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ABSTRACT

Indebted and Overweight: .
The Link Between Weight and Household Debt

There is a substantial correlation between household debt and bodyweight. Theory suggests
that a causal relationship between debt and bodyweight could run in either direction or both
could be caused by unobserved common factors. We use OLS and Propensity Score
Matching to ascertain if household debt (measured by credit card indebtedness and having
trouble paying bills) is a potential cause of obesity. We find a strong positive correlation
between debt and weight for women but this seems driven largely by unobservables. In
contrast, men with trouble paying their bills are thinner and this is robust to various
specification checks.
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Can you afford to be fat? There’s a link between weight gain and financial drain. So get
ready for some belt tightening because in order to trim your waist you need to trim your
debt. ~Dr. Oz

If you had credit card debt...the next thing | found about them was they were overweight,
it was like this burden, created this excess that wanted to make them eat and eat and eat.
So whe? you’re not doing well with your money it shows up in your health. ~ Suze
Orman

There is a substantial correlation between household debt and health. Individuals with
less healthy lifestyles are more likely to hold debt (Grafova, 2007). However, unlike what
discussions in the popular media may imply, a causal link between debt and health has not been
firmly established. Economic theory suggests that a causal relationship between debt and health
outcomes could run in either direction or both debt and health could be caused by unobserved
common factors such as risk aversion, self-control (impulsiveness) and time preferences
(Grafova, 2007).

In this paper, we use data from the National Survey of Adolescent Health (Add Health) to
test whether financial hardship affects body weight. We divide our sample into two groups: men
and women, explore two different types of indebtedness: holding credit card debt and having
trouble paying bills, and three health outcomes: overweight, obese and Body Mass Index (BMI).
We use both Ordinary Least Squares (OLS) and Propensity Score Matching (PSM) to investigate
the relationship that exists between financial hardship and bodyweight. Using OLS, we find that
credit card debt is positively correlated with being overweight or obese for both men and women
even when controlling for many covariates (age, marital status, education, race, financial
characteristics and measures of risk/impulsivity). For women, having credit card debt is also
positively and significantly correlated with BMI. Interestingly, having trouble paying bills is
negatively correlated with the probability of being overweight or obese for men but positively
and significantly correlated with all three outcomes for women. Using PSM which, by matching
on observables, makes explicit the comparison group, we find very similar results for both men
and women. Therefore, PSM bolsters our confidence in the OLS results. We also conduct
several sensitivity analyses which suggest that unobservables may potentially play a large role in

this relationship.

! http://www.doctoroz.com/videos/suze-orman-lose-weight-get-rich-pt-1
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Previous Research on Debt and Obesity

Theoretically, there are competing explanations that may explain the relationship
between debt and obesity. A direct causal relationship running from debt to obesity is possible if
those in debt must cut back on food expenditures and thus rely on more calorie dense foods
hence gaining weight. Along similar lines, indebtedness can cause substantial stress and this may
manifest itself in excess caloric intake. Finally, those in debt may also suffer from food
insecurity and behavioral biology indicates that those who are food insecure may develop eating
habits that lead to being overweight (Smith, Stoddard and Barnes, 2009). Consistent with these
three explanations, we would expect a positive relationship between being indebted and being
obese. On the other hand, the “new consumerism” as postulated by Schor (1998) may lead even
wealthier individuals to consume beyond their financial means. Under this explanation,
individuals who accrue debt may not necessarily gain weight (since appearances may matter
more to this group and they can afford to join a gym) indicating that a negative relationship
between debt and obesity may exist. Finally, a third factor such as impulsivity might cause an
individual to become indebted and also overweight because eating and spending are impulsive
behaviors.

Many studies have examined socio-economic status (indicated by education, occupation,
wealth and income) and its relationship to health and health behaviors but determining a
direction of causality can be elusive.? In addition, there are several papers that specifically
examine the link between health and debt (Drentea and Lavrakas, 2000; Lyons and Yilmazer,
2005; Grafova, 2007; Smith, Stoddard and Barnes, 2007; Keese and Schmitz, 2010; Lau and
Leung, 2011). These papers investigate the relationship between debt and health using a variety
of econometric techniques.

Drentea and Lavrakas (2000) test whether credit card debt and stress regarding debt are
associated with health using a 1997 representative survey of adults in Ohio. They investigate
several questions; 1) how is credit card debt and stress related to debt correlated with health, 2) is
the effect stronger than income on health measures, 3) if an effect exists, is it stronger for blacks
than whites? The health outcomes they use include own health, body mass index (BMI),
smoking, and drinking. The debt indicators they use include debt/income ratio, carrying an

unpaid balance, amount of credit line used, charging on more than two cards, and a constructed

2 See Deaton (2002) for a discussion of the issues.



debt stress index. Using OLS hierarchical regression analysis, Drentea and Lavrakas find that
having a higher debt/income ratio is associated with worse health either measured or self-
reported. They find little evidence that credit card debt is more important than income in
explaining health outcomes and behaviors. Finally, there is no evidence to support that credit
card debt or stress due to debt can explain the correlation between race and health outcomes.

Lyons and Yilmazer (2005) use data from the Survey of Consumer Finances (SCF) to
examine the relationship between financial strain (measured at the household level) and the self-
reported health of the head of household. The issue of endogeneity is addressed by using
Instrumental Variables (IV) and a representative sample of the US population. They define
financial strain as one of the following: 1) delinquent on any loan payment for two months or
more, 2) high leverage, 3) little cash on hand. The measure of health used is self-reported health.
Lyons and Yilmazer use two-stage probit models to account that financial strain can be both the
cause and the consequence of poor health. They do not find evidence that any of the three
financial strain measures considered leads to poor health; therefore in their sample it is unlikely
that the causality runs from financial strain to worse health.

Grafova (2007) specifically examines how households’ non-collateralized debts are
correlated with health behaviors (obese, overweight, smoker). She finds that there is not a causal
relationship between debt (credit card and student loans) once controlling for covariates and
medical expenditures using fixed effects. The data are from the Panel Study of Income
Dynamics (PSID) and she examines married working age couples to get at the household nature
of debt. She does find a higher correlation; men who are overweight or obese and women who
smoke or are obese are more likely to live in households with non-collateralized debt. However,
her results are smaller in magnitude and no longer statistically significant when she controls for
fixed effects. It is unclear if this lack of significance is due to having controlled for family level
unobservables through the use of fixed effects or if it is because the fixed effects estimates are
less precisely estimated (the standard errors are two to three times larger for the fixed effects
estimates). Grafova hypothesizes that unobserved factors affect both health and debt and
therefore explain the observed correlation.

Smith, Stoddard and Barnes (2009) examine the relationship between economic
insecurity measured by changes in the probability of becoming unemployed, drops in real

household annual income, and variations in an individual’s volatility of income and weight gain



using the 1979 National Longitudinal Survey of Youth (NLSY79). Their study focuses on men
and finds that an increase in any of their economic insecurity measures is positively correlated
with weight gain. Using an 1V approach with state-level variables such as the state-level
minimum wage and median income level, Smith, Stoddard and Barnes (2009) conclude that their
earlier OLS results are confirmed by the 1V approach and support that economic insecurity may
lead to weight gain. In addition, they examine whether a larger social safety net can offset the
negative consequences of economic insecurity on weight gain and find that it does.

Keese and Schmitz (2010) use German panel data to analyze the effect of debt on health
outcomes. They use three different estimation methods to get at the causal relationship: fixed
effects, subsample of the continually employed, and lagged debt variables. The measures of debt
that they examine focus on the ability to repay debts; therefore they use the ratio of consumer
credit repayments to household net income, ratio of home loan repayments to household income
and a binary variable which indicates a household is overindebted. Overindebted households
have net income after accounting for loan repayments less than the social assistance level. The
health measures examined are a self-reported health satisfaction, a mental health score and
obesity. The results from their estimations show that the indebted are more likely to have lower
health satisfaction, lower mental health and be overweight.

Recently, Lau and Leung (2011) use data from the U.S. Health and Retirement Survey to
examine the effect of mortgage debt on several indicators of health including self-assessed health
and obesity. Their OLS estimates suggest that there is a positive effect of mortgage debt on the
probability of being obese for individuals over 50 years of age. To identify the causal effect of
debt on obesity they employ two strategies. The first is an IV approach using the state level
FMHPI (Freddie Mac Housing Price Index) as their instrument of mortgage debt. The second
identification approach is a difference-in-differences approach where they use the decline in
housing price by state over the 2004-2008 timeframe. States with housing price declines of 20
percent or more are the “treated” states. In both cases, they find a positive and significant effect
of mortgage debt on obesity.

The previous empirical literature does not reach a consensus on whether obesity causes
debt accumulation, debt causes obesity or if both obesity and debt are caused by common
unobserved factors. We complement and extend this literature by using data from the AddHealth

and applying a matching estimator.



Econometric Methods

Our goal is to ascertain the causal impact of debt on obesity. However, since we have
observational data and lacking a credible natural experiment, we have to be particularly
cognizant of unobservables which may bias our estimates. The ideal empirical method would be
to randomly assign individuals to financial hardship (in our case holding credit card debt or
having trouble paying bills) and then measure their obesity status. In the absence of such an
experiment, we have to rely on other methods. In OLS, biased estimates of the effect of the
treatment (credit card debt and trouble paying bills) on being overweight or obese are obtained if
we fail to include all the characteristics that affect both financial hardship and obesity. In
addition, even if all the correct control variables are included, the linear specification of OLS
could be incorrect (Reynolds and DesJardins, 2009). Furthermore, if those in debt differ in
unobserved ways from those who are not in debt, between-group comparisons may reflect those
differences rather than the impact of financial hardship per se. In our case, we are particularly
worried about reverse causality. It is plausible that upon becoming obese or overweight one
could spend more money as a coping mechanism and thus end up in debt. One way to address
this reverse causality is to use IV models. This method relies upon having plausible instruments.
In our case a plausible instrument would be one that is correlated with financial hardship but not
with obesity. Lacking such an instrument in the data, we use PSM to investigate the strength of
our OLS results.®

PSM relies on the “conditional independence assumption”: all factors related to
receiving a treatment are observed and measured (Black and Smith, 2004). Such methods
address “selection on observables” but do not fully deal with the selection problem because
unobserved characteristics are likely to influence both financial hardship and body weight.

The PSM method creates an appropriate control group for the treatment group. In our
case, we compare two groups who are otherwise observably similar, but one group receives a
treatment (credit card debt or trouble paying bills) and the other group does not (no credit card
debt or trouble paying bills). Under certain assumptions, the difference in the outcomes of the

* An advantage of PSM is that the matching estimators are non-parametric. Another possible method would be fixed
effects. Fixed effects is not feasible in our case since the debt questions are not repeated every year of the four
waves of the AddHealth. Furthermore, as noted by Grafova (2007) fixed effects cannot uncover if there is reverse
causality.



two groups can be attributed solely to the treatment (i.e. to having credit card debt or to having
trouble paying bills). This is often termed a “selection-on-observables” approach.

Using data from the AddHealth, discussed in more detail in the next section, we
effectively create a counterfactual for individuals in the treatment group using individuals from
the control group who are most similar in terms of these covariates. Specifically, each
observation in the treatment group is matched with one or more observations in the control
group. Under certain assumptions, the average difference in outcomes can then be attributed to
the presence of credit debt or trouble paying bills (Rosenbaum & Rubin, 1983).

To illustrate our method, we define the following for credit card debt treatment:

Y1: outcome of a young adult with credit card debt (exposed to the treatment)
Yo: outcome of a young adult without credit card debt (not exposed to the treatment)
D: indicator of credit card debt (the treatment)

X: set of covariates

Matching requires the assumption that all relevant differences between the two groups
will be captured by the set of covariates (Dehejia, and Wahba, 2002). That is: (Y,,Y,) L D| X .

Young adults with credit card debt are matched with a control group of young adults who have
no credit card debt, with whom the distribution of the covariates is as close as possible to the
group with the treatment. PSM provides a natural method for weighting each of the covariates,
thus avoiding the problem of finding an exact match for the treatment group. While finding an
exact match would severely limit the number of possible covariates to be matched on, PSM
allows matching on a large number of covariates by collapsing the relevant information into a
single index, or “propensity score”. The propensity score (PS) is defined as the probability of
receiving the treatment conditional on the set of covariates. Thus, PS(X)=P(D =1| X). In
practice, we estimate the propensity score using a logit model including a large number of
covariates®. Using the obtained estimates, we predict the likelihood of having credit card debt
(conditional on the observables), regardless of whether individuals actually experienced credit
card debt. Then, we can, in the parlance of the treatment literature, calculate the Average
Treatment effect on the Treated (ATT), ATT = E((Y; - YT =1) =EM|T =1) —

E(Y,|T = 1). The ATT in our study is the effect of having credit card debt for those who have

* The list of covariates in discussed further in the results section and appendix table 3.



credit card debt, and it measures the effect of credit card debt on our outcomes. The ATT is
modified when using PSM by using the assumption E(Y,|T =1, P(X)) = E(Y,|T =0, P(X)).

There are various matching methods each of which has advantages and disadvantages.
Most importantly, within finite samples there is a tradeoff between bias and variance of the ATT
estimates when using different matching methods (Reynolds and DesJardins, 2009). Following
Anderson (2012) we use several different matching methods including nearest neighbor, k-
nearest neighbors, nearest neighbor within caliper, kernel, local linear regression, and radius. We
describe each below.

Nearest neighbor matches each observation in the sample that has credit card debt with an
observation in the sample that does not have credit card debt with a similar propensity score
(similar observable characteristics). We use nearest neighbor matching with replacement. K-
nearest neighbor is similar to nearest neighbor except k=3 instead of k=1.

Caliper and radius matching both make matches within a range or bandwidth (h). Both
do not make matches when the nearest match is outside of the interval determined by the
bandwidth and the observation will be dropped from the sample. In addition, in radius matching
all matches found within the interval are equally weighted. We selected several bandwidths to
check the robustness of our results. In our empirical work, we use several bandwidths (h=.001,
h=.0001, h=.00005) for the caliper matching and (h=.001) for the radius matching (Anderson,
2012; Reynolds and DesJardins, 2009).

Related to caliper and radius matching is kernel matching and local linear regression
(LLR). Once again these two methods match to many control observations (no credit card debt).
However, instead of equal weights on all matches within an interval the weights in kernel and
LLR are determined by how similar the match is. In our empirical work, we use h=.06 for kernel
matching and h=.18 for LLR matching. (Anderson, 2012; Reynolds and DesJardins, 2009)

Data
As noted above, we use data from the AddHealth, a school-based longitudinal study of a
nationally representative sample of adolescents in grades 7 to 12 in the United States which

started during the 1994-5 school year.® We use Wave | when the individuals were first

> More details on this dataset are available at http://www.cpc.unc.edu/projects/addhealth/design/designfacts.



interviewed and were aged 11 to 21 years and Wave Il1 which was fielded between July 2001
and April 2002 when respondents were 18 to 28 years old. These data are particularly well-
suited for our analysis as we have information on financial hardship and obesity as well as a rich
array of covariates.

In Wave I, 20,745 individuals completed the in-home interview. We drop 5,602 who
were not interviewed in both Waves | and I1l. In addition, we drop individuals who did not report
their race (250) and those who were missing information on trouble paying bills (10) or had
missing information on credit card debt (25). We lose an additional 340 individuals for whom we
lack information on height and weight, another 23 who did not report if they had a credit card,
and 3 whose marital status could not be determined. In addition, we drop those for whom
information on gambling (41), volunteering (30), lottery playing (5), high school drinking
behavior (25), having savings account (9), thinking smart compared to others (41), believing it is
likely that they will go to college (56), and usual hours of work in the summer (140) was
missing. When there was no information on an individual’s religiosity (24), high school smoker
status (8), the propensity to take risks (122), high school GPA (359) and if the respondent had
ever taken something from a store without paying for it (40) we dropped those individuals.

Deleting these individuals leaves us with a final sample of 13,599 men and women.

Outcome Variables

We use self-reported height and weight to calculate the individual’s BMI. BMI is not an
optimal measure of obesity because it is unable to distinguish between lean body mass and body
fat (Burkhauser and Cawley, 2008 and Johansson et al., 2009). However, it is the only measure
in our data and widely in social science research. We create an obesity indicator for those with a
BMI greater than or equal to 30 to denote obese and one greater than or equal to 25 to denote
overweight or obese and we also use the BMI itself as an outcome although we recognize that
changes in BMI that do not move an individual into the overweight category are not necessarily
health risks.
Treatment variable (Measures of financial hardship)

We examine two measures of financial hardship: whether the respondent reports having
any credit card debt or having had trouble paying bills in the past month. Because these types of

financial hardship can arise for various reasons and their impact on health is likely to be quite
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different, we chose to examine them separately. Specifically, respondents are asked” Do you [if
the respondent is married, add: ““or your {HUSBAND/WIFE}’’] have any credit card debt?”
which we use to create our credit card debt variable. Also, we create a binary variable equal to 1
if the respondent reported having trouble paying various bills including telephone, gas and
electric. Appendix table 1 details the construction of this variable.

Variables used to estimate the propensity score

To estimate the propensity score, we include a rich array of control variables that
potentially influence both the probability of financial hardship and body weight. From Wave I,
measured when the individuals were in high school, we include parental education and father’s
employment status, whether the family was on welfare, whether the respondent drank or smoke
in high school, whether the respondent was breastfed, whether they had ever stolen anything,
whether they thought they were smarter than others, usual hours of work in the summer,
mother’s obesity status, whether their mother was a binge drinker, the adolescent’s high school
GPA and whether the adolescent believed it was likely they were going to go to college. We also
include several contemporaneous variables; the respondent’s current age, race, marital status,
income, an index of their propensity to take risks®, a measure of religiosity,” whether they have
gambled for money including casino games, horse racing, bingo and sporting events, whether
they have played the lottery, if they volunteer or have a savings account®. In addition, in the
models where the treatment is having trouble paying bills, we include an indicator for whether

the individual has a credit card.

Empirical Results

Our results are presented in tables 1 through 7. In table 1, we present sample means for our
outcome variables by sex and our two measures of financial hardship status—credit card debt
and reported trouble paying bills. Both males and females who are in credit card debt have
higher BMIs and are more likely to be overweight or obese. Specifically, for women, 20.4
percent of women in credit card debt are obese while only 18.6 percent of those not in credit card

debt are obese and these unadjusted means are statistically different from each other.

® See Appendix table 2 for details on the creation of this variable.
" Respondents are asked how religious they are and can respond not at all, slightly, moderately or very.
® See Caliendo and Kopeinig, 2005 for an excellent discussion of the selection of variables for the propensity score.
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Turning to our second measure of financial hardship, having trouble paying bills, the
patterns observed above for women are remarkably similar. However, we see that men who do
not report trouble paying their bills are significantly more likely to be overweight yet the
difference in BMI across these two groups is not statistically significant.’

Tables 2a and 2b presents the sample means for all of our covariates by gender and our two
measures of financial hardship. Asterisks indicate when variables are statistically different for
those in credit card debt or having trouble paying bills versus those who are not by gender.

Tables 3a and 3b present the results from OLS models of regressing the three outcomes on
credit card debt or trouble paying bills and the covariates. Focusing first on credit card debt
(table 3a), for women, credit card debt is a positive and significant predictor of BMI and of the
probability of being overweight or obese. Married women, black and Hispanic women and those
who are more religious have higher BMIs and are more likely to be overweight or obese.
Maternal obesity and having been breastfed are significant predictors of current body weight in
the expected direction. Parental smoking and volunteering exert a positive and significant effect
on all three outcomes. Being a better student in high school (GPA) is negatively and
significantly correlated with all of the outcome variables. Having had a parent on welfare while
in high school positively affects BMI and the probability of being obese while having educated
parents, negatively affects all three outcomes. Women who thought they were smarter than
others in high school are more likely to be obese, while those with a greater propensity to take
risks have a significantly higher BMI. Women who stole in high school are significantly likely
to have a lower BMI and less likely to be overweight. WWomen whose fathers were management
or professionals were less likely to be overweight than women whose fathers had other
occupations. Once we have controlled for other covariates, having a higher income is generally
associated with a lower body weight for women, although the effect is not always statistically
significant. Finally, women who have savings accounts are 3.2 percentage points less likely to be
obese, 4.9 percentage points less likely to be overweight or obese and have lower BMIs, all of

which are statistically significant.

° Appendix table 3 presents the correlations of the two financial hardship measures for men and women. Of women
49% have trouble paying bills and are in credit card debt and of men 42% have trouble paying bills and are in credit
card debt. Additionally, of women 31% have trouble paying bills but are not in credit card debt and of men 28%
have trouble paying bills but are not in credit card debt.
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For men having credit card debt leads to a 2.6 percentage point increase in the probability
that they are overweight or obese but has no significant effect on BMI or the probability of being
obese. Similar to women, married men are more likely to be heavier than their unmarried
counterparts. Compared to white men, Hispanic men and men of other races are heavier while
black men are significantly more likely to be obese than white men and they have a higher BMI.
Men who play the lottery, are more religious or whose mother’s were obese have higher BMIs
and are more likely to be overweight or obese. Unlike the case of women, father’s occupation
has no effect on the outcomes for men. Being breastfed and having a higher high school GPA
has a significant negative effect on all three outcomes. Men who smoked in high school have a
significantly lower BMI and are less likely to be overweight but there is no effect on the
probability of being obese. Parental smoking exerts a positive, significant effect on BMI and
men whose parents smoked are 2.8 percentage points more likely to be obese. Interestingly,
having a mother who was a binge drinker or having a parent who received welfare significantly
lowers the probability of being obese for men; although, it does not affect the other two
outcomes. Men who stole in high school have significantly lower BMI and are less likely to be
obese.

Turning to table 3b where the treatment is having trouble paying bills, for women we find
that women who have trouble paying their bills are 4.0 percentage points more likely to be obese,
4.7 percentage points more likely to be overweight or obese and have BMIs that are 0.73 points
higher than those who do not have trouble paying their bills. For men, the effect of having
trouble paying bills is negative (4.1 percentage point decrease) and statistically significant
predictor of the probability of being overweight or obese (but exerts no statistically significant
effect on the BMI or probability of being obese). The other covariates for both men and women
are remarkably similar in sign, significance and magnitude.

Our PSM results are presented in tables 4a (credit card debt) and 4b (having trouble paying
bills).*® These models may have an advantage over OLS in that they make explicit the
comparison group and they reweight the estimates such that the treatment and control group are
observationally equivalent in terms of their covariates. In addition, PSM uses only the matched

'® The results of the logit models used to estimate the propensity score are presented in Appendix Table 3. We only
included whether an individual had a credit card in the matching equation of having trouble paying bills since people
may use a credit card to pay bills. In order to pass the balancing property for men, it was necessary to drop whether
they had volunteered. It is worth noting that we pass the balancing property.
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observations to calculate the ATT which is important because it establishes comparability
between the treatment and control groups; i.e. both are on the common support (Zhao, 2004)
Furthermore, the PSM method allows for heterogeneity in the treatment effect across populations
(i.e. the ATT is calculated by averaging individual-level differences in behavior between the
treated and untreated groups thus reducing the estimation bias) and PSM does not impose any
functional form restrictions (Zhao, 2004; Conniffe et al., 2000; Rubin and Thomas, 2000). In
addition, there is evidence that PSM, under certain conditions yields estimates that compare
favorably with those from experimental studies (Smith and Todd 2001; Michalopoulos et al.
2004).

For both men and women in table 4a, there are two patterns worth noting. First, the OLS and
PSM results are remarkably similar indicating that there is little selection bias. Secondly, the
results from the different matching methods are quite similar in magnitude and significance with
the occasional exception of the within caliper results. This may be due to the fact that as the
caliper becomes smaller the number of matches made decreases but the matches are of higher
quality; however, the variance of the estimates increases (Anderson, 2012).%

For both men and women, as noted in table 4b, the results from the PSM are incredibly
similar and more robust than the results when the treatment is credit card debt. It is rarely the
case that the precision of the estimates is affected by the matching estimator.

Overall, these results indicate that women have higher BMIs if they are in credit card
debt but there is only a modest increase in the probability of being overweight or obese for
women in credit card debt. However, the effect of having trouble paying bills on our outcomes
is stronger. In particular, according to our PSM results, women who have trouble paying their
bills are somewhere between 3.7 and 5.2 percentage points more likely to be overweight or obese
and 3.3 to 4.4 percentage points more likely to be obese.

For men, we find no significant effect of financial hardship on BMI or the probability of
being obese. However, we find opposite effects for the different types of financial hardship on

the probability of being overweight or obese. In particular, we find that men with credit card debt

! One of these conditions is having a data set with a wide array of covariates. This allows the researcher to control
for as much observable heterogeneity as possible. Our data is consistent with this.

12 A number of studies find differences between OLS and PSM results (Anderson, 2012; Plotnick, 2012; Belfield
and Kelly, 2012). Recent research by Shah et al. (2005) and Sturmer et al. (2006) suggests that it is often the case
that the results from PSM are not that different from other multivariate methods (e.g. Caliendo and Lee,
forthcoming).
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are more likely to be overweight or obese (ranging from 2.6 to 4.7 percentage points) but less
likely to be overweight or obese if they have trouble paying their bills (ranging from -3.5 to -4.7
percentage points). In the next section, we undertake several robustness checks.

Robustness Checks

In addition to employing a variety of matching methods, we also conduct several
specification checks of our results. One that is suggested by Dehejia (2005) is to rerun the logit
that creates the propensity score to see how sensitive the results are to changes in the
specification of the propensity score. When we did this by including higher order terms for all of
our continuous covariates we found that in general, our results are not sensitive to these changes
in the estimation of the propensity score (these results are available upon request). Specifically, it
is nearly always the case that when we report a significant effect in tables 4a and 4b, the
statistical significance remains and the point estimates are reasonably close.

Another popular specification test is the Rosenbaum bounds test. Recall that we can only
match on observables and it is possible that unobservables are distributed quite differently across
individuals with the same propensity score. This test is used to assess how large the unobservable
heterogeneity would have to be to overturn the matching estimator results when those results are
statistically significant (Caliendo and Kopeinig, 2005). In our application, it is likely that any
bias from unobservables is upward. For example, if the unmeasured factor is impulsiveness then
we expect the unobservables to be positively correlated with financial hardship and body weight.
In other words, we think any plausible unobservables are going to be correlated either positively
or negatively with our outcome (body weight) and our treatment (experiencing financial
hardship).

We report the p-value of the Mantel-Haenszel (MH) statistic for the upper bound given
our belief that any bias would be upward. These are presented for the kernel matching only™®
and only for the overweight/obese outcome because that is where we most often obtain
significant results. The Rosenbaum bounds test presents the likelihood that two individuals
would have different outcomes given the same observable characteristics. I' represents the odds

that two individuals who are observationally equivalent differ in their treatment effect. If ' =1

3 Henry and Yi (2009) note that kernel matching is preferred as it produces the least bias compared to an
experimental estimate.
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then two individuals have the same probability of being exposed to financial hardship. AsT
rises the odds of two observationally equivalent individuals being in financial hardship
increasingly differs. The p-value of the Mantel-Haenszel test statistic shows whether that
difference is statistically significant.

The results are in table 5. For men with credit card debt, at " =1.2 the MH statistic
becomes insignificant which indicates that if there were a 20 percent difference in unobservables
across control and treatment groups the positive and significant (2.9 percentage points more
likely to be overweight or obese result in table 4a) would be overturned. However, at e' =1.35,
the p-value becomes .06. This pattern, where the MH statistic goes from significant to
insignificant and back to significant, indicates a significant negative treatment effect; i.e. the
relationship between credit card debt and overweight becomes negative (Becker and Caliendo,
2007). In other words, unobservable heterogeneity that is 35 percent different between control
and treatment groups could reverse the sign of our effect. For women with credit card debt, the
MH statistics for overweight/obese are similar to what we find for men. The critical values of e’
for women are 1.05 and 1.25 indicating that these results are slightly more sensitive to
unobservables than are those for men.

For men who report trouble paying their bills, although the coefficient estimates from the
matching are negative and significant we maintain our assumption that the bias would be
upward. In this case MH statistics are significant up to e’ =2 indicating that for any reasonable
difference in the unobservables our results are robust. For women who have trouble paying their
bills, the coefficient on overweight/obese is positive and significant and the MH statistic
becomes insignificant at e’ =1.5 and then the treatment effect would become negative at a e’
=1.7. While this sensitivity analysis indicates how bias from unobservables may alter our
inferences it in no way tells us if such bias is present (Aakvik, 2001).

A key identification issue in this research is omitted variable bias. As noted earlier, a
plausible unobservable variable in our case is an individual’s level of impulsivity. If impulsive
behavior is the cause of both financial hardship and obesity then our estimates of the effect of
financial hardship on obesity are biased. We can use some of the questions from our risk
preference index as measures of impulsivity and then examine the extent to which individuals
differ given that they have the same level of impulsivity. If the control variables provide all the

important information to isolate the effect of debt on obesity, it should be the case that for those
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who are impulsive (or not impulsive) their mean characteristics do not differ by whether they
have debt.

Specifically, within our risk preference variable measured in Wave 111 are three questions
that can arguably be interpreted as measures of impulsivity. These are:
e | often do things based on how I feel at the moment
e | sometimes get so excited that I lose control of myself

e | often follow my instincts, without thinking through all the details

In the survey, respondents answer these on a five point Likert scale (see Appendix table 2). We
create a variable indicating impulsive behavior equal to one if the individual answered with a
five to all three questions. In the case, where there were missing values the variable equals one
when the respondent answered with a five to each of the questions answered. Similarly, we
created a variable equal to one if the individual answered with a one to all three questions
indicating a lack of impulsivity and in the case of missing values the variable equals one when
the respondent answered with a one to each of the questions answered.

We then examine the sample means of our Wave |11 variables by each of financial
hardship measures for those with low and high impulsivity. The intuition is that these sample
means should not vary for those who are impulsive; i.e. those who exhibit impulsive behavior are
going to be observationally equivalent whether are they are in credit card debt.*

Our evidence is mixed and varies by gender and financial hardship measure. In table 6,
where we present the p-values for the null hypothesis that the variable means are equal within
impulsivity and gender across debt measures, there are quite a few indications of differences in
sample means for impulsive women who do and do not have financial hardship. The differences
for impulsive men occur across fewer of the covariates and mostly for the trouble paying bills
outcome. Perhaps unsurprisingly, for non-impulsive women there are almost no differences in
the means across the covariates. However for non-impulsive men the pattern is nearly identical
to impulsive men. This suggests that even with our rich array of controls there still may be some

bias in our estimates. Clearly, our covariates do not capture full tendency to be impulsive.

" We examine the differences in the sample means for our other Wave 111 variables given that those probably are
most relevant to recent weight gain.
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Given the lack of clarity from these results we perform additional robustness checks to examine
selection on unobservables based on the work of Altonji et al. (2008).

Our results from the PSM hinge on selection being only from observable factors. Altonji
et al. (2008) make the argument that researchers can impose different levels of selection on
unobservables which are as reasonable as the PSM assumption that there is no selection on
unobservables. Specifically, they argue that it is as reasonable to choose selection on
unobservables is equivalent to selection on observables. Using a bivariate probit as suggested by
Altonji et al. (2008) we can alter the correlation between unobservables and examine whether the
estimates are similar to those from OLS and PSM.*® The bivariate probit includes one equation
regressing the outcome (overweight/obese) on our covariates and financial hardship measures
and the other equation regressing the treatment variables (credit card debt and trouble paying
bills) on our covariates. To start, we assume there is no correlation between errors (p=0) in the
two equations of a bivariate probit; assuming p=0 implies that there are no unobservables that
affect both financial hardship and weight. As expected when p=0, the results in the top panel of
table 7 confirm the OLS and PSM results and are similar in size and significance.

Given that we cannot observe impulsiveness, Altonji et al. (2008) also suggest that we
can use the amount of selection on observables to proxy for the amount of selection on
unobservables. By making this assumption we can assess the importance of unobservable
characteristics on our estimates of the treatment effect. Again, we use a bivariate probit and
impose the restriction that the correlation on the unobservables in the two equations is equal to
the correlation on the observables. Looking at the estimates in the middle panel of table 7,
allowing the selection on unobservables to vary in a similar size as the selection on observables
overturns our results except for men who have trouble paying bills reinforcing that the result that
men who have trouble paying bills are thinner on average is robust.

Finally, Altonji et al. (2005) and Reynolds (2009) examine how much more selection on
unobservables over the selection on observables is needed to overturn the results by examining
the ratio of estimated treatment effect to the estimated bias. These results are shown in the
bottom panel of table 7. For men with credit card debt, the amount of additional selection on
unobservables is small to overturn the results. For men who have trouble paying bills, selection

on unobservables needs to be almost five times greater than the selection on observables to

' For a full explanation of the technical details, see Altonji et al. (2008) and Reynolds (2009).
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overturn the result. For women, the additional selection on unobservables needed to overturn the
result varies depending on the treatment. The size must be larger for credit card debt than for
trouble paying bills.

Overall, these robustness checks do not rule out that there may be a third factor affecting
both financial hardship and weight. However, the result that men with trouble paying their bills
are thinner is robust. This disparity generates additional research questions about the causes of
weight gain in men and women and also demonstrates that not all financial hardship has the same
effects on weight gain.

Conclusions

In this paper, we have attempted to isolate the effect of financial hardship on obesity.
This research question seems particularly urgent given the high levels of obesity in the U.S. and
the fact that the average American held about $5000 in credit card debt in 2010 (Connelly,
2010). Given the extent of the obesity epidemic facing the U.S. and its resulting medical costs
which have been estimated to be as high as 9.1 percent of total annual U.S. medical expenditures
(Finkelstein, Fiebelkorn and Wang, 2003), establishing if there is a causal link between debt and
health may provide further impetus for policy makers to enact regulations protecting consumers
from financial hardship. One such regulation is contained in the Dodd/Frank Wall Street Reform
and Consumer Protection Act of 2010 which states among other things that the new consumer
advocate will “(p)romote fairness and transparency for mortgages, credit cards and other
consumer financial products and services” (Zhen, 2011).

Although the popular press accepts that credit card debt may cause obesity our results do
not fully support that conclusion. We find that women who have trouble paying their bills are
more likely to be obese; however, several robustness checks call into question the validity of this
result suggesting that there are important unobservable factors that we are unable to account for
in our model, despite matching on a wide array of observable characteristics. Thus, our research
suggests that conventional wisdom may be wrong. The exception is that men with trouble
paying their bills may actually be thinner than those who do not, and this effect is robust to our
specification checks. Thus, despite the fact that we have a rich array of factors to act as controls

in our data, it may be the case that there is an outside factor such as impulsivity causing both
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financial hardship and body weight changes. Future research should focus on identification of

the causal effect.
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Table 1;

BMI

(std)

Overweight or Obese
Obese

N

BMI

(std)

Overweight or Obese
Obese

N

Sample Means for Dependent Variables

Men
No Credit Has Credit No Trouble with Trouble Paying
All Men  Card Debt Card Debt Sig.? Bills Bills Sig.?
26.032 25.87 26.294 * 26.048 25.993
(5.28) (5.34) (5.17) (5.12) (5.63)
0.516 0.495 055 * 0.528 0.486 *
0.184 0.178 0.192 0.183 0.187
6,442 3,979 2,463 4,540 1,902
Women
All No Credit Has Credit No Trouble with Trouble Paying
Women Card Debt Card Debt Sig.? Bills Bills Sig.?
25.53 25.288 25.829 * 25.288 25.829 *
(6.32) (6.31) (6.33) (6.31) (6.33)
0.418 0.402 0.439 * 0.402 0.439 *
0.194 0.186 0.204 * 0.186 0.204 *
7,157 3,958 3,199 3,958 3,199

% indicates significant at 10 percent level or greater



Table 2a: Sample Means by Gender and Credit Card Debt Status

Men Women

Wave Il Variables All Men  No Credit Card Debt  Credit Card Debt  Sig.*  All Women No Credit Card Debt  Credit Card Debt
Has a credit card 0.572 0.396 0.857 * 0.637 0.466 0.848
Volunteer 0.273 0.269 0.279 0.303 0.3 0.306
Married 0.149 0.116 0.203 * 0.216 0.18 0.26
Income between $1 and $7 0.151 0.168 0.123 * 0.214 0.245 0.175
Inc between $8 and $3900 0.166 0.185 0.136 * 0.199 0.222 0.171
Inc between $4000 and $11822 0.176 0.194 0.147 * 0.199 0.203 0.193
Inc between $12000 and $20100 0.219 0.204 0.242 * 0.204 0.172 0.244
Inc between $20,500 to $300,000 0.242 0.195 0.319 * 0.148 0.113 0.19
Income missing 0.045 0.053 0.032 * 0.036 0.044 0.026
Gambled 0.646 0.604 0.713 * 0.519 0.454 0.599
Has a savings account 0.628 0.604 0.667 * 0.649 0.634 0.667
Lottery 0.637 0.588 0.717 * 0.586 0.521 0.666
Propensity to take risks 2.8 2.8 2.801 2.323 2.341 2.301

(0.92) (0.93) (0.88) (0.87) (0.89) (0.83)
Age 22.022 21.791 22.395 * 21.819 21.545 22.158

(1.75) (1.81) (1.59) (1.76) (1.81) (1.63)
Religious 1.311 1.328 1.283 * 1.47 1.478 1.461
White 0.671 0.709 0.647 * 0.657 0.657 0.658
Black 0.21 0.18 0.23 0.24 0.24 0.241
Other race 0.122 0.112 0.127 * 0.103 0.102 0.102

Hispanic 0.156 0.185 0.139 * 0.159 0.142 0.128



Table 2a continued:

Men Women

Wave 1 Variables All men  credit Card Debt  No Credit Card Debt  Sig.*  All Women  credit Card Debt ~ No Credit Card Debt
Drank in past 30 days 0.11 0.106 0.117 0.071 0.072 0.069
Thinks smart compared to others 0.566 0.54 0.606 * 0.556 0.523 0.597
Likely to go to college 0.495 0.486 0.509 * 0.623 0.6 0.653
Usual hours of work in summer 16.479 14.752 19.268 * 13.041 11.242 15.268
Dad had management/professional job 0.173 0.175 0.171 0.167 0.172 0.161
Dad did not work 0.04 0.04 0.04 0.035 0.038 0.032
Dad's job unknown 0.259 0.258 0.259 0.298 0.301 0.293
Dad's job other than management/professional 0.528 0.526 0.531 0.5 0.489 0.514
Smoked in high school 0.187 0.182 0.196 0.188 0.184 0.191
Highest level of parent's education is college 0.396 0.393 0.402 0.367 0.363 0.372
Highest level of parent's education is some college 0.201 0.186 0.226 * 0.217 0.195 0.245
Highest level of parent's education is HS diploma 0.275 0.286 0.258 * 0.282 0.288 0.273
Highest level of parent's education is less than HS 0.095 0.099 0.088 0.107 0.116 0.095
Highest level of parental education is unknown 0.032 0.035 0.027 * 0.027 0.037 0.015
Parent received welfare 0.096 0.108 0.076 * 0.102 0.12 0.08
Parent smoked 0.23 0.232 0.226 0.245 0.253 0.235
Mom obese 0.153 0.15 0.157 0.158 0.152 0.165
Mom was a binge drinker 0.104 0.106 0.101 0.105 0.107 0.102
Mom'’s binge drinking unknown 0.135 0.134 0.137 0.142 0.14 0.144
Mom breastfed 0.368 0.367 0.371 0.361 0.358 0.364
Unknown if mom breastfed 0.164 0.159 0.171 0.157 0.155 0.159
High school GPA 2.677 2.653 2.717 * 2.895 2.872 2.923

(0.77) (0.79) (0.75) (0.75) (0.78) (0.71)
Took something from a store without paying for it 0.277 0.261 0.303 * 0.212 0.207 0.219
N 6,442 3,979 2,463 7,157 3,958 3,199

Note: Income is total personal income before taxes measured in $.
% indicates significant at the 10% level or greater.



Table 2b: Sample Means by Gender and Having Trouble Paying Bills

Men Women
No Trouble Paying Has Trouble All No Trouble Paying Has Trouble Paying

Wave I1l Variables All Men Bills Paying Bills  Sig.*  Women Bills Bills Sig.?
Has a credit card 0.572 0.609 0.486 * 0.637 0.466 0.848 *
Volunteer 0.273 0.287 0.24 * 0.303 0.3 0.306 *
Married 0.149 0.145 0.159 0.216 0.18 0.26 *
Income between $1 and $7 0.151 0.145 0.167 * 0.214 0.245 0.175
Inc between $8 and $3900 0.166 0.167 0.165 0.199 0.222 0.171
Inc between $4000 and $11700 0.176 0.17 0.19 * 0.199 0.203 0.193 *
Inc between $12000 and $20100 0.219 0.211 0.239 * 0.204 0.172 0.244 *
Inc between $20352 and $500909 0.242 0.259 0.202 * 0.148 0.113 0.19 *
Income missing 0.045 0.049 0.037 * 0.036 0.044 0.026
Gambled 0.646 0.639 0.663 * 0.519 0.454 0.599
Has savings account 0.628 0.668 0.533 * 0.649 0.702 0.542 *
Lottery 0.637 0.625 0.667 * 0.586 0.521 0.666 *
Propensity to take risks 2.8 2.75 2.92 * 2.323 2.341 2.301 *

(0.92) (0.92) (0.88) (0.87) (0.89) (0.83)
Age 22.022 21.971 22.143 * 21.819 21.545 22.158 *

(1.75) 1.77) (1.72) (1.76) (1.81) (1.63)
Religious 1.311 1.339 1.245 * 1.47 1.478 1.461 *
White 0.671 0.668 0.672 0.657 0.657 0.658
Black 0.208 0.221 0.202 0.24 0.24 0.24
Other race 0.122 0.111 0.126 0.102 0.103 0.102
Hispanic 0.156 0.147 0.161 * 0.142 0.159 0.128
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Table 2b Continued: Men Women

Wave 1 variables All men  Trouble paying bills  No trouble paying bills ~ Sig®  All women  Trouble paying bills  No trouble paying bills
Drank in past 30 days 0.11 0.105 0.121 * 0.071 0.072 0.069
Thinks smart compared to others 0.566 0.578 0.535 * 0.556 0.523 0.597
Likely to go to college 0.495 0.529 0.414 * 0.623 0.6 0.653
Usual hours of work in summer 16.479 16.161 17.236 * 13.041 11.242 15.268
Dad had management/professional job 0.173 0.185 0.147 * 0.167 0.172 0.161
Dad did not work 0.04 0.035 0.052 * 0.035 0.038 0.032
Dad's job unknown 0.259 0.239 0.306 * 0.298 0.301 0.293
Dad's job other than management/professional 0.528 0.541 0.496 * 0.5 0.489 0.514
Smoked in high school 0.187 0.16 0.252 * 0.188 0.184 0.191
Highest level of parent's education is college 0.396 0.415 0.351 * 0.367 0.363 0.372
Highest level of parent's education is some college  0.201 0.2 0.205 0.217 0.195 0.245
Highest level of parent's education is HS diploma 0.275 0.265 0.301 * 0.282 0.288 0.273
Highest level of parent's education is less than HS ~ 0.095 0.091 0.105 * 0.107 0.116 0.095
Highest level of parental education is unknown 0.032 0.029 0.038 * 0.027 0.037 0.015
Parent received welfare 0.096 0.078 0.138 * 0.102 0.12 0.08
Parent smoked 0.23 0.213 0.27 * 0.245 0.253 0.235
Mom obese 0.153 0.15 0.158 0.158 0.152 0.165
Mom was a binge drinker 0.104 0.099 0.117 * 0.105 0.107 0.102
Mom's binge drinking unknown 0.135 0.135 0.135 0.142 0.14 0.144
Mom breastfed 0.368 0.378 0.344 * 0.361 0.358 0.364
Unknown if mom breastfed 0.164 0.164 0.164 0.157 0.155 0.159
High school GPA 2.677 2.726 2.56 * 2.895 2.872 2.923
(0.77) (0.77) (0.77) (0.75) (0.78) (0.71)
Took something from a store without paying for it ~ 0.277 0.254 0.333 * 0.212 0.207 0.219
N 6,442 4,540 1,902 7,157 3,958 3,199

Note: Income is total personal before tax income measured in $.
% indicates significant at the 10% level



Table 3a: OLS Models of the Effect of Having Credit Card Debt on Body Weight

Men Women
VARIABLES BMI Overweight/  Obese BMI Overweight/  Obese
obese Obese
Wave |1l Variables
Has credit card debt 0.135 0.026** 0.006 0.355** 0.020* 0.013
(0.136) (0.013) (0.010) (0.148) (0.012) (0.009)
Volunteer 0.700*** 0.030**  0.033***
(0.169) (0.013) (0.010)
Age -0.583 -0.070 -0.110* 1.821* 0.116 0.155**
(0.866) (0.078) (0.063) (0.989) (0.075) (0.061)
Age squared 0.018 0.002 0.003* -0.038* -0.002 -0.003**
(0.020) (0.002) (0.001) (0.023) (0.002) (0.001)
Married 0.598*** 0.056*** 0.033**  0.972***  0.101***  0.044***
(0.198) (0.018) (0.015) (0.191) (0.015) (0.013)
Inc. btw $1 -$7 0.325 0.020 0.032 0.590 0.044 0.039
(0.337) (0.033) (0.025) (0.411) (0.031) (0.025)
Inc. btw $8-$3900 0.101 -0.020 0.018 1.117***  0.091***  0.057**
(0.332) (0.033) (0.025) (0.414) (0.031) (0.025)
Inc. btw $4000-$11700 -0.147 -0.045 0.022 0.937** 0.071** 0.053**
(0.331) (0.033) (0.025) (0.417) (0.032) (0.026)
Inc. btw $12000-$20100 0.115 -0.011 0.007 1.083***  0.087***  0.059**
(0.321) (0.032) (0.024) (0.415) (0.031) (0.026)
Income missing 0.142 0.012 0.017 0.630 0.042 0.043*
(0.319) (0.032) (0.025) (0.424) (0.033) (0.026)
Gamble 0.204 0.014 -0.011 0.298* -0.004 0.004
(0.151) (0.014) (0.011) (0.158) (0.013) (0.010)
Has savings account 0.092 0.022* -0.013  -0.735***  -0.049*** -0.032***
(0.138) (0.013) (0.010) (0.161) (0.012) (0.010)
Lottery 0.559*** 0.039***  0.044*** 0.148 0.037*** 0.004
(0.146) (0.014) (0.011) (0.159) (0.013) (0.010)
Propensity to take risks 0.039 -0.002 0.004 0.178** 0.010 0.004
(0.071) (0.007) (0.005) (0.088) (0.007) (0.006)
Religious 0.234*** 0.024***  0.014*** 0.224*** 0.013** 0.009*
(0.070) (0.007) (0.005) (0.082) (0.006) (0.005)
Black 0.443** 0.008 0.032**  1.609***  (0.138***  (.058***
(0.188) (0.018) (0.014) (0.209) (0.016) (0.013)
Other race 0.716*** 0.040** 0.048***  -0.442* -0.038** -0.016
(0.221) (0.020) (0.016) (0.239) (0.018) (0.015)
Hispanic 0.954*** 0.085*** 0.037**  0.593***  0.065*** 0.023
(0.193) (0.018) (0.015) (0.224) (0.018) (0.015)
Wave | Variables
Drank in past 30 days 0.269 0.044** 0.014 -0.455 -0.020 -0.024
(0.203) (0.020) (0.017) (0.288) (0.023) (0.018)
Thinks smart compared to others 0.104 0.008 0.003 0.252 0.005 0.017*
(0.142) (0.014) (0.011) (0.162) (0.013) (0.010)
Likely to go to college 0.029 0.009 -0.002 -0.250 -0.012 -0.019*
(0.142) (0.014) (0.011) (0.169) (0.013) (0.011)
Usual summer work hrs 0.003 0.000 0.000 -0.007 -0.000 -0.000
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Dad unemployed
Dad job unknown
Dad job other than manag/prof
Smoked in HS

Parent has some college
Parent educ. HS graduate
Parent educ. less than HS

Parent educ. unknown

Parent on welfare
Parent smoked
Mom obese

Mom binge drank

Mom binge not known

Mom breast fed

Mom breast fed unknown

GPA

Took something from store w/o paying for it

Constant

Observations
R-squared

(0.004)
0.405
(0.376)
0.053
(0.216)
0.198
(0.177)
-0.541%**
(0.176)
0.161
(0.178)
0.216
(0.183)
0.095
(0.261)
0.273
(0.404)
-0.256
(0.243)
0.390%*
(0.171)
3.082% %+
(0.217)
-0.319
(0.210)
0.123
(0.299)
-0.404%**
(0.146)
-0.013
(0.278)
-0.290%**
(0.099)
-0.346**
(0.142)

28.716***

(9.536)

6,442
0.077

(0.000)
0.054
(0.035)
-0.012
(0.021)
0.023
(0.018)
-0.038**
(0.017)
0.024
(0.017)
0.020
(0.017)
0.037
(0.025)
0.022
(0.037)
-0.022
(0.022)
0.017
(0.016)
0.184%**
(0.017)
-0.023
(0.021)
0.003
(0.028)
-0.046%**
(0.014)
0.006
(0.027)
-0.025%*+
(0.009)
-0.020
(0.014)
1.013
(0.860)

6,442
0.054

(0.000)
0.022
(0.028)
0.012
(0.016)
0.019
(0.013)
-0.012
(0.013)
0.004
(0.014)
0.004
(0.013)
0.005
(0.020)
0.035
(0.030)
-0.037**
(0.017)
0.028**
(0.012)
0.187%**
(0.016)
-0.028*
(0.015)
-0.005
(0.022)
-0.025%*
(0.011)
0.015
(0.021)
-0.019%*
(0.007)
-0.018*
(0.011)
1.223*
(0.686)

6,442
0.048

(0.005)
0.870*
(0.461)
0.513%*
(0.232)
0.362*
(0.193)
-0.333
(0.210)
0.222
(0.201)
0.696%**
(0.201)
0.881%**
(0.298)
-0.071
(0.462)
0.782%**
(0.293)
0.937%**
(0.186)
3.707%**
(0.239)
0.131
(0.251)
0.672*
(0.358)
-0.456%**
(0.160)
0.355
(0.344)
-0.809%**
(0.120)
-0.335*
(0.186)
2.608
(10.668)

7,157
0.122

(0.000)
0.118%**
(0.034)
0.076%**
(0.018)
0.059%**
(0.016)
-0.011
(0.016)
0.020%
(0.016)
0.074%%*
(0.016)
0.056%*
(0.023)
0.019
(0.037)
0.026
(0.020)
0.063%**
(0.014)
0.212%%*
(0.016)
-0.004
(0.019)
0.042
(0.026)
-0.018
(0.013)
0.010
(0.025)
-0.050%**
(0.009)
-0.040%**
(0.014)
-1.107
(0.816)

7,157
0.102

(0.000)
0.039
(0.030)
0.022
(0.014)
0.008
(0.012)
-0.021
(0.014)
0.003
(0.013)
0.040%**
(0.013)
0.060%**
(0.019)
0.021
(0.031)
0.050%**
(0.018)
0.050%**
(0.012)
0.194%**
(0.015)
0.007
(0.016)
0.012
(0.023)
-0.035%**
(0.010)
0.044%*
(0.022)
-0.045%**
(0.008)
-0.017
(0.011)
-1.595%*
(0.655)

7,157
0.083

Robust standard errors in parentheses. *** p<0.01, ** p<0.05, * p<0.1. Benchmark categories: father’s job is
managerial/professional, income is unknown, parent’s highest level of education is college or more.
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Table 3b: OLS Models of the Effect of Having Trouble Paying Bills on Body Weight

Men Women
VARIABLES BMI Overweight/  Obese BMI Overweight/  Obese
obese Obese
Wave |1l Variables
Has trouble paying bills -0.103 -0.041*** -0.003  0.727***  0.047***  0.040***
(0.150) (0.014) (0.011) (0.161) (0.013) (0.011)
Volunteer 0.715%** 0.032**  0.034***
(0.169) (0.013) (0.010)
Has a credit card 0.161 0.032** -0.004  -0.567*** -0.055*** -0.034***
(0.147) (0.014) (0.011) (0.167) (0.013) (0.011)
Age -0.582 -0.069 -0.105*  2.064** 0.135* 0.166***
(0.865) (0.078) (0.063) (0.981) (0.075) (0.060)
Age squared 0.018 0.002 0.003* -0.043* -0.003 -0.004***
(0.020) (0.002) (0.001) (0.023) (0.002) (0.001)
Married 0.611*** 0.059*** 0.034**  0.966***  0.100***  0.043***
(0.197) (0.018) (0.015) (0.190) (0.015) (0.013)
Inc. btw $1 -$7 0.356 0.028 0.032 0.548 0.040 0.036
(0.338) (0.033) (0.025) (0.413) (0.031) (0.025)
Inc. btw $8-$3900 0.122 -0.014 0.018 1.104***  0.090***  0.056**
(0.332) (0.033) (0.025) (0.416) (0.031) (0.025)
Inc. btw $4000-$11700 -0.118 -0.038 0.023 0.911** 0.069** 0.051**
(0.331) (0.033) (0.025) (0.419) (0.032) (0.026)
Inc. btw $12000-$20100 0.142 -0.004 0.008 1.137***  0.091***  0.061**
(0.321) (0.032) (0.024) (0.417) (0.032) (0.026)
Income missing 0.144 0.012 0.018 0.783* 0.054* 0.051*
(0.319) (0.032) (0.025) (0.426) (0.033) (0.026)
Gamble 0.202 0.014 -0.011 0.359** 0.000 0.007
(0.150) (0.014) (0.011) (0.158) (0.013) (0.010)
Has savings account 0.059 0.014 -0.012  -0.561*** -0.035***  -0.022**
(0.142) (0.013) (0.011) (0.162) (0.012) (0.010)
Lottery 0.568*** 0.041***  0.044*** 0.179 0.039*** 0.005
(0.145) (0.014) (0.011) (0.158) (0.013) (0.010)
Propensity to take risks 0.047 0.000 0.004 0.122 0.005 0.001
(0.072) (0.007) (0.005) (0.088) (0.007) (0.006)
Religious 0.232*** 0.023***  0.014*** (0.225***  (0.013** 0.009*
(0.070) (0.007) (0.005) (0.081) (0.006) (0.005)
Black 0.460** 0.011 0.031**  1.557***  (0,133***  (.055***
(0.189) (0.018) (0.014) (0.210) (0.016) (0.013)
Other race 0.705*** 0.038* 0.048***  -0.408* -0.035* -0.014
(0.221) (0.020) (0.016) (0.237) (0.018) (0.014)
Hispanic 0.951*** 0.084*** 0.038**  0.667***  0.070*** 0.027*
(0.192) (0.018) (0.015) (0.223) (0.018) (0.015)
Wave | Variables
Drank in past 30 days 0.262 0.042** 0.014 -0.462 -0.021 -0.024
(0.203) (0.020) (0.017) (0.285) (0.023) (0.018)
Thinks smart compared to others 0.105 0.009 0.003 0.281* 0.008 0.019*
(0.142) (0.014) (0.011) (0.162) (0.013) (0.010)
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Likely to go to college 0.015
(0.143)
Usual summer work hrs 0.003
(0.004)
Dad unemployed 0.422
(0.376)
Dad job unknown 0.071
(0.216)
Dad job other than manag/prof 0.205
(0.177)
Smoked in HS -0.527***
(0.177)
Parent has some college 0.169
(0.178)
Parent educ. HS graduate 0.220
(0.183)
Parent educ. less than HS 0.103
(0.261)
Parent educ. unknown 0.277
(0.404)
Parent on welfare -0.248
(0.243)
Parent smoked 0.396**
(0.171)
Mom obese 3.086***
(0.217)
Mom binge drank -0.318
(0.210)
Mom binge not known 0.117
(0.299)
Mom breast fed -0.403***
(0.146)
Mom breast fed unknown -0.010
(0.278)
GPA -0.303***
(0.100)
Took something from store w/o paying for it -0.339**
(0.142)
Constant 28.665***
(9.521)
Observations 6,442
R-squared 0.077

0.005
(0.014)
0.000
(0.000)
0.058
(0.035)
-0.008
(0.021)
0.024
(0.018)
-0.033*
(0.017)
0.026
(0.017)
0.021
(0.017)
0.039
(0.025)
0.024
(0.037)
-0.019
(0.022)
0.018
(0.016)
0.185%**
(0.017)
-0.022
(0.021)
0.002
(0.028)
-0.046%%*
(0.014)
0.007
(0.027)
-0.028%x*
(0.009)
-0.018
(0.014)
0.992
(0.856)

6,442
0.055

-0.002
(0.011)
0.000
(0.000)
0.023
(0.028)
0.012
(0.016)
0.019
(0.013)
-0.012
(0.014)
0.004
(0.014)
0.003
(0.013)
0.004
(0.020)
0.035
(0.030)
-0.037%*
(0.017)
0.028%*
(0.012)
0.187%**
(0.016)
-0.028*
(0.015)
-0.005
(0.022)
-0.025%*
(0.011)
0.016
(0.021)
-0.018**
(0.007)
-0.017
(0.011)
1.171*
(0.687)

6,442
0.048

-0.167
(0.170)
-0.007
(0.005)
0.799%
(0.461)
0.449*
(0.232)
0.350*
(0.193)
-0.438%*
(0.210)
0.221
(0.201)
0.651%**
(0.200)
0.775%**
(0.296)
-0.188
(0.458)
0.672%*
(0.292)
0.872%**
(0.185)
3.683%**
(0.239)
0.111
(0.250)
0.654*
(0.358)
-0.458%%*
(0.159)
0.335
(0.345)
-0.746%**
(0.119)
-0.334*
(0.186)
-0.118
(10.579)

7,157
0.126

-0.005
(0.013)
-0.000
(0.000)
0.113%**
(0.034)
0.071%%*
(0.018)
0.058%**
(0.016)
-0.018
(0.016)
0.020%
(0.016)
0.070%**
(0.016)
0.047%*
(0.023)
0.010
(0.037)
0.018
(0.020)
0.059%*%*
(0.015)
0.210%**
(0.016)
-0.006
(0.019)
0.041
(0.026)
-0.019
(0.013)
0.008
(0.025)
-0.045%%*
(0.009)
-0.040%%*
(0.014)
-1.320
(0.813)

7,157
0.106

-0.015
(0.011)
-0.000
(0.000)
0.035
(0.030)
0.018
(0.014)
0.008
(0.012)
-0.027**
(0.014)
0.003
(0.013)
0.037***
(0.013)
0.054%**
(0.019)
0.015
(0.031)
0.044%*
(0.018)
0.047%%*
(0.012)
0.193%**
(0.015)
0.006
(0.016)
0.011
(0.023)
-0.035%**
(0.010)
0.043*
(0.022)
-0.041%**
(0.008)
-0.017
(0.011)
J1.723%%%
(0.651)

7,157
0.087

Robust standard errors in parentheses. *** p<0.01, ** p<0.05, * p<0.1. Benchmark categories: father’s job is
managerial/professional, income is unknown, parent’s highest level of education is college or more.
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Table 4a: Propensity Score Models for Credit Card Debt

Men Credit Card Debt

VARIABLES OLS Nearest k nearest Within Caliper Within Caliper Within Caliper Kernel LLR Radius
Neighbor neighbor .001 .0001 .00005 bw.06 bw .18 caliper .001
BMI 0.135 0.152 0.092 0.139 0.251 0.259 0.157  0.137 0.088
(0.136)  (0.211) (0.183) (0.222) (0.232) (0.291) (0.144) (0.140) (0.166)
Obese 0.006 -0.006  -0.003 -0.007 0.005 0.012 0.006  0.005 -0.001
(0.010)  (0.015) (0.013) (0.016) (0.017) (0.023) (0.011) (0.011) (0.012)
Overweight/Obese 0.026**  0.047** 0.033** 0.046** 0.044** 0.040 0.029** 0.029**  0.026*
(0.013)  (0.019) (0.016) (0.019) (0.022) (0.028) (0.014) (0.014) (0.015)
Observations 6,442 6,442 6,442 6,442 6,442 6,442 6,442 6,442 6,442
On common support 6439 6439 6398 5718 5198 6439 6439 6398

Women Credit Card Debt

VARIABLES OLS Nearest k nearest Within Caliper Within Caliper Within Caliper Kernel  LLR Radius
Neighbor neighbor .001 .0001 .00005 bw.06  bw .18 caliper .001
BMI 0.355**  0.339  0.494*** 0.358* 0.168 0.213 0.418** 0.381**  0.431**
(0.148) (0.211) (0.189) (0.205) (0.275) (0.319) (0.164) (0.154) (0.168)
Obese 0.013 0.006 0.016 0.009 -0.006 -0.013 0.016  0.012 0.016
(0.009) (0.014) (0.012) (0.014) (0.017) (0.021) (0.010) (0.010) (0.011)
Overweight/Obese 0.020*  0.014 0.026 0.016 0.005 0.016 0.023* 0.021* 0.022*
(0.012) (0.017) (0.016) (0.017) (0.022) (0.026) (0.013) (0.013) (0.013)
Observations 7,157 7,157 7,157 7,157 7,157 7,157 7,157 7,157 7,157
On common support 7157 7157 7100 6127 5393 7157 7157 7100

Standard errors in parentheses*** p<0.01, ** p<0.05, * p<0.1
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Table 4b: Propensity Score Models for Having Trouble Paying Bills

Men Trouble Paying Bills

VARIABLES OLS Nearest  knearest Within  Within  Within Kernel LLR bw Radius caliper
Neighbor neighbor  Caliper  Caliper  Caliper bw.06 18 .001
.001 .0001 .00005

BMI -0.103 -0.050 -0.111 -0.072 0.013 0.041 -0.087 -0.066 -0.151
(0.150) (0.209) (0.206) (0.235) (0.256)  (0.304) (0.163) (0.163) (0.172)

Obese -0.003 0.006 -0.005 0.004 0.001 0.014 -0.001 0.000 -0.000
(0.011) (0.016) (0.014) (0.017) (0.019) (0.024) (0.011) (0.011) (0.012)

Overweight/Obese -0.041***  -0.042** -0.045** -0.047** -0.043* -0.045 -0.038*** -0.035** -0.043***
(0.014) (0.021) (0.019) (0.021) (0.023)  (0.029) (0.015) (0.015) (0.015)

Observations 6,442 6,442 6,442 6,442 6,442 6,442 6,442 6,442 6,442

On common support 6440 6440 6402 5975 5643 6440 6440 6402

Women Trouble Paying Bills

VARIABLES OoLS Nearest Kk nearest  Within Within ~ Within  Kernel LLR bw Radius
Neighbor neighbor  Caliper  Caliper Caliper bw .06 18 Caliper .001
.001 .0001 .00005
BMI 0.727***  0.608** 0.741*** 0.551** 0.596** 0.641* 0.824*** (.836*** 0.725***
(0.161) (0.240) (0.224) (0.236) (0.274) (0.345) (0.185) (0.176) (0.194)
Obese 0.040***  0.036** 0.041*** 0.033** 0.039** 0.044* 0.042*** (.043*** 0.039***

Overweight/Obese

Observations
On common support

(0.011)  (0.015) (0.015) (0.016) (0.018) (0.023) (0.012)  (0.011) (0.013)
0.047%%*  0.037** 0.038** 0.037**  0.034 0035 0.052%** 0.051%%*  (.049%**
(0.013)  (0.018) (0.016) (0.018)  (0.022) (0.026) (0.013)  (0.013) (0.014)

7,157 7,157 7,157 7,157 7,157 7,157 7,157 7,157 7,157
7157 7157 7094 6495 6007 7157 7157 7094

Standard errors in parentheses*** p<0.01, ** p<0.05, * p<0.1
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Table 5. Rosenbaum Bounds Sensitivity Test

Outcome: Overweight or Obese

e’ P-values P-values P-values P-values
(Women Credit Card Debt) (Men Credit Card (Women Trouble (Men Trouble paying
Debt) paying bills) bills)

y=1 0.000909 0.000013 0 0.001043
v=1.05 0.01763 0.000549 2.20E-15 0.000036
vy=1.10 0.127251 0.009157 2.30E-12 7.00E-07
y=1.15 0.414214 0.067465 7.90E-10 8.50E-09
v=1.20 0.268103 0.25218 1.00E-07 6.70E-11
y=1.25 0.071322 0.470373 5.80E-06 3.60E-13
v=1.30 0.011293 0.201406 0.000154 1.40E-15
y=1.35 0.001091 0.058183 0.0021 0
y=1.40 0.000067 0.011385 0.016017 0
y=145 2.70E-06 0.001539 0.073437 0

v =1.50 7.40E-08 0.000148 0.217404 0
vy=1.55 1.50E-09 0.00001 0.446959 0

v =1.60 2.10E-11 5.40E-07 0.328857 0

v =1.65 2.30E-13 2.20E-08 0.146662 0
vy=1.70 1.90E-15 6.90E-10 0.050443 0
y=1.75 0 1.80E-11 0.013438 0

y =1.80 0 3.70E-13 0.002802 0
vy=1.85 0 6.30E-15 0.000464 0

y =1.90 0 1.10E-16 0.000062 0
vy=1.95 0 0 6.70E-06 0

y =2 0 0 6.00E-07 0

These results assess the sensitivity of the kernel matching because this is the matching method most often
recommended in the literature (Henry and Yi, 2009)
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Table 6: Differences in Means by Gender and Financial Hardship Measure holding Impulsivity Constant

Wave I11: Women Impulsive® Non-impulsive®
Credit Card Debt Trouble Paying Bills Credit Card Debt Trouble Paying Bills
Married 0.0110 0.0001 0.142 0.4448
Gambled 0.0000 0.5181 0.6292 0.9798
Has a savings account 0.0078 0.0085 0.0312 0.1465
Volunteers 0.0519 0.2393 0.5486 0.4046
Income between $1 and $7 0.9172 0.5452 0.1871 0.1774
Income between $8 and $3900 0.4408 0.3781 0.7473 0.6351
Income between $4000 and $11700 0.2286 0.0100 0.2268 0.7934
Income between $12000 and $20100 0.4154 0.1803 0.3112 0.6088
Income between $20500 and $300000 0.0155 0.0013 0.0213 0.9779
Income missing 0.0802 0.8347 0.9317 0.0222
Played the lottery 0.0000 0.0010 0.1529 0.7278
Religiosity 0.4185 0.0136 0.2862 0.6966
White 0.1300 0.0698 0.3011 0.7180
Black 0.0381 0.0711 0.3733 0.5749
Other race 0.3604 0.8566 0.7462 0.7849
Hispanic 0.6970 0.7315 0.8778 0.2162
Has a credit card 0.0000 0.1117
N 759 759 170 170
Impulsive Non-impulsive

Men Credit Card Debt Trouble Paying Bills Credit Card Debt Trouble Paying Bills
Married 0.2369 0.2936 0.4224 0.1791
Gambled 0.0885 0.0021 0.3652 0.0149
Has a savings account 0.009 0.018 0.0157 0.0075
Volunteers 0.5525 0.5491 0.7582 0.818
Income between $1 and $7 0.1211 0.0127 0.0355 0.0315
Income between $8 and $3900 0.2924 0.4044 0.4634 0.4299
Income between $4000 and $11700 0.5155 0.0002 0.6334 0.0022
Income between $12000 and $20100 0.337 0.2126 0.1542 0.4869
Income between $20500 and $300000 0.2803 0.42 0.5504 0.6786
Income missing 0.2009 0.1225 0.1934 0.4785
Played the lottery 0.057 0.0075 0.1604 0.019
Religiosity 0.3425 0.6198 0.3623 0.4134
White 0.6910 0.7669 0.7605 0.8971
Black 0.2020 0.8256 0.9929 0.4312
Other race 0.2486 0.8872 0.6468 0.3558
Hispanic 0.9490 0.0127 0.0150 0.9600
Has a credit card 0.5928 0.6433
N 277 277 262 262

Cell entries are p-values for the null hypothesis that the variable means are equal within impulsivity and gender but across financial hardship measures.

dimplusive= 1 when score=15 if answered 3 questions, =10 if answered 2 questions, =5 if answered 1 question

®non-implusive=1 if score=3 if answered 3 questions, =2 if answered 2 questions, =1 if answered 1 question
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Table 7: Sensitivity of Treatment effects to unobservable characteristics

Women Men
Trouble Paying Bills

Credit Card Debt

Trouble Paying Bills Credit Card Debt

Estimates under assumption that correlation between unobservables is zero

ATT 0.021* 0.051*** 0.026** -0.043***
Overweight/Obese (0.011) (0.012) (0.013) (0.014)
ATT 0.043***
Obese (0.001)
Estimates assuming selection on observables equals selection on unobservables
ATT -.184*** -0.343*** -0.445 -0.009*
Overweight/Obese (0.011) (0.008) (0.005) (0.013)
P 0.361 0.705 0.949 -0.050
ATT -0.269***
Obese (0.001)
p 0.707
Estimated relative selection assuming no effect of treatment
ATT/bias
Overweight/Obese 0.104 0.074 0.042 0.631
ATT/bias
Obese 0.075
7,157 6,442 6,442

7,157

Observations

Standard errors are in parentheses. *** p<0.01, ** p<0.05, * p<0.1
Estimates shown are marginal effects.
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Appendix Table 1. Creation of Having Trouble Paying Bills Variable

In Wave Il11, respondents are asked:

In the past 12 months, was there a time when {YOU WERE/YOUR HOUSEHOLD WAS} without telephone service for any reason?

In the past 12 months, was there a time when {YOU WERE/YOUR HOUSEHOLD WAS} didn’t pay the full amount of the rent or mortgage because you
didn’t have enough money?

In the past 12 months, was there a time when {YOU WERE/YOUR HOUSEHOLD WAS} evicted from your house or apartment for not paying the rent or
mortgage?

In the past 12 months, was there a time when {YOU WERE/YOUR HOUSEHOLD} didn’t pay the full amount of a gas, electricity, or oil bill because you
didn’t have enough money?

In the past 12 months, was there a time when {YOU WERE/YOUR HOUSEHOLD WAS} had the service turned off by the gas or electric company, or
the oil company wouldn’t deliver, because payments were not made?

In the past 12 months, was there a time when {YOU/SOMEONE IN YOUR HOUSEHOLD} needed to see a doctor or go to the hospital, but didn’t go
because {YOU/THEY?} could not afford it?

In the past 12 months, was there a time when {YOU/SOMEONE IN YOUR HOUSEHOLD} needed to see a dentist, but didn’t go because {YOU/THEY}
could not afford it?

Respondents who answer a yes to one or more of the above, are coded has having had trouble paying their bills.
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Appendix Table 2: Questions used to create index of propensity to take risks

Wave |1l Respondents are asked:
How true do you think each of the following statements is of you?

| often try new things just for fun or thrills, even if most people think they are a waste of time
When nothing new is happening, | usually start looking for something exciting

I can usually get people to believe me, even when what I’m saying isn’t quite true.

I often do things based on how I feel at the moment

I sometimes get so excited that I lose control of myself

I like it when people can do whatever they want, without strict rules and regulations

I often follow my instincts, without thinking through all the details

I can do a good job of “stretching the truth” when I’m talking to people

e | change my interest a lot, because my attention often shifts to something else

Possible answers (given below) are summed into an index using the alpha command in Stata 11. The index has a scale reliability coefficient of
0.9136 (Chronbach’s alpha).

1=not true

2= a little true

3= somewhat true

4= pretty true

5= very true
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Appendix Table 3: Cross tabulations of credit card debt and having trouble paying bills

Key

frequency
row percentage
column percentage

Men

Credit Card Debt

Trouble Paying Bills 0 1 Total
2,873 1,667 4,540
0 63.28 36.72 100.00
72.2 67.68 70.48
1,106 796 1,902
1 58.15 41.85 100.00
27.8 32.32 29.52
3,979 2,463 6,442
Total 61.77 38.23 100.00
100.00 100.00 100.00
Women
Credit Card Debt
Trouble Paying Bills 0 1 Total
2,743 2,025 4,768
0 57.53 42.47 100.00
69.30 63.30 66.62
1,215 1,174 2,389
1 50.86 49.14 100.00
30.70 36.70 33.38
3,958 3,199 7,157
Total 55.30 44.70 100.00
100.00 100.00 100.00
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Appendix Table 4:

Logit Estimation for Calculation of the Propensity Score

Men Women Men Women
VARIABLES Credit Card Credit Card Trouble Paying Trouble
Debt Debt Bills paying bills
Age 2.489*** 1.902*** 0.568 0.528
(0.374) (0.352) (0.374) (0.361)
Age squared -0.053*** -0.041*** -0.011 -0.011
(0.008) (0.008) (0.008) (0.008)
Married 0.465*** 0.401*** 0.183** 0.325***
(0.078) (0.065) (0.084) (0.068)
Inc. between $1 -$7 0.175 0.185 0.400** 0.171
(0.155) (0.150) (0.159) (0.154)
Inc. between $8-$3900 0.191 0.238 0.275* 0.111
(0.153) (0.150) (0.158) (0.155)
Inc. btw $4000-$11700 0.229 0.443*** 0.473*** 0.349**
(0.153) (0.150) (0.158) (0.155)
Inc. btw $12000-$20100 0.536*** 0.700*** 0.354** 0.240
(0.149) (0.150) (0.155) (0.155)
Income missing 0.668*** 0.712*** -0.042 -0.116
(0.148) (0.154) (0.157) (0.162)
Gamble 0.195*** 0.297*** 0.059 0.009
(0.064) (0.056) (0.067) (0.060)
Has savings account 0.139** -0.024 -0.367*** -0.429***
(0.058) (0.055) (0.060) (0.057)
Lottery 0.355*** 0.397*** 0.119* 0.129**
(0.064) (0.057) (0.067) (0.060)
Propensity to take risks 0.046 -0.020 0.168*** 0.208***
(0.031) (0.030) (0.032) (0.031)
Religious -0.044 -0.023 -0.067** -0.051*
(0.031) (0.029) (0.032) (0.031)
Black 0.003 0.359*** 0.067 0.193***
(0.079) (0.070) (0.081) (0.073)
Other race -0.192** 0.047 -0.040 -0.087
(0.088) (0.087) (0.093) (0.096)
Hispanic 0.476*** 0.411*** -0.146* -0.038
(0.081) (0.078) (0.087) (0.082)
Drank in past 30 days -0.133 -0.165 -0.133 -0.046
(0.089) (0.101) (0.093) (0.104)
Thinks smart compared to others 0.223*** 0.230*** 0.077 0.138**
(0.060) (0.056) (0.063) (0.059)
Likely to go to college 0.044 0.131** -0.285*** -0.297***
(0.060) (0.058) (0.063) (0.059)
Usual summer work hrs 0.004** 0.007*** 0.002 0.005**
(0.002) (0.002) (0.002) (0.002)
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Dad unemployed 0.251 0.073 0.174 0.335**
(0.157) (0.154) (0.158) (0.158)
Dad job unknown 0.246*** 0.199** 0.127 0.389***
(0.091) (0.085) (0.097) (0.093)
Dad job other than manag/prof 0.120 0.179** -0.038 0.112
(0.079) (0.076) (0.086) (0.085)
Smoked in high school -0.135* -0.101 0.340*** 0.319***
(0.075) (0.072) (0.075) (0.073)
Parent has some college 0.071 0.120* 0.032 0.079
(0.076) (0.071) (0.081) (0.077)
Parent educ. HS graduate -0.157** -0.018 0.065 0.123*
(0.074) (0.070) (0.077) (0.074)
Parent educ. less than HS -0.319*** -0.291*** 0.051 0.111
(0.112) (0.100) (0.115) (0.103)
Parent’s Education Unknown -0.147 -0.831*** 0.103 -0.117
(0.166) (0.182) (0.164) (0.171)
Parent received welfare -0.259** -0.363*** 0.447*** 0.158*
(0.102) (0.091) (0.096) (0.088)
Parent smoked 0.031 -0.034 0.127* 0.268***
(0.069) (0.064) (0.071) (0.066)
Mom obese 0.048 0.090 0.041 0.115
(0.076) (0.070) (0.080) (0.073)
Mom binge drinker -0.026 0.006 0.014 0.021
(0.092) (0.086) (0.094) (0.088)
Mom binge drinker unknown -0.129 0.006 0.025 0.116
(0.124) (0.117) (0.129) (0.120)
Mom breast fed 0.059 0.087 0.005 0.068
(0.062) (0.058) (0.066) (0.062)
Mom breast fed unknown 0.156 0.000 -0.030 0.101
(0.117) (0.114) (0.122) (0.117)
High school GPA 0.123*** 0.053 -0.047 -0.107**
(0.042) (0.041) (0.044) (0.042)
Took something from store w/o paying for it 0.219*** 0.088 0.254%*** 0.153**
(0.061) (0.064) (0.063) (0.066)
Volunteers 0.012 0.090
(0.058) (0.062)
Has a Credit card -0.281*** -0.510***
(0.063) (0.059)
Constant -30.967*** -23.732*** -8.495** -7.258*
(4.131) (3.849) (4.110) (3.944)
Observations 6,442 7,157 6,442 7,157

Standard errors in parentheses. *** p<0.01, ** p<0.05, * p<0.1. Benchmark categories: father’s
job is managerial/professional, income is unknown, parent’s highest level of education is college
or more.

41



