to smooth out shocks to their income. Given a typical
consumption model, this increase in volatility of consumption has an obvious welfare cost, as it
comes not from the choices made by the households, but from inability of households to smooth
consumption. Using the simplest back of the envelope calculation, we find that an average house-
hold would be willing to sacrifice 4.7 percent of their annual nondurable consumption to reduce
consumption risk back to where it was in 1984. We use a simple formula derived from Lucas [1987],
where the cost of business cycle can be approximated by p = %’yag. Volatility of household food

consumption was 0.114 in 1984 and went up to 0.148 by 2004, and our estimate of relative risk
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aversion v = 2. Thus, the cost is 3.4 percent of household food consumption per year. Since, the
elasticity of food expenditure with respect to expenditure on nondurables is 0.85, consumers would
be willing to sacrifice 4.7 percent of annual nondurable consumption to lower risk to its 1984 level,
or about $600 billion. This is a substantial cost to society; to put it in current economic terms: the
American Recovery and Reinvestment Act package enacted in February 2009 pledged 787 billion
dollars to “jump-start the economy and to reduce the loss of jobs”.

Given the shear scale of the problem, this is a hugely important and understudied question that

deserves greater attention from the academic community.
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6 Appendix

6.1 Supplementary Figures

Figure 11: Average mortgage vs.
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Figure 12: Proportion of constrained household, by demographic group
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Figure 13: Proportion of constrained household, by marital status
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Figure 14: Proportion of constrained household, by income quintile
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Figure 15: Estimated vs. Actual Probability of Being Denied Credit in SCF Data

©
&
°
© L4 s
o
: o <o
° <
°
S - <
°
* <o
N
B
C\! -
°
<o
[ce)
®
T T T T
1980 1990 2000 2010
year

® actual < estimated

Source: Survey of Consumer Finances.

Figure 16: Proportion of constrained household, by demographic group in PSID
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