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Abstract Households with limited income and wealth
often struggle to access the financial liquidity needed to
address unexpected expenses or income drops. Emergency
savings can act as form of insurance against such economic
shocks and reduce the risk of hardships that influence
family wellbeing. Prior research has established that
threshold amounts of liquid assets can reduce the risk of
economic hardship. This study used a measure of self-
reported emergency saving behavior to examine whether
households who reported saving for emergencies were less
likely to experience subsequent economic hardships in a
longitudinal sample of households in disadvantaged
neighborhoods from the Annie E. Casey Foundation’s
Making Connections project. Results across a range of
regression models suggest that households who saved for
emergencies experienced slightly less overall hardship and
were less likely to report several specific hardships, such as
food insecurity and having a phone disconnected, three
years later. This study supports the idea that small, unre-
stricted savings may play a protective role for low-income

households.
Keywords Emergency saving - Hardship - Low-income -
Disadvantaged neighborhoods

Introduction

Households with limited income and wealth often struggle
to access the financial liquidity needed to address
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unexpected expenses or income drops. The ability to
smooth consumption over time with liquid savings is
important because it may help weather economic shocks in
order to maintain financial stability and household well-
being. Many low-income families do not have reserved
liquid savings, leaving them financially fragile (Hogarth
et al. 2003; Lusardi et al. 2011). With the threshold for
adequate emergency savings set at 75 % of 1 month’s
income, only half of US households satisfied this condition
in the 2010 Survey of Consumer Finances; among house-
holds below the poverty line, only 37 % had these funds
available (Key 2014). Economically disadvantaged fami-
lies are especially vulnerable given that reserving funds is
difficult if paying for basic necessities consumes a large
portion of financial resources. Without adequate savings
and with limited access to traditional credit households
may rely on social networks or turn to high-cost alternative
financial services to meet liquidity demands (Bianchi and
Levy 2013; Lusardi et al. 2011).

Economically disadvantaged families have thinner
financial cushions. The inability to absorb an economic
shock may result in hardships such as housing instability,
energy insecurity, food insecurity, and failure to access
needed medical care. This study explored whether self-
reported emergency saving behavior was associated with
household hardship using a longitudinal sample of house-
holds in disadvantaged neighborhoods, and specifically
examined if households that reported saving for an emer-
gency were less likely to experience subsequent economic
hardships. Models estimated the likelihood of hardships
based on emergency saving status and demographic and
financial characteristics, including saving for other pur-
poses. Results of the empirical analysis suggest that
households saving for an emergency experienced slightly
less overall hardship and were also less likely to report
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specific hardships. These results are consistent across a
range of estimation strategies.

Literature Review

Saving for an emergency is one only component of finan-
cial stability but it may play an important role in the ability
to cope with immediate expenses like vehicle or home
repairs, medical bills not covered by insurance, an unan-
ticipated income drops like a job loss, an injury or health
condition that limits work, or the exit of a working adult
from one’s household (Dew and Xiao 2011; McKernan
et al. 2009; Mills and Amick 2010). Households with
limited income are particularly vulnerable to economic
shocks. In a survey of low- and moderate-income US
households, the majority (62 %) of respondents reported
experiencing an economic emergency in the previous year
(Abbi 2012). Consistent with buffer-stock models of sav-
ing, preparing for potential short-term income fluctuations
has been found to be a primary motive for emergency or
precautionary saving (Carroll and Samwick 1997). How-
ever, this motive may not always be effective. At least one
study suggested that people may not adequately anticipate
expenditure shocks. Households in the bottom income
quintile, on average, underestimated annual emergency
expenses by about $500 (Brobeck 2008). Saving may also
be a challenge because the exact timing of such expenses is
so uncertain, making putting off saving easy to do.

Saving Behavior

Overall, saving behavior is influenced by many factors. A
range of personal and household characteristics, including
familial and economic conditions and financial knowledge,
contribute to the likelihood of saving and having financial
assets (Babiarz and Robb 2014; Bernheim et al. 2001;
Beverly et al. 2008; Caskey 1997; Hilgert and Hogarth
2003; Hogarth et al. 2003; Klawitter et al. 2013; Lusardi
2008; Painter and Vespa 2012; Payne et al. 2014; Shapiro
and Wolff 2001; Zagorsky 2013). People’s interactions
with institutions that have the capacity to alter financial
behavior, such as banks, employers, or government pro-
grams may also influence saving (Beverly and Sherraden
1999; Sherraden and Barr 2005; Sunstein and Thaler 2008).

Saving is made infinitely more challenging when nec-
essary expenses consume most, or exceed, available
income (Schreiner and Sherraden 2007). Within a sample
of households with low or moderate income, most (84 %)
thought saving was “worth it” but the vast majority (93 %)
indicated it was hard to save because funds went to
necessities (Blank and Barr 2009). The need to focus on
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economic survival may shorten time horizons and com-
bined with the increased availability of alternative high-
cost credit that may encourage over-borrowing, can make
saving a low priority (Laibson 1997; Schreiner and Sher-
raden 2007; Shah et al. 2012). There are programs that help
low-income individuals and families build savings, but
these programs typically restrict the use of funds to human
capital development activities like homeownership and
education, meaning there are financial penalties for with-
drawing funds for other uses like financial emergencies
(see, for example, Mills et al. 2008; Schreiner and Sher-
raden 2007). Other barriers to saving for low-income
households include a lack of access to useful saving pro-
ducts and asset eligibility limits in public benefit programs
(Abbi 2012; O’Brien 2008).

Savings Protect Families

In general, having financial assets is correlated with posi-
tive family outcomes including marital stability, adult
health and feelings of self-efficacy and future orientation,
child education attainment, child behaviors, and adolescent
financial behavior (Dew 2007; Page-Adams and Scanlon
2001; Shanks 2007). Of particular relevance to this study,
there is evidence that liquid financial assets have protective
effects. Low-income households with modest liquid assets
are less likely to experience material hardships, miss
housing or utility payments, and are more likely to stave
off deprivation when faced with an economic shock
(Mckernan et al. 2009; Mills and Amick 2010). Mills and
Amick (2010) used the Survey of Income and Program
Participation (SIPP) to examine income shocks and hard-
ships among low-income households. They found that
modest amounts of liquid savings, up to $2,000, reduced
instances of material hardship, while larger amounts pro-
vided even greater protection. McKernan et al. (2009) also
used the SIPP, finding evidence that families with sufficient
liquid savings to sustain poverty-level consumption for
several months were at less risk for deprivation when faced
with an income shock. A study specific to food security
found that insufficient assets and liquidity constraint were
both associated with an increased risk of food insecurity in
the Panel Study of Income Dynamics (PSID) (Chang et al.
2013).

Economic and material hardships have important con-
sequences for family wellbeing. A number of studies have
investigated the impact of hardships and deprivation on
child wellbeing. There is evidence that such hardships are
associated with adverse impacts on a child’s physical
health, social-emotional competence, and early develop-
ment (Gershoff et al. 2007; Kainz et al. 2012; Yoo et al.
2009). The financial stress felt by adult caregivers
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struggling to make ends meet may also indirectly affect
children’s health and development (Conger et al. 2002;
Elder et al. 1992; Garasky et al. 2009; Gundersen et al.
2011). Many factors contribute to the occurrence of eco-
nomic hardships. However, financial preparedness via
savings can be a key contributor in a household’s ability to
successfully weather a financial emergency.

Mechanism of Interest

Studies of emergency savings have primarily focused on
threshold amounts of financial assets such as three months
current income or expenses (DeVaney 1995; Greninger
et al. 1996). Another strategy has been to measure “asset
poverty” or “liquid asset poverty” defined as failing to
have assets equivalent to three months’ income at the
federal poverty threshold (Brandolini et al. 2010; Gornick
et al. 2009; Haveman and Wolff 2005; McKernan et al.
2009). These measures of savings were primarily designed
to capture a household’s ability to maintain consumption
for several months in the absence of income due to a spell
of unemployment or earning volatility. These threshold
amounts are somewhat arbitrary and three months of
income is likely an unreasonable benchmark for a low-
income household. It is possible that smaller amounts of
emergency savings could also be important because they
afford households the liquidity to cope with relatively
small financial shocks. In populations on the margin, such
as households in impoverished neighborhoods, the ability
to tap a small reserve could stave off economic hardship
and prevent the depletion of household wellbeing. How-
ever, such funds would likely fluctuate over time as they
are used and replenished making them difficult to capture
with a point-in-time measurement. In the absence of fre-
quent and detailed income and expenditure data, one pos-
sible strategy to capture whether a household has some
amount of emergency savings is to measure emergency
saving behavior.

This study used a longitudinal panel of households in
disadvantaged neighborhoods; data were collected in three
waves over a nine-year time span. The data have a measure
of emergency saving defined as a household report of
whether they are currently saving for an emergency. The
hypothesis of the study was that households that reported
saving for an emergency would report less economic
hardship over the next three-year period compared to
similarly situated households that were not saving for an
emergency. Prior research indicated that savers and non-
savers likely differ with regards to demographic, financial,
and personality characteristics that also relate to the like-
lihood of hardships (Babiarz and Robb 2014; Bernheim
et al. 2001; Hilgert and Hogarth 2003; Hogarth et al. 2003;

Shapiro and Wolff 2001). Accordingly, emergency saving
is endogenous in a model of household hardship. This
study contributes to the existing literature on emergency
savings and hardship in two ways. It used several strategies
that attempt to isolate the impact of emergency savings on
hardship: fixed effects estimations that control for some
unobserved characteristics, propensity score models that
match on observable characteristics, and an instrumental
variable estimation. The study also measured emergency
savings with emergency saving behavior instead of an
accounting of financial assets.

Method
Data

This study used data from the Annie E. Casey Foundation’s
Making Connections project, a neighborhood strengthening
program initiative and survey of families in disadvantaged
neighborhoods in selected US cities. The survey was a
collaboration of the Urban Institute, NORC at the Uni-
versity of Chicago, Case Western University, the Univer-
sity of North Carolina at Chapel Hill, and the University of
Chicago. The Making Connections neighborhood sites
were selected by the Annie E. Casey Foundation to par-
ticipate in the initiative because they had community
support organizations that could sufficiently engage in the
project and facilitate the necessary data collection. All of
the neighborhood sites were disadvantaged relative to their
surrounding metropolitan areas.

Within the neighborhood sites, area probability methods
were used to identify sample household addresses. The
project focused on families with children and therefore
special efforts were made to follow households with chil-
dren that moved during the study period in order to collect
a longitudinal sample. Households without children that
moved during the study period were not pursued for data
collection. Due to the strategic site selection and data
collection process the Making Connections data cannot be
used to make inferences at the national level. However, the
findings are indicative of some experiences prevalent
among residents in many poor urban areas of the US.

Survey data were collected via in-home interviews in
English, Spanish, and other languages as determined by
local populations. The dataset includes demographic
characteristics, income, debt, savings behavior, and eco-
nomic hardship, as well as information about neighborhood
characteristics. The dataset also contains a measure of
whether households self-report saving specifically for an
emergency, a data point absent from many other surveys.
Thus, the Making Connections data are well suited for an
exploration of saving for an emergency and experiences of
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hardship over time among households from communities of
concentrated urban poverty.

Data were drawn from the seven sites that participated
in all three waves of the project: Denver, Colorado; Des
Moines, lowa; Indianapolis, Indiana; Louisville, Kentucky;
Providence, Rhode Island; San Antonio, Texas; and Seat-
tle/White Center, Washington.1 The first wave of data
collection took place from 2002 to 2004. Subsequent waves
of data collection were completed in 2005-2007 and
2008-2011 with an average of 34 months between the first
and second wave and 38 months between the second and
third wave. The sample used in the analysis is comprised of
households that were interviewed in all three waves of the
survey. At the third wave, the survey had retained
approximately 70 % of the households interviewed at the
first wave (response rates across sites ranged from 66 to
87 %) for a sample of n = 1,892. Cases were then dropped
if they were missing the key independent variable (emer-
gency saving) or any of the dependent variables (hardship
outcomes) resulting in a final sample of n = 1,760
households each observed in three periods.

In the final sample, rates of missing data were below
3 % for all control variables, except income (22 % miss-
ing) and debt (10 % missing), which were notably higher.
Missing data in all the control variables were imputed with
simple mean imputation by wave. Missing values were
replaced with the mean (for continuous variables) or modal
value (for categorical variables) for that variable. Missing
data indicators for each variable with missing data were
included in the models. As a result of the higher rate of
missing for income and debt, the coefficients on these
variables should be interpreted with caution.

Measures
Dependent Variables

Measures of economic hardship that capture access to food,
housing, and medical care have long been used as an
important supplement to income-based poverty measures
(Mayer and Jencks 1989). There is variation across studies
in the specific indicators used to measure economic and
material hardship; frequently used categories include food
hardship, housing hardship, energy hardship, inability to
access medical and dental care, and lack of access to a
telephone (see for example Danziger et al. 2000; Gershoff
et al. 2007; Mills and Amick 2010; Sullivan et al. 2008).

! The Making Connections project included a total of ten sites;
however, three sites were excluded from this analysis because there
was not a third wave of data collection. The excluded site cities were
Hartford, Connecticut; Milwaukee, Wisconsin; and Oakland,
California.

@ Springer

This study used measures of hardship that reflect the cat-
egories of hardship in the existing literature.

The Making Connections survey captured six indicators
of economic hardship that were available in all three waves
of the data.” At every survey wave respondents reported
whether their household had experienced each of the fol-
lowing hardships within the previous 12 months: they
delayed filling a medical prescription because they did not
have enough money or insurance that covered the cost;
had been unable to pay a mortgage, rent or a utility bill;
had been evicted for non-payment; a utility service was
disconnected; phone service was disconnected; and there
was a time the household did not have enough money to
purchase needed food. The survey item that measured
missed payment of housing or utility bills did not distin-
guish whether the respondent missed a housing bill, a
utility bill, or both bills. Ideally these hardships would be
measured separately due to the differential consequences
for missing housing versus utility payments. The com-
bined measure is a limitation of the data. Consistent with
prior research exploring economic hardship in the Making
Connections data, this study also excluded the measure of
eviction because the event was so rare it was not possible
to reach meaningful conclusions, resulting in a total of five
hardship indicators that were used in the study (Hayes
2005).

A count measure of economic hardship was created by
summing the total number of hardship indicators, between
zero and five, reported by each household. Due to the
binary nature of the survey items, the data captured only
whether a household experienced a particular type of
hardship at least once, but did not indicate whether a
household experienced the same hardship more than once
over the course of 12 months. As a result, the measure
captured those who experienced at least one instance of any
of the five hardship indicators but likely captured only a
portion of the variation in total hardship and undercounts
the total amount of hardship experienced.

Independent Variables

The key variable of interest was whether households were
saving for an emergency. Respondents were classified as
emergency savers for a particular survey wave if they
reported that they or their partner or spouse were currently
saving for an emergency. Information on the amount of
emergency savings was not available in the data. However,
current saving practice was a reasonable measure of
emergency saving because the measure of emergency

2 A measure of whether an item had been repossessed due to non-
payment was not used in this analysis because that variable was only
collected Wave 1 and Wave 2 of the Making Connections survey.
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saving likely captures those with a practice or habit of
saving, and can be a proxy for having at least some savings
set aside. Prior research has found that low-income people
with savings habits were more likely to have emergency
savings of greater than $500 (Brobeck 2008).

Models also included a number of basic control vari-
ables: age, gender, race and ethnicity (non-Hispanic
Black,3 non-Hispanic White, Hispanic, and other race),
education attainment (less than high school, high school or
GED, and at least some college), spouse or partner in the
household, children under 18 in the household, home
ownership, employment status (whether respondent or
spouse was employed), income (total annual household
income), debt (total household debt including mortgage
debt), having a bank account, and having a credit card. The
few individual characteristics represented the respondent
(age, gender, race and ethnicity, education attainment),
while the remaining variables were captured at the house-
hold level. The measurement of income and debt was not
consistent across the survey waves and merits a brief dis-
cussion. In Wave 1 income and debt were collected via
survey items with seven response categories (<$4,999,
$5,000-$9,999,  $10,000-$14,999,  $15,000-$19,999,
$20,000-$24,999, $25,000-$29,999, > $30,000). In Wave
2 and Wave 3, income and debt were collected as contin-
uous measures. In order to create consistency across waves,
the income and debt measures from Wave 1 were trans-
formed to continuous measures by assigning the mean
value of the response category as the income or debt
amount. Income and debt amounts from all waves were
adjusted to represent 2003 US dollars in order to be com-
parable across waves. Log measures of income and debt
were used in the analyses.

Additional savings variables were also added to the
models. Like the emergency savings measure, the
remaining saving variables indicated whether a respondent
and his or her spouse or partner reported saving for each of
the following: a home, a vehicle, education, retirement, or
any other savings goal. The amount saved for each cate-
gory was not available in the data. Because any reserved
funds could potentially be tapped in a financial emergency
it was important to control for these types of savings.
Saving for an emergency is endogenous. These savings
variables may have also helped account for some of the
characteristics that determine whether or not a person
would elect to save money, and therefore help to isolate
any impacts of saving for an emergency or hardship.

® The term Black represents respondents who identified as Black and
respondents who identified as African American.

Empirical Strategy

This study used several estimation strategies to examine
the correlation between saving for an emergency and
household hardship. This study estimated random and fixed
effects regression models using a summed variable of total
hardship and individual hardship indicators and as the
dependent variables. Models were estimated with the ori-
ginal sample and then with a matched sample created via
propensity score matching. An instrumental variable esti-
mation was also conducted as an additional robustness
check.

The independent variable of interest in all models was
household report of saving for an emergency. Models with
the total hardship outcome used generalized least-squares
(GLS) regression in the panel data to estimate random
effects and ordinary least-squares (OLS) regression with
the fixed effects transformation to estimate fixed effects.”
To account for the binary nature of the individual hardship
variables, logit regression models were used for each of the
hardship types (delayed prescription, skipped housing or
utility payment, disconnected utility, disconnected phone,
and food insecurity). The complete model for all estima-
tions included basic demographic controls and a vector of
additional saving controls. Dummy indicators for the
imputed missing variables were included in the regression
models (coefficients not shown).

Random Effects

The random effects equation (Eq. 1) estimates generalized
least-squares (GLS) for total hardship and logit regression
models of individual hardships Y;, for household i in time #:

Yi = o+ BDi1 + BpSi—1 + B3Ei—1 + it (1)

Y, indicates the hardship measure: the total number of
economic hardships (zero to five) or individual hardship
indicator the household i reported in t. D;; represents indi-
vidual: age, gender, race, and education attainment; and
household level characteristics: employment status, home
ownership, income, debt, banked status, and having a credit
card. S;represents the saving behavior variables: saving for
a home, saving for retirement, saving for a vehicle, saving
for education, and another unspecified saving goal.
Ejidentifies if household i is saving for an emergency in ¢.
The independent variables, D;;, Si;andE;; are measured in #-
1, the wave prior to the measure of hardships. &;is the error

4 Random and fixed-effect models were also estimated with a Poisson
regression that accounts for the count nature of the total hardship
dependent variable. Results for the Piosion regression closely
resemble the presented coefficients. Tables are not shown but
available upon request.
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term. The random effects estimates are reported in Models
1, 2, and 3 in Tables 2, 3, 4, and 5.

Fixed Effects

The fixed effects models were estimated as a strategy to
account for unobserved time-invariant characteristics. The
fixed effects models analyzed the impact of emergency
saving on hardship outcomes among households that
change emergency saving status over time. Because these
models calculated estimates based on the changes in
independent variables and hardship between waves, the
emergency saving variable, control variables and the
hardship outcomes were analyzed without a lag period.
The fixed effects equation (Eq. 2) estimates ordinary
least-squares (OLS) with the fixed-effect transformation
and fixed-effects logit (also referred to as conditional logit)
regression models of individual hardships Y;; for household
i in time £:
Yii = o + B Dis + BrSi + ﬁ3Eit + i (2)

Y;; indicates the hardship measure: the total number of
economic hardships (zero to five) or individual hardship
indicator the household i reported in ft. D;, represents
individual: age and education attainment, and household
level characteristics: employment status, home ownership,
income, debt, banked status, and having a credit card that
change over time. The time invariant characteristics, gen-
der and race, are omitted in the fixed effects estimation. S;,
represents the saving behavior variables: saving for a
home, saving for retirement, saving for a vehicle, saving
for education, and another unspecified saving goal. Ej
identifies if household i is saving for an emergency in .
Unlike Eq. 1, the independent variables, D;, Sj;, and E;, are
not lagged, estimates are generated from the within-
household change in independent and dependent variables
over time. &; is the error term. The fixed effects estimates
are reported in Model 4 of Tables 2, 3, 4, and 5.

Propensity Score Matching

Despite the many control variables included in the com-
plete model there are likely still important differences
between those saving for an emergency and those not
emergency saving that are also correlated with hardship.
Propensity score matching is one tool to reduce concerns
about the observed differences between emergency savers
and those not emergency saving. The propensity score
matching technique approximated an experiment by cre-
ating treatment (saving for an emergency) and control (not
saving for an emergency) groups that differed only in their
emergency saving status, but otherwise had a similar dis-
tribution of all remaining observed covariates.
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Propensity score matching with logit regression was
used to generate a propensity score for each observation
(Guo and Fraser 2010). Analysis was completed in Stata
with psmatch2 (Leuven and Sianesi 2012). Emergency
saving was estimated as a function of all the covariates in
Table 1 using kernel matching which did achieve covar-
iate balance (Guo and Fraser 2010; Morgan and Harding
2006). Kernel matching compares each treated observa-
tion with all untreated observations that are weighted
according to their distance from the treated cases (Guo
and Fraser 2010). Presented analysis used the Ep-
anechnikov kernel with a bandwidth of 0.06 restricted to
regions of common support trimmed at 5 %. Appendix
Table 7 displays mean statistics for matched and unmat-
ched samples. Matching was also conducted using the
Gaussian and Uniform kernels (not shown) with very
similar results.

As a robustness check of the main results, the regression
models in Egs. 1 and 2 were estimated with the matched
sample following the same procedures as the unmatched
sample. Results of analyses with the original sample,
referred to as the unmatched sample, are displayed in
Tables 2 and 3. Results of analyses with the matched
sample are displayed in Tables 4 and 5.

Instrumental Variable Estimation

An instrumental variable estimation was conducted as an
additional robustness check. Instrumental variable estima-
tion can be used to help address concerns about omitted
variable bias and dual causality. An instrumental variable
uses an exogenous source of variation to predict the value
of the independent variable of interest. To be valid, an
instrumental variable must be correlated with the inde-
pendent variable of interest and uncorrelated with other
determinants of the dependent variable, in addition, the
instrument can only affect the dependent variable through
the first stage channel (Angrist and Pischke 2008). A
plausible instrument in this study is the asset eligibility
level for public welfare benefits. Asset limits for public
benefits may discourage saving among low-income
households (O’Brien 2008; Powers 1998; Sullivan 2006).
Because states have some discretion for setting the asset
limits there is variation across the sites and over time for
the Making Connections survey locations. This study used
welfare program (TANF: Temporary Assistance for Needy
Families) asset eligibility limits by state and survey year as
the instrument for emergency saving. The policy data were
obtained from the Welfare Rules Databook, a product of
the Urban Institute and the Administration for Children and
Families, Office of Planning Research and Evaluation.
First stage results (not shown) suggested the asset limits
were a weak instrument for emergency saving. The
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Table 1 Descriptive statistics by emergency saving status

Full sample Not emergency saving Emergency saving

Outcomes
Total hardships 0.938 (1.274) 1.076 (1.334) 0.787*** (1.187)
Delay prescription 0.215 0.227 0.202
Skip housing/utility bill 0.281 0.325 0.233%**
Utility disconnect 0.073 0.090 0.054%**
Phone disconnect 0.165 0.188 0.139%%*
Food insecurity 0.189 0.229 0.144%%**

Predictors
Age 41.65 (15.05) 42.38 (15.55) 40.85* (14.44)
Sex 0.741 0.754 0.727
White non-Hispanic 0.275 0.247 0.306%*
Black non-Hispanic 0.265 0.260 0.271
Hispanic 0.305 0.353 0.251%**
Other race 0.155 0.140 0.171
Less than high school 0.298 0.380 0.208%**
High school/GED 0.376 0.350 0.404*
College 0.326 0.270 0.388%**
Spouse 0.458 0.409 0.512%**
Children present 0.641 0.658 0.623
Home owner 0.515 0.451 0.586%**
Employed 0.655 0.573 0.745%**

$19,917 ($10,463)
$11,241 ($13,230)

Total income®
Total debt”

Bank account 0.748
Credit card 0.514
Save for home 0.141
Save for education 0.160
Save for car 0.114
Save for retirement 0.334
Save other 0.147
Save for emergency 0.477
Observations 1760

$17,230 ($10,140)
$10,000 ($12.900)

$22,860%** ($10,015)
$12,599*** ($13,460)

0.639 0.867%**
0.425 0.611%**
0.060 0.231%%*
0.047 0.283***
0.046 0.188***
0.159 0.525%%**
0.060 0.243%**
0 1

920 840

Approximately 48 % of households reported saving for an emergency at Wave 1. Sample means of predictor variables reported at Wave 1;
sample means of outcome variables reported at Wave 2. Standard deviations are listed in parentheses for continuous variables

*p <0.05, # p <0.01, ** p < 0.001

* Income reported in 2003 US dollars, the time of Wave 1 data collection

" Debt reported in 2003 US dollars, the time of Wave 1 data collection

instrumental variable model was estimated with the lim-
ited-information maximum likelihood (LIML) estimator
because it is better suited for weak instruments although it
is less precise than other instrumental variable estimators
and typically has larger standard errors (Angrist and Pis-
chke 2008; Stock and Yogo 2005). The results were sug-
gestive but cannot be used to make causal estimates. The
instrumental variable results are presented in Appendix
Table 8.

Results
Descriptive Statistics

Consistent with prior research, emergency saving was by
far the most reported saving behavior (Carroll and Sam-
wick 1997). Almost half (48 %) of the sample reported
saving for an emergency while other saving motives were
reported less frequently (retirement, 33 %; education,
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Table 2 Models estimating
total hardship as a function of
prior emergency saving,
unmatched sample

Models 1, 2, and 3 are random-
effects models estimated using
generalized least-squares (GLS)
with independent variables
lagged one period (—1) before
the measure of the dependent
hardship variable; observations
n = 1760 households each
observed in two periods. Model
4, the fixed effects model, is
estimated using ordinary least-
squares (OLS) performed on
fully demeaned data, also
referred to as the “within”
estimator. Independent variables
are not lagged in Model 4;
observations n = 1760
households observed in three
periods. Note also that time
invariant measures (gender and
race) were differenced out of
Model 4 such that those effects
are not directly estimated under
this specification. Huber-White
corrected robust stand errors in
parentheses

* p < 0.05, ¥ p < 0.01,
w5 ) < 0.001

# Reference category is White
non-Hispanic

® Reference category is less
than high school education
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M @) 3 (C))
Hardship: Hardship: Hardship: Hardship: extended
unadjusted basic controls  extended controls  controls
(fixed effects)
Save for emergency —0.193%** —0.156%** —0.091%* —0.233%%*
(0.042) (0.044) (0.046) (0.045)
Age 0.004 0.007 0.0427%%*
(0.009) (0.009) (0.012)
Age? —0.000 —0.000 —0.000%**
(0.000) (0.000) (0.000)
Female 0.107* 0.099*
(0.049) (0.049)
Black non-Hispanic® 0.068 0.055
(0.061) (0.061)
Hispanic 0.181%* 0.177%*
(0.065) (0.065)
Other race —0.000 —0.010
(0.072) (0.072)
High school/GED® —0.012 0.003 —0.065
(0.058) (0.058) (0.070)
College —0.023 0.007 0.007
(0.063) (0.064) (0.086)
Spouse —0.100* —0.102* 0.082
(0.050) (0.050) (0.066)
Children present 0.3997%%% 0.417%%* 0.075
(0.060) (0.062) (0.088)
Home owner —0.122% —0.103 —0.148*
(0.053) (0.054) (0.069)
Employed 0.044 0.065 —0.035
(0.057) (0.057) (0.057)
Income (log) —0.075%* —0.064* —0.005
(0.024) (0.025) (0.020)
Debt (log) 0.023*%%* 0.024*%*%* 0.028%**
(0.006) (0.006) (0.006)
Bank account —0.001 0.014 —0.153*
(0.061) (0.061) (0.061)
Credit card —0.159%* —0.154%* —0.104*
(0.050) (0.050) (0.052)
Save for home —0.046 —0.107
(0.064) (0.060)
Save for education —0.132% —0.106
(0.059) (0.056)
Save for car 0.086 —0.029
(0.063) (0.060)
Save for retirement —0.156%** —0.038
(0.054) (0.050)
Save other —0.049 —0.022
(0.056) (0.047)
Constant 1.037%%* 1.497%%* 1.316%** 0.309
(0.034) (0.306) (0.312) (0.329)
Household-wave observations 3520 3520 3520 5280
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Table 3 Models estimating hardship types as a function of prior emergency saving, unmatched sample

Delay prescription

Skip housing/utility bill

Utility disconnect Phone disconnect Food insecurity

Model 1: unadjusted

Save for emergency —0.257* —0.479%%*
0.112) (0.116)
Model 2: basic controls
Save for emergency —0.211 —0.391%**
(0.115) (0.116)
Model 3: extended controls
Save for emergency —0.161 —0.260*
(0.127) (0.128)
Model 4: extended controls (fixed effects)
Save for emergency —0.355%%* —0.551%%%*
(0.134) (0.129)

—0.510%% —0.568%%* —0.657%%*
(0.157) (0.124) (0.127)
—0.508%% —0.456%%* —0.488%+
(0.163) (0.127) (0.129)
—0.222 —0.307* —0.284%*
(0.181) (0.140) (0.144)
—0.589%% —0.250 —0.604%%5
(0.210) (0.145) (0.149)

Models 1, 2, and 3 are logit regressions with independent variables lagged one period (#-1) before the measure of the dependent hardship variable.
In Models 1, 2, and 3 observations n = 1760 households each measured in two periods. Model 4 is a fixed-effect logit regression with households
observed in three periods. In Model 4 results are estimated from the percent of the sample that experienced change on each hardship variable over
the three waves: Delay prescription 36.8 %; Skip housing/utility bill 40.6 %; Utility disconnect 15.5 %; Phone disconnect 29.9 %; Food
insecurity 32.6 %. Basic controls: age, agez, sex, race, education attainment, spouse, children present, employment, income (log), debt (log),
having a bank account, and having a credit card. Extended controls: saving for a home, saving for education, saving for an auto, saving for
retirement, and saving for other reason. Time invariant controls are omitted from Model 4. Observed information matrix (OIM) corrected robust

standard errors in parentheses
*p <0.05, # p <0.01, ** p < 0.001

16 %; home, 14 %; other unspecified, 15 %; and vehicle,
11 %). Sample means for the total number of hardships
indicated that, on average, non-savers reported experienc-
ing more overall hardship (1.1 hardships) than emergency
savers (0.8 hardships) (Table 1). Non-emergency savers
also reported significantly higher rates of skipping housing
or utility bills, utility disconnection, phone disconnection,
and food insecurity. Unsurprisingly, there was also evi-
dence of relationships between the individual hardship
indicators. Pairwise correlations between hardship types
indicate positive relationships between each of the hardship
types (Appendix Table 6).

Descriptive statistics of the independent variables indi-
cated there were differences in demographic and financial
characteristics between those who saved for an emergency
and those who did not. Emergency savers were slightly
younger than those not emergency saving, and a greater
proportion of emergency saving households had a spouse
present. There was not a significant difference between
emergency savers and non-savers regarding the presence of
children in the home. The emergency saving group had a
higher proportion of non-Hispanic White respondents and a
lower proportion of Hispanic respondents compared to the
group of non-savers. There were not marked differences in
the proportion of non-Hispanic Blacks or other races by
emergency saving status. On average, emergency savers
had higher education attainment and higher rates of

employment. Savers also had higher levels of income and
debt, as well as higher rates of home ownership. A greater
proportion of savers had bank accounts and credit cards.
The emergency saver group had much higher rates of
saving for all other saving purposes: home, education,
vehicle, retirement, and an unspecified saving purpose (see
Appendix Table 6 for pairwise correlations of the savings
variables). In fact, among those not saving for an emer-
gency only 27 % reported saving for any purpose. It was
important to adjust for these observed differences when
estimating associations.

Regression Results

The random effects results for the unmatched sample are
presented in Table 2. Model 1 is a bivariate regression with
emergency saving status as the only independent variable,
Model 2 adds the basic controls, and Model 3 includes the
extended controls vector of savings variables. Coefficients
are reported as the average marginal effects with Huber-
White corrected robust standard errors. In Models 1, 2, and
3, the independent variables predicted hardship at the
subsequent wave. In Model 1, saving for an emergency was
associated with a reduction in hardship (—0.19, p < 0.001).
Model 2 added basic control variables of individual and
household characteristics. In this model, saving for an
emergency, on average, was associated with a reduction in
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Table 4 Models estimating total hardship as a function of prior
emergency saving, matched sample

(1 2 (3 (4)
Hardship:  Hardship:  Hardship: Hardship:
unadjusted  basic extended extended
controls controls controls
(fixed
effects)
Save for an —0.188%#*  — —0.090 —0.232%*%
emergency 0.148%**
(0.042) (0.044) (0.047) (0.045)
Age 0.001 0.005 0.044#%*
(0.010) (0.010) (0.013)
Age? —0.000 —0.000 —0.001***
(0.000) (0.000) (0.000)
Female 0.104* 0.100*
(0.050) (0.050)
Black non- 0.080 0.064
Hispanic* 0.062)  (0.062)
Hispanic 0.187%* 0.180%*
(0.066) (0.066)
Other race —0.006 —0.019
(0.074) (0.074)
High school/ —0.009 0.005 —0.059
GED" 0059) (0059  (0.071)
College —0.006 0.022 0.006
(0.064) (0.064) (0.087)
Spouse —0.103* —0.106* 0.074
(0.051) (0.051) (0.067)
Children 0.413%*%*  (.425%%* 0.087
present (0.061) (0.063) (0.088)
Home owner —0.125* —0.105 —0.147*
(0.053) (0.055) (0.070)
Employed 0.048 0.071 —0.025
(0.057) (0.057) (0.058)
Income (log) —0.073**  —0.063* —0.006
(0.025) (0.025) (0.020)
Debt (log) 0.022%**  (.023%%%* 0.029%3#*
(0.006) (0.007) (0.006)
Bank account 0.009 0.021 —0.163**
(0.061) (0.061) (0.062)
Credit card —0.152%%  —0.144%* —0.113*
(0.050) (0.050) (0.053)
Save for —0.042 —0.102
home (0.067) (0.062)
Save for —0.119 —0.117*
education (0.061) (0.057)
Save for car 0.068 —0.015
(0.067) (0.062)
Save for —0.162%* —0.044
retirement (0.055) (0.050)
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Table 4 continued

(1) 2 3 (4)
Hardship:  Hardship: ~ Hardship: Hardship:
unadjusted  basic extended extended
controls controls controls
(fixed
effects)
Save other —0.056 —0.025
(0.058) (0.048)
Constant 1.037%%* 1.522%%% 1.340%%%* 0.270
(0.034) (0.311) (0.318) (0.330)
Household- 3438 3438 3438 5157
wave
observations

Models 1, 2, and 3 are random-effects models estimated using gen-
eralized least-squares (GLS) with independent variables lagged one
period (#-1) before the measure of the dependent hardship variable;
observations n = 1719 households each observed in two periods.
Model 4, the fixed effects model, is estimated using ordinary least-
squares (OLS) performed on fully demeaned data, also referred to as
the “within” estimator. Independent variables are not lagged in
Model 4; observations n = 1719 households observed in three peri-
ods. Note also that time invariant measures (gender and race) were
differenced out of Model 4 such that those effects are not directly
estimated under this specification. Huber-White corrected robust
stand errors in parentheses

*p <0.05, #* p <0.01, *** p < 0.001
# Reference category is White non-Hispanic

P Reference category is less than high school education

hardship similar to Model 1 (—0.16, p < 0.001). Model 3
included the vector of saving variables. With saving con-
trols in the model, the association between emergency
saving and reduced hardship diminished from Model 2 but
persisted (—0.09, p < 0.05) and remained significant. This
can be interpreted as a roughly 10 % decrease in total
hardship given an average of one hardship among the non-
emergency savers. Model 3, the full model, had an overall
R-squared of 0.135 indicating the model explained about
14 % of the variance in number of hardships.’

The final model in Table 2, Model 4, is a fixed effects
analysis for households that change emergency saving
status. The model included basic and extended controls
except that time invariant covariates (respondent’s gender
and race) were excluded. Fixed effect estimates also sug-
gested that households had a reduction in total hardship
(—0.23, p < 0.001) when observed as emergency savers
than as non-savers. The effect in Model 4 was larger in
magnitude than the OLS results.

Table 3 contains estimates of emergency saving and the
likelihood of reported individual hardships with logit
models in the unmatched sample. Like Table 2, Model 1 is

> The mean variance inflation factor (VIF) for the complete model
was 3.83 suggesting multicollinearity among the independent vari-
ables did not pose a significant problem.
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Table 5 Models estimating hardship types as a function of prior emergency saving, matched sample

Delay prescription

Skip housing/utility bill

Utility disconnect Phone disconnect Food insecurity

Model 1: unadjusted

Save for emergency —0.265% —0.464%%%*
(0.114) (0.120)
Model 2: basic controls
Save for emergency —0.221 —0.365%*
(0.117) (0.120)
Model 3: extended controls
Save for emergency —0.162 —0.263*
0.127) (0.131)
Model 4: extended controls (fixed effects)
Save for emergency —0.383** —0.562%%%*
(0.135) (0.130)

—0.500%* —0.538%** —0.664%**
0.161) (0.124) (0.129)
—0.485%* —0.414%* —0.489%**
(0.167) (0.127) (0.131)
—0.201 —0.315% —0.282%
(0.183) (0.139) (0.144)
—0.627%* —0.211 —0.594 %%
(0.213) (0.148) (0.150)

Models 1, 2, and 3 are logit regressions with independent variables lagged one period (#-1) before the measure of the dependent hardship variable.
In Models 1, 2, and 3 observations n = 1719 households in the matched sample each measured in two periods. Model 4 is a fixed-effect logit
regression with matched households observed in three periods. In Model 4 results are estimated from the percent of the matched sample that
experienced change on each hardship variable over the three waves: Delay prescription 36.4 %; Skip housing/utility bill 40.1 %; Utility
disconnect 15.6 %; Phone disconnect 29.7 %; Food insecurity 32.5 %. Basic controls: age, agez, sex, race, education attainment, spouse, children
present, employment, income (log), debt (log), having a bank account, and having a credit card. Extended controls: saving for a home, saving for
education, saving for an auto, saving for retirement, and saving for other reason. Time invariant controls are omitted from Model 4. Observed
information matrix (OIM) corrected robust standard errors in parentheses

*p < 0.05, % p < 0.01, ** p < 0.001

unadjusted, Model 2 adds basic controls, Model 3 adds the
extended saving controls, and Model 4 is household fixed
effects. Coefficients for the logit models are reported with
observed information matrix (OIM) corrected robust stan-
dard errors. Only coefficients for emergency saving are
displayed (full tables available upon request). In Model 3,
the complete model, results showed an association between
emergency saving and a reduced likelihood of several
hardship indicators: a skipped housing or utility payment
(—0.26, p < 0.05), phone disconnection (—0.31, p < 0.05),
and food insecurity (—0.28, p < 0.05). There were not
significant associations between emergency saving and
delaying filling a prescription or a utility disconnection, but
the coefficients were all in the expected direction
(negative).

Fixed effects models estimated the impact of emergency
saving only among households that reported a change in
emergency saving status from one survey wave to the next.
Results in the fixed effect models were larger in magnitude
and significant for four of five measured hardship indica-
tors. Results suggest that households had a reduced likeli-
hood of delaying getting a prescription filled (—0.36,
p <0.01); a skipped housing or utility bill (—0.55,
p < 0.001); a utility disconnection (—0.59, p < 0.01); and
food insecurity (—0.60, p < 0.001) when observed as
emergency savers than as non-savers.

Because missing data was imputed for some control
variables the analysis was also conducted using a complete

case sample as a robustness check. Observations missing
on any covariates in any wave were dropped (listwise
deletion) for a final sample of n = 586 (33 % of the ana-
lysis sample), each observed in three periods. The coeffi-
cients for emergency saving predicting hardship in the
complete case sample were similar in direction and mag-
nitude to models using imputed data. Results are not shown
but are available upon request.

The propensity score matching was employed to esti-
mate emergency saving status by creating a matched
sample that balanced emergency savers and non-savers on
observed characteristics (Appendix Table 7). The same
estimation strategy used with the original (unmatched)
sample was repeated using the matched sample. Table 4
contains results of the random effects models for the
matched sample. Overall, results from the matched sample
were quite similar to results from the unmatched sample.
However, in Model 3, the complete model, the association
between emergency saving and reduced hardship, with
p < 0.06, was no longer statistically significant at con-
ventional levels. In Model 4, the fixed effect estimates were
still a —0.23 (p < 0.001) decrease in hardship compared to
non-emergency savers.

Table 5 contains estimates of emergency savings, and
the likelihood of reporting individual hardships with logit
models in the matched sample. Again, results from the
matched sample were similar to results from the unmatched
sample. In the complete model, Model 3, estimates
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suggested an association between emergency saving and a
reduced likelihood of reporting several hardships: a skip-
ped housing or utility payment (—0.26, p < 0.05), phone
disconnection (—0.32, p < 0.05), and food insecurity
(—0.28, p < 0.05). In the matched sample, the fixed effect
estimates were larger in magnitude than the other models.
There were significant associations with reduced likelihood
of all five hardships indicators. The matched sample results
provided some additional support for an existing, if small,
association between saving for an emergency and reduced
future hardship.

Results of the instrumental variable analysis are pre-
sented in Appendix Table 8. As noted previously, asset
limits for public benefits was an imperfect instrument for
emergency saving. However, the results were in the
expected direction for all versions of the model, with
emergency savings negatively correlated with total number
of hardships. The results provide additional suggestive
evidence but a more robust instrumental variable is needed
to address concerns about dual causality and estimate any
causal effects of emergency saving on hardship.

Discussion

Households saving for an emergency appear to be, on average,
less likely to experience hardship over time than those not
emergency saving among a sample drawn from disadvan-
taged neighborhoods. Small significant associations were
found using a measure of total hardship and binary measures
of several hardships, specifically skipping a housing or utility
bill, having phone service disconnected, or reporting food
insecurity. Fixed effects models indicated that a change in
emergency saving status was associated with less reported
hardship across four of five measured hardship indicators.

Saving for an emergency appeared to have an effect on
hardship distinct from other types of saving. Emergency
savers may be better prepared to cope with economic shocks
over time, as they are able to quickly tap the reserved funds to
meet expenses. The economic hardships measured here can
have real impacts on family wellbeing. For example, the
inability to obtain adequate food impacts health. Skipping
housing and utility bill payments can function as a form of
short-term credit, paying a fee for extra time. But this practice
places a household at risk for eviction and utility service
disruption and can also have negative impacts on credit his-
tory. Getting households to adopt and maintain an emergency
savings habit may contribute to economic stability.

Results from this study should be interpreted in the
context of several important limitations. Households
electing to save for emergencies are likely different from
non-savers in ways not measured in this study that could be
impacting results. None the analyses in this study were able
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to fully overcome concerns about endogeneity and omitted
variable bias. Propensity score matching provides a useful
robustness check, but was not able to overcome concerns
about unobserved characteristics. Fixed effects models can
account for unobserved time-invariant characteristics, over
time but cannot capture unobserved characteristics that
change over time within respondent households. The
instrumental variable estimation is somewhat suggestive
but a stronger instrument is needed to predict emergency
saving in order to estimate any causal effect of emergency
savings on hardship. A more robust instrumental variable
analysis could also address concerns about dual causality
between emergency savings and household hardship.

Second, the Making Connections survey is a unique
sample selected from areas of concentrated urban poverty
for participation in a neighborhood strengthening initiative
that invested additional resources in maintaining house-
holds with children in the sample. As a result of these
characteristics, findings cannot be generalized to the
national population of low-income households.

The inability to generalize from the Making Connections
limits the ability to draw meaningful implications for the
broader population of low-income households. However,
this study, specific to emergency saving, highlights several
avenues for future inquiry. Future work should test saving
for an emergency in nationally representative samples and
use empirical methods with the capacity to estimate the
causal effects of emergency saving on hardship. Because
money is fungible and savings for different purposes may be
held together, there is a need for greater understanding of
whether mental accounting or labeling of emergency savings
is distinct from saving for other purposes. It will also be
important to explore how behavioral characteristics such as
financial management influence emergency savings and
hardship (Gundersen and Garasky 2012). Finally, future
research is needed to examine any impacts of emergency
saving on family wellbeing beyond hardship outcomes.
Essentially, does emergency saving have the capacity to
influence wellbeing outcomes like financial stress, health,
mental health, parenting, or child development?

Conclusion

Households may prepare for a financial emergency by set-
ting aside funds, but saving is difficult for families with
limited income and many are not able to save for an
emergency. This paper explored whether saving for an
emergency contributed to household hardship outcomes
over time in the Annie E. Casey Foundation’s Making
Connections dataset. Results suggest there was a modest
association between saving for an emergency and experi-
encing fewer hardships in future years. The results of this
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study are consistent with prior research on financial assets
and the experience of hardship although it used an alter-
native measure of emergency savings, self-reported saving
behavior, instead of an accounting of financial assets. The
sample selection and measurement of emergency saving in
the Making Connections data prevent a direct comparison to
research with large national samples. However, the com-
mon finding is suggestive evidence that reported saving for
an emergency affords protection against hardship similar to
what has been found with more mechanical measures of
financial assets. The study contributes to the existing liter-
ature using several estimation strategies that attempt to
isolate the affect of emergency savings on hardship looking
at change over time in sample of low-income households.

Results of this study have implications for savings pro-
grams. The majority of existing programs in the US that
promote saving among low-income households emphasize
saving for home ownership, post-secondary education and
small business development. Such programs often offer
matched dollars for saving deposits. Program participants
who withdraw funds for other purposes typically forfeit
matched dollars or other program benefits. Results of this
study suggest that emergency saving can also positively
impact household functioning. While longer-term asset
development is a laudable goal, low-income families also
need funds to cope with income and expense shocks. Savings
programs for longer-term asset development could benefit
from mechanisms that allow participants to draw on their
savings for an emergency but still remain in the program or
remain eligible for a portion of the matched dollars. Pro-
grams or policy innovations that encourage low-income
households to develop an emergency saving behavior or
encourage families to save specifically for financial emer-
gencies and allow them to draw on those savings when
needed may have particular merit.
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Appendix

See Tables 6, 7 and 8.

Table 6 Correlation matrix of hardship outcomes and saving variables

Save for  Save for Save Save for
auto

Utility Phone Food Save for  Save for
home

Skip housing/

utility bill

Delay

Total

emergency

other

education retirement

disconnect  insecurity

disconnect

prescription

hardship

1.000

Total hardship

1.000

0.598%*%*%*

Delay prescription

0.296%%*%* 1.000

0.790%%*%*

Skip housing/utility bill

0.4297%%%* 1.000
0.350%%%*

0.128%%%*

0.5617%%%*

Utility disconnect

1.000

0.2017%%* 0.425%%%*

0.669%%%*

Phone disconnect

0.3027%** 1.000

—0.016

0.403%** 0.207%%*
—0.025 —0.027

0.2717%%*

0.673%**

Food insecurity

1.000

~0.030%
—0.065%#*
—0.038%*

—0.164%%
—0.082%
—0.183 %

—0.014

—0.033*
—0.084 %3
—0.030*
—0.175%**
—0.097%**
—0.217%%**

Save for home

1.000

0.275%%*

—0.056%**
0.003

—0.053***
—0.027*

—0.054%%5%

—0.017

—0.059%:%#
—0.026

Save for education

0.193***  1.000

0.195%**
0.162%%%*

Save for auto

0.121***  1.000

0.283%**

—0.0607*
—0.117%%*

—0.083 %%
—0.043%%
—0.106%**

—0.141 %5
—0.091 %+
—0.180%*

—0.038%*
—0.124%%

Save for retirement

0.100%**  0.130%**  0.212**%%  1.000

0.127%%%*

Save other

0.287***  0.207*%%  0.410%%*  0.226%*%*  1.000

0.2317%%%*

Save for emergency

Pairwise correlation coefficients of hardship outcomes and saving variables with all three waves of data

* p < 0.05, ¥ p < 0.01, #** p < 0.001
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Table 7 Mean statistics for matched and unmatched samples

Table 7 continued

Not emergency  Emergency t- p value Not emergency ~ Emergency t- p value
saving saving Statistic saving saving Statistic
Age Save for auto
Unmatched 42914 42.001 —-1.79 0.074 Unmatched 0.041 0.168 12.75 0.000
Matched 41.847 42314 0.88 0.376 Matched 0.141 0.138 -0.22  0.823
Female Save for
Unmatched 0.766 0.730 —-242  0.015 retirement
Matched 0.729 0.734 0.31 0.754 Unmatched  0.154 0.536 2623 0.000
White non-Hispanic® Matched 0.505 0.513 0.43 0.664
Unmatched 0.254 0.309 3.62 0.000 Save other
Matched 0.323 0319 —039  0.767 Unmatched 0.054 0.214 14.47 0.000
Black non-Hispanic Matched 0.177 0.187 0.78 0.438
Unmatched  0.262 0.278 1.10 0.271 Means for the matched (n = 3438) and unmatched (n = 3520)
Matched 0.283 0.277 —0.40 0.686 samples by emergency saving status combining data over all three
Hispanic waves. Matching with the Epanechnikov kernel, common support
trimmed at 5 %
Unmatched 0.351 0.263 —-5.68  0.000
*p <0.05, ** p < 0.01, #* p < 0.001
Matched 0.251 0.265 0.87 0.385 . . . .
* Reference race/ethnicity in regression analysis
Other race b . . . . .
Reference education attainment in regression analysis
Unmatched 0.133 0.150 1.45 0.149
Matched 0.142 0.140 -0.17  0.863
- b
Below high school Table 8 Instrumental variable estimation, unmatched sample
Unmatched 0.364 0.207 —10.42  0.000
1y @) 3)
Matched 0.211 0.212 0.05 0.959 (
) atehe Hardship: Hardship: Hardship:
High school/GED unadjusted  basic controls  extended
Unmatched 0.347 0.379 1.96 0.050 controls
Matched 0.379 0.379 0.01 0.994
Coll Save for an —0.381 —0.491 —0.459
oreee emergency (1.238) (1.115) (1.091)
Unmatched 0.289 0.414 7.86 0.000
Age 0.002 0.006
Matched 0.410 0.409 —0.05  0.960
0.017) (0.016)
Spouse 2
Age —0.000 —0.000
Unmatched 0.392 0.511 7.19 0.000
(0.000) (0.000)
Matched 0.498 0.506 0.43 0.667
Female 0.107* 0.110
Own home
(0.050) (0.058)
Unmatched 0.444 0.604 9.62 0.000
Matched 0,612 0.609 017 0866 Black non- 0.044 0.024
i{ . . —0. . : s a
atche Hispanic (0.076) (0.073)
Employed . .
Hispanic 0.165 0.160
Unmatched 0.577 0.738 10.11 0.000
(0.107) (0.088)
Matched 0.747 0.734 —-0.84  0.399
Other race 0.036 0.021
Income (log)
(0.085) (0.081)
Unmatched 9.601 10.046 13.10 0.000 .
High school/ 0.051 0.063
Matched 10.057 10.036 —-1.69 0438 GED®
(0.104) (0.073)
Debt (log)
College 0.047 0.069
Unmatched 7.875 8.445 4.32 0.000
0.112) (0.066)
Matched 8.670 8.486 —-1.69  0.091
Spouse —-0.076 —0.078
Save for home
(0.074) (0.075)
Unmatched 0.053 0.220 15.03 0.000 .
Children present 0.364%** 0.376%**
Matched 0.190 0.190 0.01 0.995
. (0.097) (0.104)
Save for education
Home owner —0.122 —0.091
Unmatched 0.063 0.279 18.01 0.000
(0.099) (0.077)
Matched 0.248 0.246 —-0.17  0.862
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Table 8 continued

(D 2 3
Hardship: Hardship: Hardship:
unadjusted  basic controls  extended
controls
Employed 0.058 0.075
(0.096) (0.063)
Income (log) —0.083 —0.074*
(0.071) (0.038)
Debt (log) 0.030%** 0.031%*
(0.011) (0.011)
Bank account 0.024 0.033
(0.208) (0.146)
Credit card —0.208* —0.205%*
(0.084) (0.063)
Save for home 0.050
(0.214)
Save for —0.113
education 0.213)
Save for car 0.168
(0.215)
Save for —0.140
retirement (0.299)
Save other —0.024
(0.179)
Constant 1.015 1.593 %% 1.378%**
(0.544) (0.324) (0.407)
Household-wave 3520 3520 3520

observations

Emergency saving status was instrumented with asset eligibility limits
for public welfare benefits (TANF: Temporary Assistance for Needy
Families) by state and year of data collection. Models 1, 2, and 3 are
random-effects models estimated using limited-information maxi-
mum likelihood (LIML) estimation with state and year indicators.
Independent variables lagged one period (7-1) before the measure of
the dependent hardship variable; observations n = 1760 households
each observed in two periods. Clustered robust standard errors in
parentheses

*p <0.05, ** p <0.01, *** p < 0.001
? Reference category is White non-Hispanic
® Reference category is less than high school education
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