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Introduction 

The Supplemental Nutrition Assistance Program (SNAP), formerly the Food Stamp Program, is 

designed to provide food assistance via benefit payments to households meeting the eligibility 

criteria. The largest component of U.S. Department of Agriculture’s (USDA) nutrition program, 

the SNAP had a budget of $34.8 billion for FY 2007, comprising 63.9 percent of the 

Department’s food assistance budget (USDA 2007, p. 4). With so much of the nation’s food 

assistance resources distributed by the SNAP, it is important that policy makers have improved 

analytical tools for evaluating program participation and for estimating the impacts of SNAP 

participation on the nutrition and health status of program participants. 

In this study, we investigate the effect of SNAP on an important outcome variable: self-

assessed health (SAH) status, a widely used indicator of health-related quality of life (see, e.g., 

review by Idler and Benyamini (1997)). SNAP participation can impact health outcomes in 

several ways. First, to the extent that SNAP benefits represent effective income increases, the 

additional purchasing power can allow individuals to consume more or better health care. At the 

same time, it may be the case that those with better health status are able to earn higher incomes. 

On this note, there is abundant empirical evidence, in social and other sciences, of the association 

between income and health, although the direction (causality) of association is less clear. Citing 

reviews by Adler et al. (1994) and MacIntyre (1997), Deaton and Paxson (1998, p. 248) noted 

that ‘There is a well-documented but poorly understood “gradient” linking socioeconomic status 

to a wide range of health outcomes’. The predominantly positive effect of income on health is 

well known (e.g., Deaton and Paxson 2001; Ettner 1996; Lindeboom, Portrait, and van den Berg 

2002; Lundberg 1991; Smith 1999), while the role of health in income has also been established; 

see Smith (1999) and the survey by Currie and Madrian (1999). 
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SNAP participation can improve health outcomes in other ways. For example, Yen et al. 

(2008) found that SNAP participation reduces the severity of food insecurity. It is possible that 

food security could then lead to better health outcomes. Fox, Hamilton, and Lin (2004) reviewed 

the literature on the effects of USDA’s food and nutrition assistance programs (including SNAP) 

on a variety of outcome variables, ranging from household food expenditures, household nutrient 

availability, household food insecurity, and individual dietary intake to health outcomes such as 

overall health, birth outcomes and obesity. Chen, Yen, and Eastwood (2005) found that SNAP 

participation contributed to overweight and obesity among women but not men. Jones et al. 

(2003) found that school-aged food insecure children participating in food assistance were less 

likely to be at risk of overweight. 

Two studies have investigated the effects of SNAP on SAH (see Fox, Hamilton, and 

Lin (2004) for a review of the effects of other programs on health). Using the 1997 National 

Longitudinal Survey of Youth (NLSY) data, Gibson (2001) examined SAH and the prevalence 

of chronic disease among youths. SNAP participation was not found to be significantly related 

to either outcome. Fey-Yensan et al. (2003) examined self-reported general-health status and 

functional status, along with other outcomes, in a small group of low-income elderly 

individuals in Connecticut. Results of chi-square analysis suggested no difference between 

SNAP participant and non-participant groups in general health status or functional status. 

Another study, by Miller and Korenman (1992), examined the direct measures of child health. 

Food stamp receipt was found to be positively and significantly associated with the prevalence 

of ‘stunting’ (being below the tenth percentile in height for children of the same age and sex) 

for chronically poor children but the effect was small in magnitude. Poor children who 

received food stamps for half but not all of their years in poverty were significantly less likely 
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to be ‘wasted’ (being below the tenth percentile in weight for children of the same height and 

sex) than children with a comparable poverty history who never received food stamps. Not 

controlled was the potential simultaneity of child health and food stamp receipt—a statistical 

problem which could cause biased and inconsistent empirical estimates. 

Lindahl (2005) noted three main reasons for the association between income and health: 

(i) spurious association driven by generic or social background likely to affect both health and 

income, (ii) reverse causation, for example, through bad health reducing work productivity or 

work hours which reduce income, and (iii) causal effect of income on health. 

Given the inconclusive findings by Gibson (2001) and Fey-Yensan et al. (2003) and the 

potentially biased estimates by Miller and Korenman (1992), there is a pressing need to re-

examine the relationship between SNAP and health. This study aims to do so by using a 

carefully developed statistical procedure which accommodates both the proposed two-way 

causality between SNAP and health and the correlation between the unobserved factors 

contributing to SNAP and health as noted by Lindahl (2005). The analysis also examines the 

association of SNAP and health with sociodemographic factors. We focus on the state level, 

specifically the State of Tennessee, making use of the Family Assistance Longitudinal Study 

(FALS)—a rich survey of current and former participants in Tennessee’s low-income cash-

assistance welfare program (Families First). While we do not explore the specific mechanisms by 

which SNAP participation might influence health outcomes (e.g., via reductions in food 

insecurity or increases in purchasing power), this study at the most general level will illuminate 

future efforts to untangle those mechanisms. The specific objective of this study is to examine 

the relationship between SNAP participation and health and their association with socio-

demographic factors. 
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An Ordered Probability Model with Binary Endogenous Switching 

Switching regression models with a continuous outcome variable date back to Roy (1951) and 

important contributions include Heckman (1990), Lee (1978) and Smith (2003). For discrete 

outcome variables, probability models with endogenous switching or treatment have emerged 

only recently. Li and Tobias (2008) develop an ordered probability model with binary 

endogenous switching, whereas Chib and Hamilton (2000) consider the opposite, viz., a binary 

probability model with an ordinal treatment. These models were both estimated with Bayesian 

procedures, based primarily on the multivariate normal distribution for the error terms.1 We 

extend the endogenous switching ordered probability model of Li and Tobias (2008) to one with 

a non-Gaussian error distribution. Below we first specify a switching ordered probability model 

and build its likelihood function without an explicit distributional assumption for the error terms. 

Then, the error distribution is specified by the copula approach (Nelsen 2006), which requires a 

marginal cumulative distribution function (cdf) for each error term and a copula function which 

links the margins. In what follows, observation subscripts are suppressed for brevity. The model 

consists of a binary switching equation for SNAP participation (d) 

 
1 if 0
0 if 0

d z u
z u
α

α

′= + >
′= + ≤

 (1) 

and a set of ordered probability models for the participant (k = 1) and non-participant (k = 0) 

sample regimes: 

 ( ) ( ) ( )
1iff , 1,..., ; 0,1.k k k

j k k jy j x v j J kμ β μ− ′= ≤ + < = =  (2) 

The ordinal outcome (y) for SAH relates to the SNAP participation variable d such that 

 (0) (1)(1 )y d y dy= − +  (3) 

where z and x are vectors of explanatory variables, the α and β terms are conformable parameter 

                                                 
1  Chib and Hamilton (2000) also consider the multivariate t and mixture distributions. 
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vectors, and the μ terms are threshold parameters such that, for k = 0,1, ( )
0 ,kμ =−∞  ( )

1 0,kμ =  

( )k
Jμ =∞  and  ( ) ( )

2 1,...,k k
Jμ μ −  are estimable. The error vectors 0( , )u v  and 1( , )u v  are both 

distributed with zero means, unitary variances, and a correlation structure specified below. Our 

specification above differs from that of Li and Tobias (2008) in that the error distribution is not 

necessarily Gaussian, and from the switching regression model of Smith (2003), also based on 

the copula approach, in that the outcome variable is ordinal (vis-à-vis continuous). Using (1), (2) 

and (3), the likelihood contribution for a sample observation is 

 
(0) (1)

0 1

(0) (1)
0 11 1

1( )1

0 0 1 1
1

( , ) ( , )
j j

j j

y jd dJ z x x

x z xj

L f u v dudv f u v dudv
α μ β μ β

μ β α μ β− −

=−
′ ′ ′− − ∞ −

′ ′ ′−∞ − − −=

⎧ ⎫⎪ ⎪⎛ ⎞ ⎛ ⎞⎪ ⎪⎟ ⎟⎪ ⎪⎜ ⎜⎟ ⎟= ⎜ ⎜⎨ ⎬⎟ ⎟⎜ ⎜⎟ ⎟⎪ ⎪⎜ ⎜⎝ ⎠ ⎝ ⎠⎪ ⎪⎪ ⎪⎩ ⎭
∏ ∫ ∫ ∫ ∫  (4) 

where 1(A) is a binary indicator function which equals 1 if event A holds and zero otherwise. The 

likelihood function for an independent sample is the product of likelihood contributions over the 

sample. Define a bivariate cdf 1 2 1 1 2 2( , ) Pr( , )F t tτ τ τ τ= ≤ ≤  with corresponding margins 

1 1 1( ) Pr( )F tτ τ= ≤  and 2 2 2( ) Pr( ).F tτ τ= ≤  Then, the probability integrals in (4) for the two 

distinctive sample regimes can be evaluated as 

 

(0)
0

(0)
01

(0)
0 0 0

(0) (0)
0 1 1 0

Pr( , 0) ( , )

( , ) ( , )

j

j

z x

x

j j

L y j d f u v dudv

F z x F z x

α μ β

μ β

α μ β β μ β
−

′ ′− −

′−∞ −

−

= = = =

′ ′ ′ ′= − − − − −

∫ ∫  (5) 

 

(1)
1

(1)
11

(1)
1 1 1

(1) (1)
3 1 3 1 1

(1) (1)
1 1 1

Pr( , 1) ( , )

( ) ( )

( , ) ( , ) .

j

j

x

z x

j j

j j

L y j d f u v dudv

F x F x

F z x F z x

μ β

α μ β

μ β μ β

α μ β α μ β

−

′∞ −

′ ′− −

−

−

= = = =

′ ′= − − −

⎡ ⎤′ ′ ′ ′− − − − − −⎢ ⎥⎣ ⎦

∫ ∫
 (6) 

Denote skewness parameters as κd, κ0 and κ1, and define margins ( ; ) ( ; ),d d dF F zκ α α κ′= −  

(0) 1 (0) (1)
0 0 0 0 0 0 0 0 1 0 0 1 1 1 1 1( ; ) ( ; ), ( ; ) ( ; ), ( ; ) ( ; ),j j j

j j jF F x F F x F F xκ β μ β κ κ β μ β κ κ β μ β κ−
−′ ′ ′= − = − = −  

and 1 (1)
1 1 1 1 1 1( ; ) ( ; ).j

jF F xκ β μ β κ−
− ′= −  The bivariate cdf is characterized by a copula function, 
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which captures the dependence between random variables (say V1 and V2): 

 1 2 1 1 2 2( , ) [ ( ), ( ); ]F v v C F v F v θ=  (7) 

where C is termed the copula function and θ is a concordance parameter reflecting dependence 

between V1 and V2 (Nelsen 2006). An important advantage of the copula approach is its ability to 

accommodate error skewness and dependence of many forms by linking any legitimate (not 

necessarily symmetric) margins (cdf’s). Using the copula notations in (7), the probabilities 

(likelihood contributions) in (5) and (6) can be written as 

 
(0)

0

1
0 0 0 0 0 0 0 0

Pr( , 0)

( ; ), ( ; ); ( ; ), ( ; );j j
d d d d d d

L y j d

C F F C F Fκ α κ β θ κ α κ β θ−

= = =

⎡ ⎤ ⎡ ⎤= −⎢ ⎥ ⎢ ⎥⎣ ⎦ ⎣ ⎦
 (8) 

 

{ }

(1)
1

1
1 1 1 1 1 1

1
1 1 1 1 1 1 1 1

Pr( , 1)

( ; ) ( ; )

( ; ), ( ; ); ( ; ), ( ; ); .

j j

j j
d d d d d d

L y j d

F F

C F F C F F

κ β κ β

κ α κ β θ κ α κ β θ

−

−

= = =

= −

⎡ ⎤ ⎡ ⎤− −⎢ ⎥ ⎢ ⎥⎣ ⎦ ⎣ ⎦

 (9) 

The model specification is complete upon the choices of a copula and a pair of margins. We 

consider the (bivariate) Gaussian, Frank and Clayton copulas (Nelsen 2006), each of which links 

the Gaussian and generalized log-Burr (Tadikamalla 1980) margins, resulting in six alternative 

modeling options.2 The appendix contains further details on specific copulas and margins. 

 

Average Treatment Effect 

We calculate the treatment effects of SNAP on the probabilities and conditional mean of y, 

defined respectively as 

 (1) (0)Pr( | , , ) Pr( | , , ), 1,...,p
jTE y j z x y j z x j JΓ Γ= = − = =  (10) 

                                                 
2  The margins for u, v0 and v1 need not be of the same form. 
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(1) (0)

(1) (0)

1

( | , , )

Pr( | , , ) Pr( | , , )

y

J

j

TE E y y z x

j y j z x y j z x

Γ

Γ Γ
=

= −

⎡ ⎤= = − =⎢ ⎥⎣ ⎦∑
 (11) 

where (0) (1)
0 1[ , , , , ]Γ α β β μ μ ′=  is a collection of all parameters in the equation system. The 

average treatment effects, p
jATE  and yATE , are calculated as the sample means of these 

individual treatment effects. In addition, we also calculate the marginal effects of explanatory 

variables by differentiating (or differencing, in the case of a binary explanatory variable) the 

probability for SNAP participation, 

 Pr( 1) 1 ( ; )dd F z α κ′= = − −  (12) 

and the marginal probabilities of all SAH categories among SNAP non-participants and 

participants: 

 ( ) ( ) ( )
1Pr( ) ( ; ) ( ; ), 0,1.k k k

j k k j k ky j F x F x kμ β κ μ β κ−′ ′= = − − − =  (13) 

For statistical inference, standard errors for all ATEs and marginal effects are calculated by the 

δ-method (Serfling 1980, pp. 122–123). 

 

Data and Variables 

This study examines the relationship between SNAP participation and SAH and their association 

with sociodemographic characteristics, among current and former participants in Tennessee’s 

welfare program, Families First. The primary data source is the Family Assistance Longitudinal 

Study (FALS), a collaborative effort of the Tennessee Department of Human Services (TDHS) 

and research organizations at the University of Tennessee and the University of Memphis (Hicks 

and Homer 2005). Respondents include a large random sample of individuals aged 19–63 who 

participated in Families First as of January 2001. Respondents were tracked over time and 
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surveyed initially every six months, and later every nine months. Many respondents no longer 

participate in Families First but are included in the survey in an effort to assess longer-term 

program impacts. Included in the FALS are questions regarding food stamp receipt and SAH 

outcomes. 

As of August 2008, ten waves of FALS data are available for research. Note that over-

sampled groups are excluded for the purposes of this study, and that, due to ongoing efforts to 

survey members of the original sample, each wave’s sample is not necessarily a strict subsample 

of the prior waves. Attrition has remained low in the FALS as a result of aggressive tracking and 

contact information maintenance alongside generous incentive payments for survey participation. 

 The FALS data have been used for numerous studies of the low-income population in 

Tennessee, including Gurley and Bruce (2005) and Bruce, Barbour, and Thacker (2004). Nearly 

all FALS respondents are SNAP eligible. To enhance the accuracy of eligibility determination, 

we supplement the FALS data with administrative records from the Admiral database, housed in 

the Center for Business and Economic Research at the University of Tennessee under an 

agreement with the TDHS. This rich database includes monthly records for all active Families 

First and food stamp assistance units for a period of time that extends as far as back as 1996. In 

addition to information on food stamp receipt and SAH status, the FALS data provide 

sociodemographic and economic characteristics which can be used in the analysis. 

The first endogenous variable is a binary indicator of participation in the SNAP. This 

variable is constructed from FALS survey data and verified with administrative data as described 

above. The second endogenous variable, SAH, is an ordinal health outcome variable, constructed 

from responses to the question: “How would you rate your health? Would you say it is: poor, fair, 

good, very good or excellent?” The responses are coded as an ordinal variable ranging from 1 
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(for poor) to 5 (for excellent). Table 1 presents the two-way frequency distribution for SNAP and 

SAH. The frequency distribution shows that, except for non-participants in the “poor” and 

perhaps “excellent” categories, there are a fairly large number of observations in each cell to 

allow for estimation of the SNAP participation and the SAH probability models. The distribution 

of SAH is only slightly skewed among the SNAP participants and nonparticipants. Therefore, 

any association between SNAP participation and health is not obvious and has to be determined 

by more sophisticated procedures. The FALS also contains detailed sociodemographic variables. 

The explanatory variables include income (current and lagged), household size, number of 

children, age of individual, and dummy variables indicating race, employment status, education 

levels, marital status, urbanization, dwelling types, car ownership, health and car insurance 

coverage, child or adult health conditions preventing school or work, WIC recipient status, 

ability to afford medical care (lagged), and a number of food insecurity status indicators (had to 

cut meal(s) (lagged), had been to a food bank, and ever felt hungry). The definitions and sample 

statistics of all variables are presented in Table 2. 

 

Estimation Results 

All models are estimated by programming the likelihood function in Gauss. Our first empirical 

task is to choose among the models with alternative copulas and margins, using non-nested 

specification tests. Specifically, let ri and si be the log likelihood contributions of sample 

observation i for two competing specifications and define differences di = ri – si for i = 1,…,n with 

sample mean d  and standard deviation ds . Then, under the null hypothesis of no difference 

between the two models, Vuong’s  (1989, Eq. (5.6)) standard normal statistic is 

1/ 2 / ~ (0,1).dz n d s N=  The test results, presented in Table 3, suggest that the Clayton copula 
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performs the best when either the Gaussian margins or generalized log-Burr margins are used. 

That is, the Clayton-Gaussian model performs better than the Frank-Gaussian and Gaussian-

Gaussian models, and the Clayton-Burr model performs better than the Frank-Burr and 

Gaussian-Burr models. The Clayton-Gaussian and Clayton-Burr models perform equally well, 

and therefore we focus on these two preferred models for the rest of the analysis. An important 

finding is that the Gaussian-Gaussian model, used extensively in models with sample selection, 

is clearly rejected at the 1% level of significance, favoring the Clayton-Gaussian model.  

 Table 4 presents the maximum-likelihood estimates for the preferred Clayton-Gaussian 

and Clayton-Burr models. Both models produce qualitatively consistent parameter estimates, in 

terms of signs and statistical significance for most variables. The only exception occurs with the 

lagged income variable, which is significant at the 5% level of significance in the SAH equation 

according to the Clayton-Burr model but not significant according to the Clayton-Gaussian 

model. All threshold parameter estimates are positive and significant at the 1% level of 

significance; a negative threshold parameter(s) would have suggested mis-specification of the 

models.  

All error correlation estimates (concordance parameter θ’s and Kendall’s τ’s) between the 

SNAP participation equation and the two SAH equations are significant and positive, suggesting 

endogeneity of regime switching according to both models. This finding of endogenous 

switching implies that an ordered probability model of SAH with an exogenous binary variable 

for SNAP participation or separate ordered probability models with the segmented samples 

would not have been acceptable. It is worth noting that the Clayton copula, by construction, 

admits only positive error correlation. Such positive error correlations are also confirmed in the 

other models we estimated (Frank’s copula and Gaussian copula with alternative margins). 
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Therefore, the Clayton-Gaussian and Clayton-Burr models do not impose unduly strong 

restrictions on the error correlations.  

 For the Clayton-Burr model, all three estimated skewness parameters are significantly 

different from 0, rejecting the extreme value margins. Whereas the skewness estimates are also 

significant different from unity for both SAH equations, which rejects the standard logistic 

margins, the skewness coefficient for the SNAP participation equation is not statistically 

different from 1. Thus, results for the Clayton-Burr model suggest the use of the standard logistic 

margin is acceptable for the SNAP participation equation, but skewness should be 

accommodated for the ordered probability models for SAH when the Clayton copula is used. 

Interestingly, despite the error skewness uncovered in the Clayton-Burr model, the Clayton-

Gaussian model performs equally well. This is because the Clayton copula accommodates error 

skewness despite the symmetric (Gaussian) margins used.  

 To further examine the effects of explanatory variables, we calculate two sets of marginal 

effects. Table 5 presents the marginal effects of explanatory variables on the probability of 

SNAP participation, using estimates of the Clayton-Gaussian and Clayton-Burr models. The 

marginal effects are extremely close, in reference to their standard errors, between the two 

models. According to both models, individuals with more children in the household are more 

likely to participate in SNAP than other individuals. This positive effect of children on SNAP 

participation is similar to finding by Yen et al. (2008) based on a national low-income sample. 

Not surprisingly, previous-year income and current employment have negative effects on 

SNAP participation. Having health insurance contributes to SNAP participation, while having 

car insurance has the opposite effect on SNAP participation. This may be because individuals 

with car insurance may have better financial means than those without car insurance coverage 
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and consequently are less likely to participate in SNAP. 

 The marginal effects of explanatory variable on SAH are presented in Table 6. Whereas 

the marginal effects on the probabilities of SAH categories are qualitatively consistent, in terms 

of signs and statistical significance, between the two models, the magnitudes (effects on SAH 

level) do differ. The different results of the lagged income variable, seen in the parameter 

estimate, are also seen in the marginal effects. Specifically, whereas previous-period income 

does not effect health according to the Clayton-Gaussian model, the Clayton-Burr model 

suggests that the variable has positive effects on the probabilities of very good and excellent 

health among the SNAP non-participants. Many of the differences in marginal effects are not 

notable in reference to the corresponding standard errors.  

 The most notable findings are the differentiated effects of variables on SAH between 

SNAP participants and non-participants. These differentiated effects are likely to be masked in 

the analysis with a pooled sample (vis-à-vis segmented samples) and highlight one important 

advantage of the switching probability models used in this study. The differentiated effects are 

seen, for instance, in the racial dummy variable white and the employed variables. According to 

both models, SNAP participants who are white and employed are less likely to be in the fair and 

good SAH categories and more likely to be in the good, vary good and excellent SAH categories. 

Having a child(ren) with a health condition(s), being in the younger age (30–44) category, and 

having been hungry have the opposite effects—that is, individuals with these attributes are more 

likely to fall in the poor and fair SAH categories and less likely to be in the good to excellent 

categories. None of these variables have a significant effects on health among SNAP non-

participants. A number of variables have similar effects on SAH between the participants and 

non-participants. Specifically, being divorced, separated or widowed, having an adult(s) with a 
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health condition(s), and being in the older age (45–64) category all have positive effects on the 

probabilities of poor or fair health and negative effects on the probabilities of good to excellent 

health, whereas the number of children have the opposite effects—negative effects on the 

probabilities of poor or fair health and positive effects on the probabilities of good to excellent 

health. These effects are found for both the SNAP participants and non-participants. The results 

suggest the effects of variables can be substantial. For instance, the Clayton-Gaussian model 

suggests that SNAP participants age 45–64 are 10.36% more likely to have poor health, 10.71% 

more likely top have fair health, and 5.05%, 9.18% and 6.84% less likely to be in the good, very 

good and excellent health categories, respectively. The effects of this age variable is also very 

notable among the non-participants. 

 Finally, we calculate the ATEs of SNAP participation on the SAH category probabilities 

and SAH level. The results, presented in Table 8, suggest the effect of SNAP participation on 

health is negative overall. Specifically, participation in SNAP generally increases the 

probabilities of being in the low (poor or fair) SAH categories and decreases the probabilities of 

being in the higher (very good and excellent) categories. On the SAH level, the ATE is negative 

and significant according to the preferred Clayton-Gaussian and Clayton-Burr models. Two other 

models (Frank-Gaussian and Gaussian-Gaussian, not reported due to space consideration) also 

suggest significant and negative ATEs on SAH, while the effect is statistically insignificant 

according to the Frank-Burr and Gaussian Burr models. According to the preferred Clayton-

Gaussian model, participation in SNAP decreases SAH level by 0.97, on a 1–5 scale. The ATE is 

slightly lower, at –0.64, according to the Clayton-Burr model. Given our use of survey data for a 

sample of current and former participants in Tennessee’s welfare program, we view these 

negative effects of SNAP on SAH as suggesting that the neediest families—such as those with 
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the lowest SAH—might be more likely to participate in SNAP. Alternatively, those on (or 

recently on) Families First but not participating in SNAP are likely to be the least needy families. 

This inverse relationship between SNAP participation and SAH reveals that, while SNAP does 

not necessarily lead to improved SAH, the SNAP program is appropriately targeted to the 

neediest families in the state of Tennessee. 

 

Concluding Remarks 

There is continued interest in exploring the contributing factors of participation in food 

assistance programs and the effects of these programs on food, nutrition and health outcomes of 

the program participants. In this study, we investigate the factors that contribute to SNAP 

participation, and the effects of such participation on health, using a popular measure of health 

outcome —SAH. We address this issue by developing an endogenous switching ordered 

probability model with alternative error distributional assumptions, which accommodates the 

discrete nature of SNAP participation and SAH outcomes, endogeneity of SNAP participation, 

and skewness in the distribution of the error terms. We find fairly robust results across different 

model specifications. Our major finding is that participation in the SNAP is inversely related to 

SAH. While this result does not indicate a health-improving effect of SNAP, it does indicate that 

SNAP is reaching its target population in Tennessee. 
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Appendix 

This appendix presents further details on the copula approach and the generalized log-Burr 

margin. 

The Copulas 

The copula approach to the modeling of dependent variables is motivated by a theorem due to 

Sklar (1959), which asserts that there exists a copula function which acts to represent the joint 

cdf of random variables in terms of their underlying one-dimensional margins (Nelsen 2006). 

Denote the marginal cdfs of random variables V1 and V2 as 1 1 1 1( ) Pr( )F v V v= ≤  

and 2 2 2 2( ) Pr( )F V V v= ≤  and their joint cdf as 1 2 1 1 2 2( , ) Pr( , ).F v v V v V v= ≤ ≤  Then, for some 

two-place function C, the joint cdf has the representation (e.g., Nelsen 2006, Theorem 2.3.3, p. 

21) 

 1 2 1 1 1 2( , ) [ ( ), ( ); ]H v v C F v F v θ=  (A1)  

where θ is a measure of concordance. The copula approach requires specification of margins for 

the error terms and a copula function which links them together. Below we consider three 

leading copulas: the Gaussian, Frank and Clayton copulas (Nelsen 2006). 

To motivate the use of the copula approach, consider first the more familiar Gaussian 

copula for random variables V1 and V2 (which are the margins in our present context), defined as 

 1 1
1 2

1 1
1 2 1 2

2 2( ) ( )

2 1/2 2

( , ; ) [ ( ), ( ); ]

1 ( 2 ) , 1 1
2 (1 ) 2(1 )

v v

C v v v v

s st t dsdt
Φ Φ

θ Ψ Φ Φ θ

θ
θ

π θ θ

− −

− −

−∞ −∞

=

⎡ ⎤− − +⎢ ⎥= − < <⎢ ⎥− −⎣ ⎦
∫ ∫

 (A2)  

where Φ is the standard univariate normal cdf and Ψ is the standard bivariate normal cdf with 

correlation parameter θ bounded in [–1,1]. This is the copula used by Lee (1983) in modeling 

sample selectivity with continuous but non-normal distributions. When v1 and v2 are specified as 
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the standard normal cdf the Gaussian copula returns the more familiar bivariate standard normal 

cdf used in both the earlier (e.g., Barnow, Cain, and Goldberger 1980; Heckman 1979) and latest 

(Chib and Hamilton 2000; Li and Tobias 2008) sample selection, treatment effects, and 

switching regression literature.  

We next consider two members of the Archemedean copulas: the Frank and Clayton 

copulas. The Frank copula is characterized as (Nelsen 2006, pp. 157–158) 

 
1 2

1
1 2

( 1)( 1)( , ; ) ln 1 ,
1

v ve eC v v
e

θ θ

θθ θ θ
− −

−
−

⎡ ⎤− −⎢ ⎥=− + −∞< <∞⎢ ⎥−⎣ ⎦
 (A3) 

and the Clayton copula as  

 1/
1 2 1 2( , ; ) ( 1) , 0 .C v v v vθ θ θθ θ− − −= + − ≤ <∞  (A4) 

To facilitate further presentation of the copulas, specifically of the correlation measures, we must 

introduce the generator functions generating the copulas. The mathematical properties of the 

Archemedean class are captured by an additive generator function ϕ which is a continuous, 

convex, and decreasing function such that ( ) 0 and ( ) 0t tϕ ϕ′ ′′< >  for 0 < t < 1, with terminal 

(1) 0.ϕ =  In the bivariate case, ϕ generates the copula according to (Smith 2003) 

 1 2 1 2( ( , )) ( ) ( ).C v v v vϕ ϕ ϕ= +  (A5) 

Frank’s copula in (A3) is generated by the generator function 

 1( ) ln
1

tet
e

−θ

−θ

⎛ ⎞−
φ = − ⎜ ⎟−⎝ ⎠

 (A6) 

and the Clayton copula (A4) by  

 1( ) ( 1).t t− −θφ = θ −  (A7) 

Drawing on the generator functions, a more common measure of association between v1 and v2 

(than the concordance parameter) is Kendall’s τ which, for both Frank’s and Clayton copulas 
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(and all members of the Archimedean copulas), is defined from the concordance as (Nelsen 2006) 

 
1

0

( )1 4 .
( )
t dt
t

ϕ
τ

ϕ
= +

′∫  (A8) 

We choose Frank’s copula because, as noted in (A3), it is defined at unbounded parameter space 

for θ such that −∞ ≤ θ ≤ ∞, for which –1≤ τ <1. The Clayton copula, as seen in (A4), has a more 

restricted parameter space, with 0 θ≤ ≤∞  which corresponds to 0 1τ≤ < . Thus, the Clayton 

copula is suitable for modeling positive dependence because it has strong right tail dependence 

and weak left tail dependence.  

 

The Margins 

The choice of a margin is dictated by an interest in modeling potential skewness in the random 

variables (error terms in the current context), even though the copula itself has the ability to 

accommodate skewness in error distributions. We consider the generalized log-Burr distribution 

for random variable ui, with probability density function (pdf) (Burr 1942; Lawless 2003; 

Tadikamalla 1980)  

 1( ; ) (1 / ) ,i i iu u
i i i ib u e e uκκ κ − −= + −∞< <∞  (A9)  

and cdf 

 ( ; ) 1 (1 / ) ,i iu
i i i iB u e uκκ κ −= − + −∞< <∞  (A10) 

for i = 1, 2. It includes the logistic (κi = 1) and extreme value (κi → ∞) distributions as special 

cases. We re-parameterize * 1/i iκ κ=  such that the logistic distribution corresponds to * 1iκ =  

and the extreme value distribution to * 0.iκ =  
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Table 1. Two-Way Frequency Distribution of Self-Assessed Health (SAH) and SNAP 

Participation 

 SAH Total 
SNAP Poor Fair Good Very Good Excellent  
Participants  74  259  298  182  103  916 
Nonparticipants  13  53  61  54  30  211 
Total  87  312  359  236  133  1,127 
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Table 2. Variable Definitions and Sample Statistics 

Variable Definition Mean 
SNAP Participates in the Food Stamp Program (1 = yes; 0 = no) 0.81  
SAH Self-assessed health: 1 = poor, 2 = fair, 3 = good,  3.01 
 4 = very good, 5 = excellent (1.23) 
Income Household monthly income 1270.41 
  (925.11) 
Income (lag) Household monthly income in previous year 1198.18 
  (932.62) 
Household size Household size (number of members in household) 0.39 
  (0.16) 
Children Number of children 2.50 
  (1.41) 
Age Age in years 35.97 
  (7.06) 
Urban Reside in an urban area  
   
Binary explanatory variables (yes = 1; no = 0) 
White Race is white 0.61  
Employed Employed 0.53 
< High school Has less than high school education (reference) 0.42  
High school High school graduate 0.31  
≥ Some college Has some college or higher 0.27  
Single Never married (reference) 0.53  
Married Married 0.27  
Div/sep/wid Divorced, separated or widowed 0.20  
House Lives in a house (reference) 0.52 
Apartment Lives in an apartment 0.36 
Mobile home  Lives in mobile home, emergency shelter, other homes, etc. 0.12 
Car Has access to a family-owned vehicle(s) 0.56 
Health insurance Has health plan coverage 0.87 
Car insurance Has car insurance 0.39 
Health cond. (c) Child(ren) present in household with health conditions 0.23  
 which make it difficult to work or attend school  
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Health cond. (a) Adult(s) present in household with health conditions 0.23  
 which make it difficult to work or attend school  
WIC Receiving WIC benefits 0.16 
Afford med. (lag) Could afford medical care in the year before 0.10 
Cut meals (lag) Ever cut size of meals because of not enough money for  0.17 
 food in past 12 months (lagged 1 year)  
Food bank Has been to a food pantry/bank in last 9 months 0.15 
Age 29 Age ≤ 29 (reference) 0.19 
Age 30–44 Age 30–44 0.67 
Age 45–64 Age 45–64 0.14 
Hungry Ever hungry but did not eat because could not afford enough 0.17 
 food in past 12 months  
Urban Reside in an urban area  

Note:  Standard deviations in parentheses. 
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Table 3. Vuong’s Non-Nested Tests for Specifications with Alternative Copulas and Margins 

  Models tested against 

Model Log 
likelihood 

Clayton- 
Burr 

Frank- 
Gaussian 

Frank- 
Burr 

Gaussian- 
Gaussian 

Gaussian- 
Burr 

Clayton-Gaussian –1892.807 0.27 1.68 1.24 2.46 1.42 
  (0.79) (0.09) (0.22) (0.01) (0.16) 
Clayton-Burr –1893.796  1.12 1.85 1.20 2.48 
   (0.26) (0.06) (0.23) (0.01) 
Frank-Gaussian –1898.629   0.14 0.45 0.18 
    (0.89) (0.65) (0.86) 
Frank-Burr –1899.178    0.05 0.11 
     (0.96) (0.92) 
Gaussian-Gaussian –1899.434     –0.02 
      (0.98) 
Gaussian-Burr –1899.314      

Note: Test statistic is standard normal; p-values are in parentheses. 



 

 

26

Table 4. Maximum-Likelihood Estimation of Ordinal SAH Equation with Binary Endogenous 

Switching: Clayton Copula with Gaussian and Generalized log-Burr Margins 

 Clayton-Gaussian Clayton-Burr 

 Switching: SAH Switching: SAH 
Variable SNAP Non-particip. Participants SNAP Non-particip. Participants 

Constant 2.166* 2.131*** 1.035*** 4.520* 3.891** 1.797*** 
 (1.327) (0.599) (0.207) (2.638) (1.749) (0.308) 
Household size –0.008 –0.114 –0.067 –0.011 –0.195 –0.108 
 (0.081) (0.154) (0.049) (0.170) (0.407) (0.076) 
Children 0.280*** 0.504*** 0.181*** 0.583*** 1.116** 0.275*** 
 (0.093) (0.174) (0.053) (0.214) (0.497) (0.089) 
White –0.017 –0.254 0.224** –0.067 –0.803 0.318** 
 (0.164) (0.248) (0.103) (0.315) (0.686) (0.157) 
Employed –0.701*** 0.278 0.206*** –1.426*** 1.307 0.299*** 
 (0.141) (0.285) (0.081) (0.312) (0.979) (0.122) 
High school –0.009 –0.155 0.126 0.021 –0.727 0.207* 
 (0.145) (0.259) (0.083) (0.288) (0.735) (0.123) 
≥ Some college –0.164 0.139 0.117 –0.352 –0.176 0.190 
 (0.144) (0.237) (0.086) (0.289) (0.701) (0.129) 
Married –0.247* –0.457* –0.134 –0.518* –1.619** –0.210 
 (0.149) (0.248) (0.098) (0.307) (0.720) (0.145) 
Div/sep/wid –0.039 –0.565** –0.172* –0.069 –1.898** –0.258* 
 (0.168) (0.275) (0.100) (0.332) (0.847) (0.149) 
Apartment 0.181 0.333 –0.010 0.348 0.973 –0.040 
 (0.125) (0.225) (0.077) (0.253) (0.636) (0.113) 
Mobile home 0.076 –0.254 –0.043 –0.005 –1.341 –0.093 
 (0.202) (0.277) (0.126) (0.396) (0.896) (0.184) 
Car –0.007 –0.321 –0.004 0.023 –0.487 0.027 
 (0.181) (0.342) (0.095) (0.366) (0.906) (0.142) 
Health insurance 0.601*** 0.286 0.163 1.122*** 0.211 0.243 
 (0.145) (0.237) (0.109) (0.329) (0.671) (0.156) 
Car insurance –0.493*** 0.084 –0.023 –0.905*** 0.640 –0.045 
 (0.172) (0.318) (0.100) (0.356) (0.904) (0.148) 
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Health cond. (c)  –0.167 –0.234 –0.269*** –0.354 –0.600 –0.397*** 
 (0.138) (0.245) (0.084) (0.292) (0.715) (0.131) 
Health cond. (a)  0.033 –0.590** –0.272*** 0.115 –2.002** –0.399*** 
 (0.170) (0.302) (0.100) (0.339) (0.988) (0.154) 
Urban –0.048 –0.092 0.140 –0.104 –0.412 0.214 
 (0.146) (0.212) (0.094) (0.282) (0.613) (0.142) 
Age –0.045   –0.110   
  (0.066)   (0.132)   
Age2 / 1000 0.400   1.052   
  (0.826)   (1.668)   
WIC 0.246   0.428   
  (0.172)   (0.359)   
Income / 1000 –0.410***   –0.904***   
  (lagged) (0.049)   (0.208)   
Afford med. 0.081   0.203   
  (lagged) (0.166)   (0.337)   
Cut meals 0.172   0.355   
  (lagged) (0.153)   (0.306)   
Food bank 0.251   0.357   
  (lagged) (0.186)   (0.372)   
Age 30–44  0.013 –0.204**  0.044 –0.318** 
   (0.267) (0.088)  (0.734) (0.135) 
Age 45–64  –0.685** –0.538***  –2.077* –0.804*** 
   (0.327) (0.125)  (1.100) (0.199) 
Income / 1000  0.099 –0.024  0.568** –0.045 
   (0.084) (0.055)  (0.272) (0.080) 
Hungry  0.117 –0.374***  0.346 –0.568*** 
   (0.311) (0.092)  (0.894) (0.142) 

(0) (1)
2 2,μ μ   1.373*** 1.089***  3.870*** 1.703*** 

  (0.234) (0.069)  (0.904) (0.162) 
(0) (1)
3 3,μ μ   2.329*** 1.972***  6.615*** 2.976*** 

  (0.284) (0.085)  (1.384) (0.283) 
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(0) (1)
4 4,μ μ   3.347*** 2.735***  10.212*** 4.067*** 

  (0.322) (0.100)  (2.424) (0.446) 
* * *

1 2, ,dκ κ κ     1.661** 3.528*** 0.654*** 
    (0.852) (1.365) (0.252) 

0 1,d dθ θ   0.813*** 1.597***  0.465* 1.721*** 
  (0.325) (0.554)  (0.285) (0.538) 

0 1,d dτ τ   0.090*** 0.173***  0.052* 0.186*** 
  (0.035) (0.057)  (0.031) (0.055) 
Log likelihood –1892.807 –1893.796 

Note: Asymptotic standard errors in parentheses. Asterisks indicate levels of significance: *** = 1%, ** = 

5%, * = 10%. 
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Table 5. Marginal Effects of Explanatory Variables on the Probability of SNAP Participation: 

Clayton Copula with Gaussian and Generalized log-Burr Margins 

 Clayton-Gaussian Clayton-Burr 
Variable Probability S.E. Probability S.E. 

 Continuous Explanatory Variables 
Household size –0.16 1.58 –0.11 1.62 
Children 5.49*** 1.90 5.54*** 2.03 
Age –0.32 0.21 –0.33 0.21 
Income (lagged) / 1000 –8.03*** 1.11 –8.59*** 1.81 
 Binary Explanatory Variables 
White –0.33 3.20 –0.63 2.95 
Employed –13.51*** 2.69 –13.43*** 2.75 
High school –0.16 2.69 0.19 2.54 
≥ Some college –3.35 2.99 –3.56 2.96 
Married –5.13 3.29 –5.32 3.33 
Div/sep/wid –0.71 3.12 –0.60 2.94 
Apartment 3.48 2.31 3.19 2.22 
Mobile home 1.56 4.00 –0.05 4.11 
Car –0.13 3.55 0.22 3.48 
Health insurance 14.94*** 4.25 14.04*** 4.54 
Car insurance –10.32*** 3.83 –9.28** 3.84 
Health cond. (c)  –3.45 2.98 –3.60 3.09 
Health cond. (a) 0.63 3.24 1.06 3.04 
Urban –0.93 2.83 –0.98 2.64 
WIC 4.35 2.69 3.67 2.70 
Afford med. 1.53 3.04 1.82 2.88 
Cut meals 3.14 2.61 3.10 2.46 
Food bank 4.42 2.95 3.10 2.96 

Note: Asterisks indicate level of significance: *** = 1%, ** = 5%, * = 10%. 
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Table 6. Marginal Effects of Explanatory Variables on the Probability of SAH Categories by SNAP Participation: Clayton Copula 

with Gaussian Margins 

 SNAP Non-Participants SNAP Participants 
Variable SAH = 1 SAH = 2 SAH = 3 SAH = 4 SAH = 5 SAH = 1 SAH = 2 SAH = 3 SAH = 4 SAH = 5 
 Continuous Explanatory Variables 
Household size 0.11 1.69 2.40 –0.41 –3.79 1.19 1.44 –0.54 –1.18 –0.92 
  (0.17) (2.34) (3.23) (1.36) (5.10) (0.87) (1.06) (0.40) (0.85) (0.68) 
Children –0.47 –7.45** –10.56*** 1.80 16.68*** –3.22*** –3.90*** 1.45*** 3.18*** 2.48***
  (0.36) (3.24) (3.92) (5.40) (6.78) (1.01) (1.18) (0.50) (0.94) (0.77) 
Income / 1000 –0.09 –1.46 –2.08 0.36 3.28 0.43 0.52 –0.20 –0.43 –0.33 
  (lagged) (0.12) (1.42) (1.78) (1.19) (2.65) (0.99) (1.18) (0.45) (0.97) (0.75) 
 Binary Explanatory Variables 
White 0.22 3.61 5.34 –0.63 –8.55 –4.12** –4.68** 1.95** 3.90** 2.95** 
 (0.26) (3.42) (5.20) (2.67) (8.87) (2.00) (2.15) (1.01) (1.81) (1.32) 
Employed –0.27 –4.17 –5.78 1.07 9.15 –3.69*** –4.39** 1.68** 3.60*** 2.80***
 (0.37) (5.00) (5.79) (3.57) (8.81) (1.40) (1.85) (0.70) (1.43) (1.14) 
High school 0.18 2.49 3.15 –0.92 –4.90 –2.26 –2.69 1.04 2.21 1.71 
 (0.33) (4.27) (5.29) (2.45) (8.13) (1.50) (1.80) (0.68) (1.47) (1.16) 
≥ Some college –0.11 –1.86 –2.96 0.11 4.82 –2.11 –2.49 0.98 2.05 1.57 
 (0.20) (3.28) (5.05) (1.48) (8.12) (1.54) (1.86) (0.70) (1.52) (1.19) 
Married 0.45 6.74* 9.43* –1.50 –15.11* 2.38 2.89 –1.06 –2.36 –1.85 
 (0.41) (4.12) (5.07) (4.71) (8.79) (1.83) (2.06) (0.88) (1.72) (1.29) 
Div/sep/wid 0.66 8.91 11.31** –2.86 –18.01** 3.13 3.65* –1.45 –3.01* –2.31* 
 (0.60) (5.75) (5.16) (6.58) (8.86) (1.93) (2.08) (0.97) (1.76) (1.28) ) 
Apartment –0.26 –4.46 –7.04 0.27 11.49 0.17 0.20 –0.08 –0.17 –0.13 
 (0.25) (3.12) (4.71) (3.55) (8.23) (1.37) (1.66) (0.61) (1.36) (1.06) 
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Mobile home 0.43 4.81 4.67 –2.71 –7.20 0.78 0.91 –0.36 –0.75 –0.58 
 (0.61) (5.86) (4.76) (4.40) (7.58) (2.32) (2.65) (1.11) (2.21) (1.66) 
Car 0.30 4.64 6.71 –0.92 –10.73 0.08 0.10 –0.04 –0.08 –0.06 
 (0.38) (5.08) (7.16) (3.54) (11.48) (1.69) (2.05) (0.76) (1.67) (1.30) 
Health insurance –0.36 –4.81 –5.69 2.04 8.82 –3.13 –3.33 1.58 2.84 2.05* 
 (0.40) (4.32) (4.61) (3.38) (7.49) (2.31) (2.06) (1.26) (1.87) (1.23) 
Car insurance –0.08 –1.23 –1.77 0.28 2.80 0.41 0.49 –0.19 –0.40 –0.31 
 (0.31) (4.73) (6.71) (1.55) (10.43) (1.79) (2.12) (0.82) (1.75) (1.35) 
Health cond. (c)  0.27 3.75 4.77 –1.34 –7.43 5.23*** 5.40*** –2.68*** –4.64*** –3.32***
 (0.36) (4.39) (4.84) (3.23) (7.46) (1.83) (1.66) (1.05) (1.44) (0.97) 
Health cond. (a)  1.02 11.03 10.67*** –5.90 –16.82** 5.44** 5.36*** –2.87** –4.68*** –3.25***
 (1.09) (7.88) (4.32) (8.36) (7.07) (2.26) (1.86) (1.33) (1.70) (1.06) 
Urban 0.08 1.34 1.93 –0.30 –3.06 –2.54 –2.97 1.18 2.45 1.88 
 (0.19) (3.12) (4.47) (1.18) (7.12) (1.74) (2.02) (0.85) (1.65) (1.25) 
Age 30–44 –0.01 –0.17 –0.28 0.01 0.46 3.14** 4.64** –0.97*** –3.57** –3.25** 
 (0.20) (3.53) (5.72) (0.21) (9.28) (1.29) (2.08) (0.39) (1.54) (1.53) 
Age 45–64 1.39 13.50* 11.62** –7.86 –18.65* 10.36*** 10.71*** –5.05*** –9.18*** –6.84***
 (1.08) (7.48) (6.02) (7.88) (10.90) (2.75) (2.57) (1.61) (2.12) (1.67) 
Hungry –0.10 –1.65 –2.48 0.26 3.98 7.73*** 7.09*** –4.19*** –6.34*** –4.28***
 (0.26) (4.12) (6.58) (1.24) (10.88) (2.19) (1.73) (1.35) (1.55) (0.94) 

Note: Asymptotic standard errors in parentheses. Asterisks indicate level of significance: *** = 1%, ** = 5%, * = 10%. 
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Table 7. Marginal Effects of Explanatory Variables on the Probability of SAH Categories by SNAP Participation: Clayton Copula 

with Generalized log-Bur Margins 

 SNAP Non-Participants SNAP Participants 
Variable SAH = 1 SAH = 2 SAH = 3 SAH = 4 SAH = 5 SAH = 1 SAH = 2 SAH = 3 SAH = 4 SAH = 5 
 Continuous Explanatory Variables 
Household size 0.11 2.11 0.17 –1.45 –0.94 1.08 1.80 –0.49 –1.42 –0.96 
  (0.25) (4.43) (1.37) (3.03) (1.97) (0.75) (1.25) (0.44) (0.97) (0.66) 
Children –0.60 –12.04** –0.98 8.28** 5.34* –2.75*** –4.58*** 1.25* 3.63*** 2.45***
  (0.54) (6.00) (7.64) (3.99) (3.26) (0.87) (1.40) (0.75) (1.06) (0.75) 
Income / 1000 –0.30 –6.13 –0.50 4.21** 2.72** 0.45 0.75 –0.20 –0.59 –0.40 
  (lagged) (0.33) (3.88) (3.79) (1.88) (1.29) (0.81) (1.33) (0.39) (1.06) (0.71) 
 Binary Explanatory Variables 
White 0.40 8.31 1.26 –6.02 –3.96 –3.29** –5.25** 1.66 4.15** 2.73** 
 (0.47) (7.09) (5.70) (5.20) (3.85) (1.67) (2.53) (1.12) (2.00) (1.29) 
Employed –0.78 –14.06 –0.94 9.56 6.22 –3.03*** –4.97*** 1.41* 3.94*** 2.66***
 (1.04) (12.78) (8.02) (6.29) (3.92) (1.17) (2.03) (0.86) (1.55) (1.09) 
High school 0.44 8.05 0.21 –5.30 –3.40 –2.09* –3.44* 0.98 2.72* 1.83* 
 (0.62) (8.59) (4.96) (5.35) (3.61) (1.23) (2.03) (0.70) (1.61) (1.12) 
≥ Some college 0.08 1.77 0.38 –1.34 –0.89 –1.94 –3.16 0.93 2.50 1.67 
 (0.32) (7.00) (2.01) (5.33) (3.61) (1.29) (2.14) (0.70) (1.70) (1.17) 
Married 0.96 17.03** 1.68 –11.85** –7.81* 2.10 3.50 –0.94 –2.77 –1.89 
 (0.93) (8.66) (9.91) (4.95) (4.47) (1.52) (2.39) (0.87) (1.92) (1.26) 
Div/sep/wid 1.33 20.61* 0.48 –13.58** –8.84** 2.63* 4.28* –1.27 –3.39* –2.26* 
 (1.45) (11.35) (11.76) (5.61) (4.57) (1.59) (2.42) (1.02) (1.93) (1.24) 
Apartment –0.40 –9.25 –2.88 7.44 5.08 0.40 0.67 –0.18 –0.53 –0.36 
 (0.42) (6.85) (6.66) (4.78) (3.75) (1.13) (1.88) (0.52) (1.49) (1.01) 
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Mobile home 1.74 16.68 –4.91 –8.43* –5.07 0.94 1.54 –0.46 –1.22 –0.81 
 (2.21) (10.54) (7.66) (5.13) (3.41) (1.92) (3.05) (1.03) (2.41) (1.56) 
Car 0.26 5.19 0.53 –3.63 –2.35 –0.27 –0.45 0.12 0.36 0.24 
 (0.52) (9.59) (3.56) (6.86) (4.51) (1.43) (2.38) (0.66) (1.88) (1.27) 
Health insurance –0.12 –2.33 –0.08 1.54 0.99 –2.61 –3.98 1.48 3.14 1.97* 
 (0.40) (7.44) (1.38) (4.91) (3.19) (1.85) (2.47) (1.29) (1.97) (1.15) 
Car insurance –0.33 –6.71 –0.88 4.78 3.13 0.45 0.75 –0.21 –0.59 –0.40 
 (0.59) (10.29) (3.90) (6.56) (4.04) (1.50) (2.46) (0.70) (1.96) (1.31) 
Health cond. (c)  0.38 6.80 –0.10 –4.34 –2.75 4.35*** 6.45*** –2.54** –5.09*** –3.17***
 (0.61) (8.79) (4.10) (4.88) (3.02) (1.53) (2.00) (1.31) (1.56) (0.94) 
Health cond. (a)  2.39 23.85** –5.25 –13.00*** –7.99** 4.48** 6.44*** –2.76* –5.07*** –3.08***
 (2.97) (11.44) (11.44) (5.27) (3.60) (1.90) (2.32) (1.58) (1.82) (1.03) 
Urban 0.21 4.37 0.49 –3.07 –2.00 –2.18 –3.55 1.06 2.81 1.87 
 (0.34) (6.69) (2.79) (4.44) (2.95) (1.46) (2.33) (0.89) (1.82) (1.20) 
Age 30–44 –0.02 –0.43 –0.12 0.34 0.23 2.79*** 5.32** –0.49 –4.24 –3.39** 
 (0.31) (7.17) (1.94) (5.63) (3.76) (1.10) (2.20) (0.70) (1.74) (1.55) 
Age 45–64 2.74 24.81** –6.24 –13.23* –8.08 8.69*** 12.84*** –4.61** –10.18*** –6.74***
 (2.68) (11.48) (11.02) (6.95) (5.25) (2.32) (2.92) (2.15) (2.30) (1.72) 
Hungry –0.17 –3.57 –0.57 2.60 1.71 6.64*** 8.94*** –4.34*** –7.06*** –4.18***
 (0.41) (8.72) (3.31) (6.77) (4.62) (1.81) (2.10) (1.69) (1.65) (0.92) 

Note: Asymptotic standard errors in parentheses. Asterisks indicate level of significance: *** = 1%, ** = 5%, * = 10%. 
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Table 8. Average Treatment Effects of SNAP Participation on the Conditional Probabilities 

and Levels of SAH with Alternative Model Specifications 

SNAP Effect on 
Clayton- 
Gaussian 

Clayton- 
Burr 

Frank- 
Gaussian 

Frank- 
Burr 

Gaussian- 
Gaussian 

Gaussian- 
Burr 

Pr(SAH = 1) 0.107*** 0.091*** 0.060** 0.029 0.090*** 0.046 
 (0.018) (0.030) (0.030) (0.040) (0.024) (0.044) 
Pr(SAH = 2) 0.173*** 0.109** 0.128* 0.084 0.168*** 0.077 
 (0.039) (0.056) (0.068) (0.063) (0.064) (0.064) 
Pr(SAH = 3) 0.076 0.036 0.059 0.055 0.082 0.044 
 (0.049) (0.044) (0.057) (0.043) (0.068) (0.040) 
Pr(SAH = 4) –0.128*** –0.121*** –0.101*** –0.080* –0.101** –0.080* 
 (0.043) (0.049) (0.039) (0.044) (0.042) (0.046) 
Pr(SAH = 5) –0.228*** –0.115 –0.146 –0.088 –0.240 –0.087 
 (0.089) (0.074) (0.124) (0.088) (0.155) (0.084) 
E(SAH) –0.973*** –0.642** –0.641* –0.399 –0.928** –0.425 
 (0.210) (0.265) (0.364) (0.323) (0.383) (0.328) 

Note: Asymptotic standard errors in parentheses. Asterisks indicate levels of significance: *** = 

1%, ** = 5%, * = 10%. 
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Table A1. Maximum-Likelihood Estimation of Ordinal SAH Equation with Binary Endogenous 

Switching: Frank’s and Gaussian Copulas with Guassian and Generalized log-Burr Margins 

 Frank-Gaussian Frank-Burr 

 Switching: SAH Switching: SAH 
Variable SNAP Non-particip. Participants SNAP Non-particip. Participants 

Constant 2.382* 1.598*** 1.240*** 4.882* 2.920* 2.152*** 
 (1.324) (0.615) (0.220) (2.972) (1.646) (0.384) 
Household size 0.005 –0.102 –0.068 0.015 –0.130 –0.135 
 (0.086) (0.139) (0.050) (0.205) (0.388) (0.092) 
Children 0.284*** 0.397*** 0.183*** 0.641*** 0.839* 0.325*** 
 (0.098) (0.156) (0.054) (0.251) (0.470) (0.106) 
White –0.002 –0.228 0.231** –0.030 –0.743 0.392** 
 (0.167) (0.225) (0.110) (0.362) (0.647) (0.192) 
Employed –0.707*** 0.490* 0.226*** –1.499*** 1.763* 0.404*** 
 (0.140) (0.272) (0.085) (0.349) (0.921) (0.154) 
High school 0.011 –0.118 0.144* 0.080 –0.711 0.261* 
 (0.145) (0.231) (0.086) (0.325) (0.711) (0.147) 
≥ Some college –0.163 0.189 0.139 –0.389 –0.141 0.246 
 (0.147) (0.218) (0.092) (0.334) (0.652) (0.158) 
Married –0.255* –0.356 –0.152 –0.516 –1.502** –0.212 
 (0.151) (0.228) (0.105) (0.344) (0.714) (0.177) 
Div/sep/wid –0.045 –0.512** –0.191* –0.033 –1.894** –0.313* 
 (0.174) (0.250) (0.106) (0.391) (0.820) (0.180) 
Apartment 0.211* 0.309 –0.039 0.469 0.879 –0.065 
 (0.129) (0.202) (0.080) (0.291) (0.615) (0.135) 
Mobile home 0.087 –0.249 –0.086 0.056 –1.517* –0.139 
 (0.200) (0.252) (0.131) (0.444) (0.909) (0.223) 
Car –0.060 –0.185 0.026 –0.069 –0.340 0.025 
 (0.187) (0.296) (0.099) (0.416) (0.844) (0.170) 
Health insurance 0.541*** 0.117 0.151 1.218*** –0.124 0.253 
 (0.144) (0.212) (0.119) (0.374) (0.627) (0.202) 
Car insurance –0.446*** 0.224 –0.028 –0.917** 1.021 0.002 
 (0.173) (0.291) (0.105) (0.411) (0.831) (0.181) 
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Health cond. (c)  –0.179 –0.175 –0.283*** –0.464 –0.553 –0.487*** 
 (0.142) (0.220) (0.087) (0.336) (0.661) (0.158) 
Health cond. (a)  0.101 –0.542* –0.265*** 0.262 –1.895* –0.461*** 
 (0.173) (0.286) (0.106) (0.387) (0.994) (0.188) 
Urban –0.064 –0.097 0.160 –0.141 –0.429 0.269 
 (0.152) (0.190) (0.100) (0.325) (0.593) (0.173) 
Age  –0.053   –0.127   
  (0.066)   (0.149)   
Age2 / 1000 0.474   1.150   
  (0.821)   (1.881)   
WIC 0.268   0.513   
  (0.180)   (0.414)   
Income / 1000 –0.414***   –1.057***   
  (lagged) (0.050)   (0.246)   
Afford med. 0.058   0.111   
  (lagged) (0.171)   (0.380)   
Cut meals 0.135   0.293   
  (lagged) (0.155)   (0.342)   
Food bank 0.160   0.190   
  (lagged) (0.176)   (0.390)   
Age 30–44  0.040 –0.247***  0.122 –0.434*** 
   (0.249) (0.094)  (0.697) (0.166) 
Age 45–64  –0.579** –0.604***  –1.968* –1.007*** 
   (0.301) (0.132)  (1.089) (0.251) 
Income / 1000  0.118 –0.036  0.608** –0.047 
   (0.082) (0.060)  (0.270) (0.100) 
Hungry  –0.080 –0.409***  –0.003 –0.710*** 
   (0.283) (0.095)  (0.843) (0.174) 

(0) (1)
2 2,μ μ   1.291*** 1.226***  3.683*** 2.124*** 

  (0.231) (0.076)  (0.940) (0.208) 
(0) (1)
3 3,μ μ   2.171*** 2.150***  6.336*** 3.667*** 

  (0.311) (0.093)  (1.472) (0.369) 
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(0) (1)
4 4,μ μ   3.095*** 2.922***  9.922*** 5.031*** 

  (0.397) (0.108)  (2.618) (0.591) 
* * *

1 2, ,dκ κ κ     2.271** 3.81 1.006*** 
    (1.022) (1.745) (0.307) 

0 1,d dθ θ   2.636 4.385***  1.675 4.072*** 
  (2.118) (1.364)  (1.643) (1.288) 

0 1,d dτ τ   0.275 0.416***  0.181 0.393*** 
  (0.194) (0.095)  (0.168) (0.095) 
Log likelihood –1898.629 –1899.178 

Note: Asymptotic standard errors in parentheses. Asterisks indicate levels of significance: *** = 1%, ** = 

5%, * = 10%.
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Table A1 Continued 

 

 Gaussian-Gaussian Gaussian-Burr 

 Switching: SAH Switching: SAH 
Variable SNAP Non-particip. Participants SNAP Non-particip. Participants 

Constant 2.513* 1.870*** 1.146*** 5.164* 3.018 1.963*** 
 (1.348) (0.652) (0.220) (3.003) (1.883) (0.352) 
Household size 0.003 –0.110 –0.066 0.011 –0.157 –0.118 
 (0.083) (0.141) (0.050) (0.201) (0.425) (0.084) 
Children 0.279*** 0.453*** 0.184*** 0.623*** 0.961* 0.301 
 (0.095) (0.159) (0.054) (0.250) (0.533) (0.096) 
White 0.010 –0.181 0.234** –0.024 –0.757 0.357** 
 (0.169) (0.228) (0.108) (0.366) (0.713) (0.175) 
Employed –0.707*** 0.300 0.217*** –1.522*** 1.811* 0.340 
 (0.142) (0.310) (0.084) (0.359) (1.022) (0.137) 
High school 0.006 –0.091 0.142* 0.083 –0.790 0.243* 
 (0.144) (0.226) (0.085) (0.326) (0.775) (0.135) 
≥ Some college –0.170 0.197 0.125 –0.389 –0.169 0.212 
 (0.146) (0.218) (0.091) (0.332) (0.724) (0.144) 
Married –0.248* –0.373 –0.152 –0.519 –1.603** –0.225 
 (0.151) (0.232) (0.104) (0.350) (0.790) (0.162) 
Div/sep/wid –0.051 –0.475* –0.192* –0.048 –2.003** –0.295* 
 (0.171) (0.253) (0.104) (0.389) (0.894) (0.165) 
Apartment 0.196 0.299 –0.027 0.419 0.891 –0.055 
 (0.128) (0.203) (0.079) (0.291) (0.675) (0.124) 
Mobile home 0.113 –0.149 –0.070 0.086 –1.522 –0.125 
 (0.201) (0.247) (0.130) (0.443) (0.980) (0.203) 
Car –0.059 –0.238 0.017 –0.050 –0.485 0.038 
 (0.188) (0.303) (0.098) (0.418) (0.930) (0.156) 
Health insurance 0.539*** 0.190 0.158 1.231*** –0.096 0.268 
 (0.144) (0.210) (0.118) (0.381) (0.690) (0.182) 
Car insurance –0.461*** 0.133 –0.034 –0.963** 1.151 –0.040 
 (0.176) (0.296) (0.103) (0.418) (0.903) (0.164) 
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Health cond. (c)  –0.152 –0.188 –0.281*** –0.422 –0.654 –0.450*** 
 (0.139) (0.225) (0.086) (0.334 (0.735) (0.145) 
Health cond. (a)  0.062 –0.475* –0.263*** 0.224 –2.086** –0.414** 
 (0.173) (0.268) (0.104) (0.385) (1.072) (0.171) 
Urban –0.064 –0.103 0.151 –0.136 –0.473 0.241 
 (0.152) (0.192) (0.099) (0.327) (0.652) (0.158) 
Age –0.063   –0.145   
  (0.067)   (0.150)   
Age2 / 1000 0.606   1.392   
  (0.842)   (1.902)   
WIC 0.253   0.485   
  (0.178)   (0.410)   
Income / 1000 –0.379***   –0.999***   
  (lagged) (0.048)   (0.240)   
Afford med. 0.069   0.158   
  (lagged) (0.172)   (0.383)   
Cut meals 0.158   0.333   
  (lagged) (0.156)   (0.342)   
Food bank 0.231   0.226   
  (lagged) (0.181)   (0.391)   
Age 30–44  0.023 –0.230***  0.141 –0.376*** 
   (0.251) (0.092)  (0.774) (0.150) 
Age 45–64  –0.599** –0.582***  –2.162* –0.912*** 
   (0.296) (0.130)  (1.222) (0.224) 
Income / 1000  0.087 –0.037  0.667** –0.059 
   (0.081) (0.058)  (0.293) (0.089) 
Hungry  –0.035 –0.392***  0.082 –0.635*** 
   (0.294) (0.094)  (0.937) (0.157) 

(0) (1)
2 2,μ μ   1.295*** 1.170***  4.010*** 1.916*** 

  (0.225) (0.076)  (1.033) (0.189) 
(0) (1)
3 3,μ μ   2.161*** 2.082***  6.904*** 3.318*** 

  (0.297) (0.096)  (1.620) (0.329) 
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(0) (1)
4 4,μ μ   3.032*** 2.852***  10.787*** 4.530*** 

  (0.379) (0.112)  (2.894) (0.515) 
* * *

1 2, ,dκ κ κ     2.391** 4.159** 0.806*** 
    (1.083) (1.904) (0.270) 

0 1,d dθ θ   0.522** 0.673***  0.237 0.679*** 
  (0.248) (0.113)  (0.229) (0.104) 
Log likelihood –1899.434 –1899.314 

Note: Asymptotic standard errors in parentheses. Asterisks indicate levels of significance: *** = 1%, ** = 

5%, * = 10%. 

 

 

 


