
AbstrAct
This research demonstrates the negative relationship between 
postsecondary completion and public assistance use in Utah. This research 
uses data from two public assistance programs, Supplemental Nutrition 
Assistance Program (SNAP), and Temporary Assistance for Needy Families 
(TANF) between 2009 and 2019, combined with postsecondary enrollment 
and graduation information from the Utah System of Higher Education, 
along with wage, employment, and industry information from the Utah 
Department of Workforce Services. This study uses an inverse probability 
weighted staggered adoption difference-in-differences method to estimate 
the effect of postsecondary program completion on public assistance use. 
This study finds that those who complete a postsecondary program are 
expected to use fewer months of assistance after completion compared 
to before completion. The cohort average treatment effects are larger for 
those who graduated earlier in the observation time frame; after completion 
of a postsecondary program those who completed during the first year of 
assistance used half as many months per observation period than those who 
graduated in the last two years of observation. This study also demonstrates 
the differences in employment at the beginning and end of public assistance 
use between those who complete a postsecondary program and those who 
do not. Taken together it is reasonable to attribute the reduction in use to 
postsecondary education.
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The State of Utah, in conjunction with the Federal 
Government, administers two important public 
assistance programs. These are Supplementary 
Nutrition Assistance Program (SNAP) colloquially 
known as “food stamps,” and Temporary Assistance 
for Needy Families (TANF) colloquially known as 
“welfare.” Both of these programs are intended 
to help families in need become “self-sufficient” 
(HHS; USDA) and are purportedly designed to that 
end. With the established relationship between 
postsecondary education and earnings (discussed 
below), it stands to reason that the completion 
of a postsecondary program should complement 
the goals of these programs for public assistance 
users. This research finds that the completion of a 
postsecondary program in Utah leads to decreased 
use of SNAP and decreased TANF use.
To demonstrate the effects of the completion of a 
postsecondary program on public assistance use 
this study uses data from the Utah Department 
of Workforce Services along with the Utah System 
of Higher Education between the years 2009 and 
2019 to create a treatment group, those who 
receive public assistance and complete a public 
postsecondary program, and a control group, those 
who receive public assistance but do not complete 
a public postsecondary program. The analysis is 
limited to those who complete a technical certificate, 
an Associate’s degree, or a Bachelor’s degree. The 
outcome measure is the number of months of use 
during each standardized half-year observation 
period. This study will use a novel method of 
identification, a staggered adoption difference-
in-differences technique (Sun & Abraham, 2021). 
This will compare the outcomes of the program 
completers before and after program completion 
and present a treatment effect on the treated. 
Additionally, this study will describe the dynamics of 
use along with the employment dynamics of public 
assistance users. 
The main measure for qualification for public 
assistance programs is income. Previous research 
from the Utah Data Research Center (UDRC) has 
shown that postsecondary program completion is 
associated with higher wages in Utah (Scott, 2019). 
Generally, more education is associated with higher 
wages (Heckman et al., 2018). The exact mechanism 
through which education is associated with income 
is not testable in this research but two plausible 
pathways exist. The first is through additional 
human capital. These are the increased skills and 
knowledge embodied in a person as they become 
more educated. This leads to higher productivity 
and given a favorable labor market structure this 

1 | IntroductIon leads to higher wages, see for example Becker 
(2009). A second plausible pathway is through 
the ability of education to signal productivity. If 
employers are unable to ascertain how productive 
a potential employee is educational attainment will 
group workers of the same productivity by how 
much education they complete (Arcidiacono et al., 
2010). As those who use public assistance tend 
to be close to poverty before use there may be 
negative productivity signals that are canceled out 
with the completion of education. 
Importantly, the population of interest’s earnings 
is sensitive to changes in education. Turner (2016) 
shows that completion of community college is 
associated with higher wages for welfare recipients 
in Colorado, a neighboring state of Utah. Martinez 
(2020) shows that in Utah a postsecondary 
education is associated with higher wages for those 
who experience intergenerational poverty, a subset 
of the population in this research. Beyond higher 
wages, postsecondary education is associated with 
a lower likelihood of time spent unemployed, and 
higher workforce attachment (Martinez, 2020). This 
shows that the population of interest for this study 
is sensitive to changes in educational attainment.
The current incarnation of SNAP and TANF stems 
from the Personal Responsibility and Work 
Opportunity Reconciliation Act of 1996 (PRWORA), 
often referred to as “welfare reform.” This law had 
large effects on TANF and led to minor changes 
to SNAP. TANF moved from a federally funded 
program to joint federal and state administration 
and funding with federal block grants to states. In 
Utah, TANF is subject to a 36-month lifetime benefit 
limit. In Utah, there is no benefit limit for SANP use. 
The new system also prioritizes recipients finding 
employment and staying employed. This change 
was a response to critics of the old system who said 
it created work disincentives (Chan & Moffitt, 2018). 
This law is relevant to the findings of this work and 
will be discussed later in this section.

1.2 | Program Requirements

1.1 | Background/Intro

Eligibility for TANF and SNAP is mainly determined by 
income. The Standard Needs Budget (SNB) is used 
as the income limit for TANF, with the gross income 
cutoff being 185% of the SNB. In 2013, for a family of 
two, the SNB was $456 a month. For SNAP eligibility 
the gross income cutoff was 1.3 times the Federal 
poverty level. The Federal poverty level varies based 
on family size; for a two-person household, the 2013 
poverty level was $15,510, and for an eight-person 
household it is $39,630. The poverty level increased 
each year of this study. 
The income that is counted for eligibility is not 
only the income of the recipient but the income of 
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must work at least 20 hours a week. If there is 
a voluntary reduction of hours or the benefit 
recipient quits, they can lose benefits (Department 
of Workforce Services, 2021). Those who are not 
employed must submit proof of attempts to find 
work and have various education and training 
requirements (Department of Workforce Services, 
2021).
In 2017 the average family size in Utah was 3.19 
people per household (Kem C. Gardner Policy 
Institute, 2018). This falls in between the two 
household sizes reported in Table 1. For many 
industries, less than full-time employment but 
more hours than the mandated minimum can lead 
to enough income to phase out of the program. 
During the time spent in school, there is a tradeoff 
between the current hours that a benefit recipient 
can work and the future returns realized through 
higher wages. This happens due to the time that 
must be spent in the classroom; for a full-time 
degree seeker, this is between 12 and 15 hours a 
week (24 to 45 hours per week for full-time degree 
seekers). Beyond time spent in the classroom, there 
are additional hours that must be dedicated to 
studying and additional required work. Combined 
with the care work that most recipients have, this 
tradeoff may be the difference between continued 
qualification for benefits and not, while this is not an 
obstacle for those who are not in a postsecondary 
program. 

adults living in the household. If a single parent was 
receiving SNAP benefits and had two children, one 
a teenager old enough to work and the other not, 
provided the teenager is under 18 and in school, the 
family income would only be the parent’s income. In 
the case of a two-parent household with two young 
children, the income of both parents is counted as 
the household income. 
Average wages for several of the common industries 
of employment (further discussed in section 3.1) 
increased during the ten-year time frame, shown in 
Table 1. During the period of this study, the poverty 
limit increased though the standard needs budget 
did not. Average wages increased faster than the 
poverty level in each industry as evidenced by the 
fewer hours needed to earn an income above that 
which qualifies for SNAP. For those working in 
administrative and support services, there was a 
16.3% and 15.7% decrease in the number of hours 
needed to work during this period for two-person 
and four-person households. Those who worked 
retail with a two-person household needed to work 
7% fewer houses to earn an income above the 
gross cutoff for SNAP and 6.6% fewer hours for a 
four-person household. Those employed in the fast 
food industry needed to work more than full time 
for all family sizes and periods, though there were 
reductions of 17.9% and 17.4% in the number of 
hours needed to earn more than the gross income 
cutoff. 
There are additional eligibility requirements beyond 
income limits. Eligibility for TANF includes job 
training, education, and job search requirements, 
and limits on the total value of assets that belong 
to the family. SNAP recipients have the same non-
income requirements and those who are employed 

SNAP

Wage 2 Person 4 Person

Industry 2009 2019 2009 2019 2009 2019

Admin and Support $15.22 $21.10 24 20 36 31

Food Services $7.25 $10.25 50 41 76 63

Retail $10.12 $12.65 36 33 54 51

TANF

Admin and Support $15.22 $21.10 13 9 19 13

Food Services $7.25 $10.25 27 19 39 28

Retail $10.12 $12.65 19 15 28 22

Table 1: Average Wage and Hours of Work Need to Earn Above Program Income Cutoff. Based on working 52 weeks a year. 

1.3 | Literature Review
There are relatively few studies that directly test 
for a relationship between the completion of a 
postsecondary program and public assistance use. 
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literature: this research uses a broader definition of 
postsecondary completion by accounting for both 
degrees and technical certificates. This research 
uses both SNAP and TANF as public assistance 
programs of interest. Finally, this research uses 
administrative data from Utah to look at the 
population over several years rather than just a 
sample. 

The majority of studies surveyed here focus on 
the relationship between college attendance and 
completion and the use of cash-based assistance 
(Barrett, 2000; London, 2005, 2006). One study is 
from Canada (Barrett, 2000), while this study has 
different institutional settings, the results are still 
informative. All but one of the studies reviewed use 
national data (Barrett, 2000; London, 2005, 2006).  
Barrett (2000) uses data from the Canada Assistance 
Plan, which provided financial assistance to needy 
individuals and families. This is administrative 
data between the years 1986 to 1993. This study 
uses the self-reported level of education at the 
onset of assistance use to measure postsecondary 
completion. Barrett (2000) uses a survival technique 
with the data organized by assistance spell. Women 
with postsecondary education are more likely to 
exit assistance sooner than those with only a high 
school education. Additionally, those who were in 
school were more likely to have longer spells of use 
(Barrett, 2000).
London (2006) tests for the effect of postsecondary 
graduation for TANF recipients. This study uses the 
1979 National Longitudinal Survey of Youth (NLSY) 
restricted to women. This is a 20-year panel that 
can address how the completion of either a two or 
four-year college degree relates to employment, 
return to welfare, and family poverty both one and 
five years after the first spell on TANF. Using an 
Instrumental Variables technique graduation from 
a college program is associated with lower poverty 
and higher employment one and five years after 
TANF use and lower TANF use five years after initial 
TANF use (London, 2006). 
Johnston (2020) focuses on SNAP recipients in Utah. 
This study uses UDRC data to determine SNAP use 
by those who earned a degree or certificate. The 
sample is anyone who received SNAP benefits in 
2013 and degree or certificate awardees in 2013. All 
analysis starts from 2014.  This study finds that the 
attainment of a degree or a certificate is associated 
with fewer months of SNAP use after the initial year 
of observation (Johnston, 2020).   
In related work, the NLSY is used to test the 
relationship between attending college and the 
number of months of public assistance use (London, 
2005). Attending college while on TANF is associated 
with 9 additional months of TANF use. The 
relationship between those who graduate college 
while not receiving TANF benefits becomes strongly 
negative; this subgroup is expected to use 29 fewer 
months of TANF benefits. Finally, those who enter 
TANF while enrolled in college are more likely to 
graduate than those who enroll in college after 
starting TANF (London, 2005).  
This work has three main contributions to the recent 

2 | Methods

2.1 | Data
The two public assistance programs, TANF and 
SNAP, come from the State of Utah Department 
of Workforce Services Management Information 
Systems (MIS). MIS compiled all SNAP and TANF 
users from 2008 to 2020 in separate data sets. 
These two data sets were added to UDRC’s 
databases for de-identification and matched 
through UDRC’s person-matching algorithm. To 
avoid counting users who may have used public 
assistance before data were available, stopped use, 
and then started using again when the data were 
available only those users whose first month of use 
was between January 2009 and December 2015 
were included in this study. Missing the first spell 
of use would reduce the number of months eligible 
for TANF and potentially bias the results. This cut-
off, 12 months after the first available user, is the 
77th percentile of the maximum number of months 
between months of use for SNAP users, and the 
87th percentile for TANF users so it is reasonable 
to use without losing too many observations or 
including too many individuals who are on a second 
welfare spell. 
Each data set is organized by the individual, by each 
month, and by year of use.  Additionally, each data 
set contains information on household size, veteran 
status, gender, race, birthdate, highest level of 
education upon first applying for aid, and Zip Code 
of residence. This list was filtered to those who were 
between 18 and 60 years old on the first month of 
use, whose first month on public assistance was 
between January 2009 and December 2014, and 
those who had less than a Bachelor’s degree as 
prior education. The final month of observations 
was December 2019, so results are consistent due 
to Federal and state governments waiving benefit 
limits and other eligibility requirements during the 
2020 coronavirus pandemic recession.
Each data set only contains the month and 
year during which an individual used the public 
assistance program. To create the first outcome 
probability of use of the public assistance program 
of interest on any month after the initial month of 
use 60 months were added to the initial month in 
R (R Core Development Team, 2019). These were 



merged by month and year that each individual 
used public assistance and the outcome variable 
was marked as “1” for using public assistance. 
The months that the individual did not use 
public assistance were marked “0” as not using 
public assistance. These data sets were merged 
by quarter and year to wage and industry data 
from DWS Unemployment Insurance pay-ins. 
This data contains quarterly income and industry 
of employment as North American Industry 
Classification System (NAICS) code. For individuals 
who had multiple industries of employment in one 
quarter, the industry from which the individual 
earned the most income was counted as the 
primary industry. All industries were aggregated at 
the three-digit subsector. 
The variable of interest is the completion of a 
postsecondary program. This data comes from the 
Utah System of Higher Education (USHE) and is 
limited to public technical colleges or universities in 
Utah. The treatment is the completion of a technical 
certificate, Associate’s degree, or Bachelor’s 
degree, during the observation time frame. Those 
who completed a graduate degree during the 
time frame were dropped from the analysis. If an 
individual completed a degree or certificate during 
the five years, they are marked as a completer 
for the month they complete their program 
and each month thereafter and are part of the 
treatment group. This measure can take the values 
of “1,” for those who completed a postsecondary 
program, or “0” for those who did not complete a 
postsecondary program during the period. Due to 
differences in the scope and length of the technical 
programs compared to degree programs each 
treated group was separated from the other. This 
was to allow for potential differences in treatment 
effect. Operationally, those who earned a technical 
certificate were compared to those who did not 
complete a postsecondary program but were not 
compared to those who earned a degree. Those 
who earned a degree were compared to those 
who did not complete a postsecondary program 
but not those who earned a technical certificate. 
Two separate analyses were done, one for degree 
completers and one for certificate completers. 
For those who completed multiple programs, only 
the last completed program was counted as the 
treatment. 
Additional individual characteristics provided by 
MIS were gender, race, birthdate, veteran status, 
and the highest level of education in the first month 
of public assistance use. Gender was reported as 
male or female. The race category does not cover 
ethnicity and has values: American Indian or Alaska 
Native, Asian, Black or African American, Multi-
race, Native Hawaiian or Pacific Islander, Other, 

Unspecified/Undeclared, white, and missing.  Those 
with missing values were converted to Unspecified/
Undeclared. Without ethnicity, it was not possible 
to know if an individual was Hispanic or Middle 
Eastern, or North African. The possible values of 
veteran status are: Under 30% disabled, greater 
than 30% disabled, regular, reserve or National 
Guard, and spouse. Individuals that did not have 
a veteran status were marked as non-veteran.  
Birthdate was used to calculate the age at the start 
of each month for each individual with the month 
containing an individual’s birthdate marked as 
older of the two possible ages. Highest education 
takes values: 1-15, GED, HS Diploma, Certificate of 
Attendance or Completion, Associate, Bachelor, 
Postsecondary Degree or Certificate, Grad Study 
or Degree, and None or Unknown. Those with 
education values from 1-11 were marked as “less 
than high school;” those with “12,” “GED,” and “HS 
Diploma” were grouped as “High School;” those with 
reported values of “13-15” were assigned “some 
college.”  These are self-reported education levels. 
Those with “Grad Study or Degree” were dropped.
The data were standardized to a relative time frame 
where the first month of use was set as the first 
observation month with each subsequent month 
being observation months two through 60.  The data 
was aggregated into six-month observation periods. 
This was done to address two issues, the first was 
to ensure that each observation period had enough 
completers to estimate the effect of graduation. The 
second addressed computer memory limitations, to 
estimate the effect of completion R had to allocate 
a vector of greater than 17 GB, which was greater 
than the physical RAM on the computer used for 
analysis. After aggregation, each individual had 10 
observation periods.

5

2.2 | Empirical Strategy
The main outcome is the number of months spent 
on public assistance for each standardized half-
year observation period. The variable of interest 
is the completion of a postsecondary program. In 
a regression technique, it is common to control 
for additional variables beyond the independent 
variable of interest. This was not possible in 
this analysis due to the already noted physical 
limitations of the hardware used. To compensate 
for this a two-stage process was used to quantify 
the relationship between postsecondary program 
completion and public assistance. First, a propensity 
score technique, explained in section 2.2.1, was 
used to create inverse probability weights (IPW) for 
each individual. This technique is a way to control 
for confounding variables before a regression 
technique. The propensity score is used to create 
IPWs which put higher weight on observations in 



the control group, those who did not complete a 
postsecondary program, that are most similar to 
the treatment group, those who did complete a 
postsecondary program, while putting less weight 
on the observations from the control group that are 
least similar to the treated group. The propensity 
measures the probability that any individual is 
treated, this is then transformed into a weight 
to weight each observation in the second stage 
regression. This is to control for confounding 
variables that cannot enter into the difference-
in-differences approach due to the previously 
mentioned limitations of hardware available for 
analysis. The second stage is a staggered adoption 
difference-in-differences (DID) approach, explained 
in section 2.2.2. Since not every individual who was 
treated was treated in either the same standardized 
observation period or the same calendar month 
and year this leads to a “staggered adoption” 
of treatment. The DID approach allows for the 
relationship to not only be quantified but can point 
to the changes in public assistance use being caused 
by the completion of a postsecondary program.  

The first stage of the analysis is to create inverse 
probability weights (IPW) for use in the staggered 
adoption difference-in-differences technique. The 
weighting technique ensures that members of the 
control group who are most similar to members 
of the treatment group are compared to members 
of the treated group. Normally, in regressions, 
control variables are included in the model to 
control confounding variables so the relationship 
between the variable of interest and outcome is not 
biased. In the context of propensity score matching, 
rather than explicitly using control variables in the 
regression of the treatment on the outcome, the 
IPW is used to put more weight on the observations 
of members of the control group who are “most 
similar” to the treated group (Huntington-Klein, 
2021). In the context of the propensity score, the 
most similar refers to those of the control who 
wore most likely to be treated but were not. This is 
determined through a regression.  
Equation 11 models the propensity for treatment 
for both those who completed a degree and those 
who completed a technical certificate. Those who 

1 An additional model included the weighted aver-
age of distance to nearest university and the square 
of the weighted average to the nearest postsecond-
ary institution based on zip code of residence. The 
resulting IPWs were nearly identical to those that 
did not include distance but excluded individuals. 
To keep as many observations as possible these 
propensity scores and IPWs were not used in the 
analysis. 

2.2.1 | Propensity Score and Weighting 

completed one type of postsecondary program 
were not included in the estimation of the other; 
when estimating the propensity for treatment for 
those who completed a technical certificate those 
who earned a degree were dropped and vice-versa. 
The control group will have two propensity scores, 
one for earning a technical certificate and one for 
earning a college degree. Those who completed a 
postsecondary program will have a single propensity 
score for their treatment. Equation 1 was estimated 
using probit regression.
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Equation 1 is used for both types of postsecondary 
graduates, those who earned a degree and those 
who earned a certificate. The outcome, yi, is a binary 
variable that takes the value 1 if the individual 
completed the postsecondary program and 0 if 
they did not. Gender is a categorical variable with 
females as the reference category. The variable Race 
is a categorical variable with white as the reference 
category. Age and Age² capture the relationship 
between age and graduation from a postsecondary 
program, the square term allowing for diminishing 
returns to age. The imputed number of hours 
worked for each of the 4 quarters before including 
the first month of use is HoursQt-n,i, the calculation 
is shown in Appendix A. Month is a categorical 
variable controlling for the first calendar month with 
January as the reference group; this is to address 
potential seasonal trends. Year controls for the 
first calendar year of use and controls for effects of 
changes to economic conditions over time which 
may affect both the choice to enroll in and stay 
in a postsecondary program. The variable εi is the 
individual error term. 
 The IPW is used to make the treatment and control 
groups as similar as possible (Huntington-Klein, 
2021). To create the IPW first the propensity for 
each unit was recovered from Equation 1, the 
propensity score is simply the probability a given 
unit was treated. The propensity score ranges 
from zero to one and is therefore transformed 
with the IPW otherwise the only units that could 
receive full weight would be those with a treatment 
propensity of 1. For those who were treated the 
IPW is calculated as 1/PS, where PS is the propensity 
score. The IPW for those who did not complete a 
postsecondary program is 1/(1-PS). These weights 
were used to weight each individual in the second 

Probit(yi ) = β₀ + β₁Genderi + β₂Racei + 
 β₃Agei + β₄Agei² + β₅HouseHoldSizei + 
 β₆HoursQt-1,i + β₇HoursQt-2,i +   
 β₈HoursQt-3,i  + β₉HoursQt-4.i + 
 δ₁Monthi + δ₂Yeari + εi  

(1)



The difference-in-differences approach estimates 
the average treatment effect on the treated. 
Adopting the potential outcomes terminology, the 
outcome of interest is Y (Cunningham, 2021). If an 
individual is treated the outcome is Y^1, and if an 
individual is not treated than the outcome is Y^0. 
While there is the potential for any individual to be 
treated or not treated only one of those outcomes 
occurs and is observed. This is represented as:

the same for all individuals, pre and post-treatment, 
and two groups treatment and control. The ATT is 
then estimated with a regression with two groups 
by two time periods (2x2). Given the staggered 
treatment of this study dividing the data into many 
pre and post-treatment groups and creating many 
2x2 pairs, the estimation method can lead to bias 
(Goodman-Bacon, 2021). To address this potential 
identification issue due to the staggered nature of 
graduation the second stage will follow Sun and 
Abraham (2021). This also allows for the recovery 
of both the ATT, cohort-specific ATT (CATT), and 
dynamic treatment effects.
In the staggered adoption DID method treatment 
cohort, E, is the standardized observation period, 
t, that an individual graduated and can take values 
1-10, those who were not treated were assigned a 
cohort of ∞. The time period centered around the 
treatment period, l, takes values -8 through 9 for 
those who were treated, and -100 for those who 
were not treated. The CATT is estimated using:
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Equation 5 controls for individual and time-specific 
trends with fixed effects α for each individual, 
and λ for each time period. The double sum is 
the interaction between time period relative to 
treatment and treatment cohort with 𝟏{𝐸i = 𝑒} is 
an indicator that takes a value 1 when individual 
i’s treatment cohort is equal to the specific cohort 
and 0 for others, 𝟏{t − 𝐸i = l}) is an indicator that 
takes the value of 1 when the difference between 
the individual i’s treatment cohort and the relative 
time period are l periods apart. The error term is 𝜖i. 
The control group is those who did not complete a 
postsecondary program. The control is not included 
in the double interaction term but enters through  
λt, the time fixed effects. As previously noted the 
assistance programs are designed to transition 
users off of use quickly so each period there should 
be exit regardless of treatment status, this is 
captured in time period fixed effects and provides 
the counter-factual trend for those who are treated. 
The CATT is  δ̂e,j multiplied by a weight for each 
cohort, discussed in depth in Sun and Abraham 
(2021), gives the ATT.

Yi  = DiYi¹ + (1 −  Di )Yi⁰  
(2)

Equation 2 is the observed outcome, where Di 
if the treatment indicator, taking a value of 1 if 
the individual was treated and 0 otherwise. The 
observed outcome will be Yi

1 for an individual that 
was treated and Yi

0 for one who was not treated. 
If it were possible to observe the same individual’s 
outcome from both states, treated and not treated, 
the treatment effect is:

δi  = Yi¹ −  Yi⁰  
(3)

Equation 3 is the treatment effect for an individual, 
the mean of all individual treatment effects 
would be the average treatment effect. This is not 
possible to observe as an individual can only be 
treated or not treated but not both. Difference-in-
differences allows a way to calculate an Average 
Treatment Effect on the Treated (ATT) through the 
use of observing outcomes before, pre, and after 
treatment, post, for groups that were not treated, Di 
= 0 (U), and groups that were treated, Di = 1 (T). The 
estimated ATT is:

δ̂T,U = (ȲT
post(T) −  ȲT

pre(T)) −  (ȲU
post(T) −  ȲU

pre(T))
(4)

In Equation 4 all Ȳs are the average outcomes. 
The subscripts represent the treated, T, and the 
untreated, U. The superscripts represent the time 
period relative to a common treatment time. 
Equation 4 is the difference between the differences 
in average outcomes between the treated and the 
untreated in the pre and post-treatment periods. 
Given parallel pretreatment trends of outcomes, this 
gives the average treatment effect on the treated 
(ATT). 
This simple setup assumes that all individuals are 
treated at the same time and that the observations 
can neatly be divided into two time periods that are 

Yi,t  = αi + λt +Σ
e≠∞ 

Σℓ≠-1 δe,l(𝟏{𝐸i = 𝑒} ⋅ 
  𝟏{t − 𝐸i = l}) + 𝜖i  

(5)

2.3 | softwAre 
The analysis for this project was done with R (R 
Core Development Team, 2019) and in RStudio 
(RStudio Team, 2020). Additionally, the Tidyverse 
suite of packages was used (Wickham et al., 2019) 
along with Lubridate (Grolemund & Wickham, 2011) 

2.2.2 | dIfference-In-dIfferences 

stage regression. 



and extrafont (Chang, 2022). The Difference-in-
Differences analysis was completed using the fixest 
package (Berge, 2018).

women. For SNAP users 96.1% did not graduate 
from a postsecondary program and 96.9% of TANF 
recipients did not graduate from a postsecondary 
program, shown in Table 2. During the observation 
window 12,530, 3.9%, SNAP users and 601, 3.1%, 
TANF users completed a postsecondary program. 
While these are a small relative percent of 
overall public assistance users there are enough 
observations to use the chosen methods. 

There are differences in demographics between 
those who completed a postsecondary program and 
those who did not. Table 3 shows the demographics 
of those who were treated and those who were not. 
Compared to the control group the treated group 
is whiter, with 12 percent more for TANF users and 
only 0.9 percent more for SNAP users. Those who 
were treated were younger in the first month of 
use compared to the control group. TANF users 
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3 | results

3.1 | descrIptIve stAtIstIcs 
Between January 2009 and December 2015 321,304 
Utahns used SNAP, and 19,384 Utahns used TANF. 
Table 2 shows the demographic composition of 
SNAP and TANF users. The majority of SNAP users 
and TANF users, 54.3% and 61.6% were white. The 
second largest group for both SNAP and TANF 
users, 37.8% and 27.2% respectively, did not have 
race specified. Black Utahns were 2.1% of SNAP 
users and 4.4% of TANF users. American Indian 
or Alaska Native users were 3% and 3.3% of SNAP 
and TANF users respectively, Native Hawaiian or 
Pacific Islander users were 3% of SNAP users and 
3.3% of TANF users Finally, Asian users were 1.4% 
of SNAP users and 2.1% of TANF users; people who 
identify as any other race or multi-racial each were 
less than 0.5% of each program’s users. Compared 
to state-level demographics, white users, 77.8% of 
Utahns, are under-represented in both programs 
while Black Utahns, 1.5%, are over-represented 
along with American Indian or Alaska Native, 1.6% 
(U.S. Census Bureau, 2020). The vast majority of 
public assistance users did not graduate from a 
postsecondary program. The gender difference in 
use between TANF and SNAP is large, 85.5% of TANF 
users were women while 53.8% of SNAP users were 

Table 2: Demographic makeup of public assistance users.

TANF SNAP

White 62% 54%

Unspecified 27% 38%

Black or African American 4% 2%

Native Hawaiian or Pacific 
Islander

1% 1%

American Indian or Alaska 
Native

3% 3%

Asian 2% 1%

Other 0% 0%

Multi-race 0% 0%

Female 85% 54%

Male 16% 46%

Graduate/Treated 3% 4%

Observations 19,384 321,304

TANF SNAP

Control Treated Control Treated

Average 
Age

31 29.80 32.9 28.5

Average 
Household 
Size

2.9 2.90 2.9 3.3

White 61% 69% 54% 55%

Unspecified 27% 23% 38% 40%

Black or 
African 
American

5% 3% 2% 2%

American 
Indian or 
Alaska 
Native

3% 4% 3% 2%

Asian 2% - 1% 1%

Native 
Hawaiian 
or Pacific 
Islander

1% - 1% -

Multi-race - - - -

Other - - - -

Average 
Months of 
Use

9.7 10.7 33.1 29.7

Table 3: Demographic differences between treatment and 
controls groups. Groups with a dash were repressed for 
privacy..



who completed a postsecondary program were 
roughly 1.2 years younger than the control group. 
For TANF users there is no difference between the 
average household size between the control and 
the treatment group. For SNAP users the average 
household is 13.8 percent (.4 people) larger for the 
treatment group than for the control group. 
Overall TANF recipients use about a third of the 
number of months of assistance as SNAP users, 
under one year of use compared to around two 
and three-quarter years of use. The treated group 
of TANF users used an average of 10.7 months 
of assistance during the 60-month observation 
window. The control group of TANF users had one 
fewer month of use on average, 9.7 months of use. 
The opposite relationship exists for SNAP users. The 
treated group of SNAP recipients used 3.4 fewer 
months of assistance on average than the control 
group, 29.7 compared to 33.1. Overall TANF users 
used fewer months of assistance than SNAP users.

By the end of the five-year observation window, the 
majority of public assistance users were no longer 
receiving assistance regardless of postsecondary 
completion status. Figure 1 shows the percentage 
of public assistance users who are still receiving 
benefits by observation month. As noted earlier, 
those who did not complete a program in the five-
year observation period are the control group and 

were used as the comparison group for both those 
who completed a degree and those who completed 
a certificate. The top row of Figure 1 shows patterns 
of use over time for SNAP users while the bottom 
row is TANF recipients. The left column compares 
certificate earners with the control group and 
the right column compares degree earners with 
the control group, the vertical dashed line is the 
average graduation month. For SNAP users there 
is a steady decrease in use for the first roughly half 
year then a slight increase as some people who 
previously stopped receiving benefits start again. 
This pattern repeats for roughly the first 21 months 
of use. For SNAP recipients the average use per 
observation period is similar between the treatment 
and control groups for degree earners, while 
there is a noticeable divergence after the average 
completion period between the control group and 
the certificate earners. TANF degree earns tend to 
use more months per observation period than the 
control group until the average graduation period 
with a slight divergence between the control and 
treated by the end of the observation window, the 
same pattern holds for those TANF recipients who 
complete a certificate. Overall there is evidence for 
parallel pre-treatment trends between those who 
complete a postsecondary program and those who 
do not. 
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Figure 1: Average months of public assistance use by public assistance 
program and postsecondary program type.
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After using a public assistance program, those 
who completed any postsecondary program are 
more likely to be employed than those who did 
not complete a postsecondary program. Figure 3 is 
organized the same as Figure 2 and demonstrates 
the main industries of employment after public 
assistance use. Admin and support services 
remain a key industry of employment for all four 
groups, and food services are no longer one of the 
main industries for TANF users who complete a 
postsecondary program but remain a main industry 
of employment for those who do not. Healthcare 
becomes a main employer for postsecondary 
completers from TANF, an industry that tends to 
have higher than average wages (U.S. Bureau of 
Labor Statistics, 2022). Though the majority of those 
who were employed were not employed in any of 
these industries. This demonstrates that for many, 
postsecondary program completion is a key to 
access to both employment and industries that tend 
to pay better.
The descriptive evidence points to similar patterns 
of use before postsecondary program completion 
as shown in Figure 1. For SNAP recipients the level 
of use is also similar between the treatment and the 
control group, for TANF users the control group’s 
use per period before completion is slightly higher. 
Figure 1 also shows evidence of divergence in 

During the first month of public assistance use, 
only those who go on to complete a postsecondary 
program and used SNAP were more likely to be 
employed than unemployed. There are differences 
in the top five industries of employment between 
those who go on to complete a postsecondary 
program and those who do not complete a 
postsecondary program. The main industries of 
employment at the start of assistance use are 
shown in Figure 2, with the columns showing 
completion status and the rows showing public 
assistance programs. Admin and Support Services 
is a main industry of employment for all groups, 
as is Food Services. Retail is an important industry 
for those who do not complete a postsecondary 
program, while Educational Services is a main 
industry of employment for those who go on to 
complete a postsecondary program. Educational 
Services as a main industry of employment for 
completers point to the possibility that there is 
already a premium placed on education among 
those who go on to complete a postsecondary 
program. Additionally, this is not an artifact of 
public assistance users who are already enrolled 
in a postsecondary program having work-study 
aid counted as employment as work-study is not 
considered employment and does not pay into 
unemployment insurance. 

Figure 2: Main Industries of employment during the first quarter of public assistance use.
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average use between the treated and the control 
after the average treatment period. These similar 
patterns show evidence of parallel trends between 
the treated and the control group. After public 
assistance use, those who complete a program 
are more likely to be employed than those who 
did not complete a program. Furthermore, those 
who did receive a postsecondary education are 
employed in different industries than those who 
did not complete a postsecondary program. This 
presents evidence of both an effect of completion 
of a postsecondary program and the mechanism 
through which it works, employment.

Figure 3: Main Industries of employment during the quarter containing the month of public assistance use.

0.6 fewer months after completion than before 
completion. The results for both SNAP and TANF 
users are robust to various placebo tests, the results 
are shown in Appendix B, lending more evidence to 
the casual nature of graduation on public assistance 
use.

The treatment effect by cohort demonstrates 
the longer-run payoff to postsecondary program 
completion. The CATTs are shown in Figure 5. 
The earliest graduating cohorts tend to have the 
largest treatment effect, while the latest treated 
cohorts tend to have an effect that is no different 
from zero. For the group treated in the last period, 
this is expected as there are no post-treatment 
observation periods. For those who completed 
programs during the second observation window, 
between months 7 and 12 of assistance use the 
CATT is larger than the ATT. For SNAP users it is 
0.8 and 1.4 additional fewer expected months for 
degree and certificate earners. For TANF users those 
who earn a degree are expected to use 0.4 months 
fewer than the ATT those who earn a certificate are 
expected to use roughly the same as the ATT. The 
more recent CATTs trend towards zero. By the fifth 
or sixth cohort, there is no treatment effect.

3.2 | regressIons results 
Completion of a postsecondary program decreases 
the expected number of months of post-graduation 
use for SNAP and TANF users regardless of the type 
of credential obtained. The ATTs are shown in Figure 
4. The completion of a degree leads to 1.7 fewer 
expected months of SNAP use every six months 
after graduation compared to before graduation for 
the graduates. The completion of a certificate leads 
to 1.1 fewer expected months of SNAP use every 
half year after program completion. The effect is 
smaller for TANF users, with certificate completers 
expected to use 1.01 fewer months per half-year 
period and degree completers expected to use 
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Figure 4: Average Treatment Effect on the Treated. This figure shows the expected difference of months of use before and 
after post-secondary program completion after controlling for general use trends.  

effect on public assistance use which does fit with 
the narrative of less use long-term. 
College enrollment has previously been linked with 
higher overall cash-based assistance use, London 
(2005) shows those who graduate from a college 
program are expected to use 25.7 additional 
months of cash-based assistance than those who 
did not attend college. Much of this occurred during 
the initial use London (2005) finds that those who 
graduate college have a 38% lower chance to reuse 
TANF. London (2006) shows that graduation from 
college reduces the chance of additional welfare 
spells five years after the initial welfare spell by 5.7 
percentage points. These additional findings are 
consistent with the dynamic treatment effects, the 
further an individual was from treatment the fewer 
expected months of TANF use. London (2005, 2006) 
did not test SNAP use but results presented here 
for SNAP users are consistent with the evidence 
of long-term benefits to postsecondary program 
completion.
Johnston (2020), finds that in Utah completion of 
a postsecondary program is associated with fewer 
months of SNAP use. This measured use after 
the first year of use and compared those who 
completed a postsecondary program with those 
who did not. These findings fit with the findings in 
this research showing the effects of completion 

These results show a negative relationship between 
postsecondary completion and public assistance 
use, completing a postsecondary program is 
associated with decreased public assistance 
use after graduation. Beyond establishing a 
negative relationship between completion and 
use the method used shows that the timing of the 
decrease in SNAP and TANF use is due to program 
completion. The method combined with an analysis 
of type and level of employment after use provides 
strong qualitative and quantitative evidence that the 
completion of a postsecondary program decreases 
SNAP and TANF use. 
Much previous research has shown higher levels 
of overall public assistance use for those who earn 
a college degree while using public assistance. 
This is not necessarily inconsistent with the 
results presented in this work due to the different 
methods. Often the increased use is early on 
or in the initial spell of use, with lower use after 
program completion. This research presents 
differences between pre and post-completion of 
a postsecondary program and does not directly 
compare assistance use with those who did not 
complete a postsecondary program, the CATTs show 
that the further from treatment the greater the 

4 | dIscussIon
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Figure 5: Cohort Average Treatment Effects. This figure shows the expected difference of months of use before and after 
post-secondary program completion for each cohort after controlling for general use trends. The cohort is the standardized 
observation period a treated individual completed a postsecondary program.



increasing over time. 
These results are hard to compare to Barrett 
(2000) who finds that women with postsecondary 
education have the highest exit rate from public 
assistance. Barrett (2000) uses the level of education 
upon public assistance entrance as the measure. 
Barrett (2000) includes a variable for school 
enrollment and finds that current enrollment 
decreases the exit rate, again consistent with 
this research. Overall these exit discrepancies 
partially represent differences in methodology and 
measurement.
TANF users who attended college were more likely 
to be employed both one and five years after the 
initial spell of use (London, 2006). Additionally, 
London (2006) shows that attending and completing 
college leads to reduced family poverty both 
one and five years after the initial welfare spell. 
These results are similar to descriptive findings 
in this study, that TANF and SNAP postsecondary 
program completers are more likely to be employed 
immediately following the initial spell on assistance. 
Additionally, this research demonstrates there are 
changes to the main industries of employment for 
public assistance users into industries with above-
average wages (U.S. Bureau of Labor Statistics, 
2022). Taken together, this research fits with 
previous research that points to enhanced long-
term employment and poverty outcomes for those 
who complete a postsecondary program. 
The results of this research complement and extend 
previous research by showing the effects of the 
completion of a postsecondary program on SNAP 
and TANF use. Previous research has shown that 
in the long-term completers are more likely to be 
employed and less likely to be in poverty (London, 
2005), and have shorter or fewer spells of use 
(London, 2006). This research shows that those who 
complete a public postsecondary program use fewer 
months than before graduation after controlling for 
overall use trends. This effect is larger for those who 
graduated earliest. 

4.1 | Limitations and Future 
Research

quasi-random assignment. Taken as a whole, these 
limitations make this research a starting point rather 
than an ending point for studying the relationship 
between public assistance use and postsecondary 
program completion. 
This study was not able to account for an important 
characteristic of public assistance users. The SNAP 
and TANF data did not contain information on the 
marital status of the benefit recipient. The presence 
of a spouse can bring in additional income, which 
makes spells of use not fully determined by the 
person who received the benefit. These control 
variables are important for several outcomes 
(Barrett, 2000; London, 2005, 2006) and in 
determining who attends college (London, 2005, 
2006). Without the ability to control for these, the 
results of work may be biased. Future research 
should address both the marital status and the 
number of dependents of benefit recipients.  
Given the time frame of this data, any long-
term changes in wealth, income, or poverty for 
completers have not been observed. The CATTs 
show the treatment effect increasing the further 
from postsecondary program completion users 
were. Given a longer observation window it would 
allow a description of if this pattern levels off or 
continues as shown in this research.
This research was not able to address the 
potential endogenous nature of the choice to 
attend a postsecondary program. This was due to 
insufficient data to instrument the choice to attend 
a postsecondary program. In this case, those who 
complete a postsecondary program may have 
certain unobservable characteristics that not only 
would make it easier to complete a postsecondary 
program but also find employment, stay employed, 
and be employed in a higher-paying job. All of 
these would determine the number of months 
of use and could be incorrectly attributed to the 
change in education. This leads the estimated 
treatment effect to be an upper bound of the effect 
of postsecondary program completion. Future 
research should address the endogenous nature of 
the choice to attend and complete a postsecondary 
program. This can be done using an instrumental 
variables technique, provided additional information 
is available such as aptitude and availability of 
postsecondary programs. 
A related weakness of this research is how the 
completion of a postsecondary program affects 
public assistance use. While the timing of the 
decrease in use is attributed to program completion 
the mechanism is not directly testable. As noted 
a postsecondary education creates a trade-off 
between current and future earnings; a student 
must sacrifice some income-earning work hours to 
attend a postsecondary program. This leads to lower 
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This research suffers from several limitations, 
some of which can be addressed in future work, 
some of which cannot. The limitations that can be 
addressed with future research stem from model 
design, observation length, and variable limitations. 
The limitations that cannot be addressed in future 
work are unobservable confounding variables. 
Additionally, the method used in this research is 
traditionally used with a natural experiment such as 
changes in state-level laws for example see Card and 
Krueger (1993). In this research, the treated group 
self-selected into treatment rather than through a 



immediate income. It is possible the extra hours 
available for income-earning work after graduation 
was enough to decrease use in and of itself. This 
would falsely attribute the decreased use to the 
completed education rather than the newly freed-
up time. This is difficult to test without being able to 
directly measure hourly wage and or hours worked.
This study was unable to account for the private 
administration of assistance. Beyond SNAP and 
TANF, the Federal Government has encouraged 
states to partner with charities to administer 
additional aid (Hager, 2021). In Utah, the major 
private provider of assistance is The Church of Jesus 
Christ of Latter-day Saints (Hager, 2021); since this 
is a private provision, any recipient is not part of the 
data used in this study but may otherwise qualify 
for SNAP or TANF. Private providers of assistance 
set their own standards of who can qualify, so some 
individuals may not feel comfortable using a service 
run by a religious institution or might be excluded 
based on religious grounds. If this exclusion 
or inclusion is also related to postsecondary 
attainment, these results will be biased if it allows 
for an early exit from the public assistance rolls. 
Finally, this study was not able to observe if an 
assistance user attended a private college or 
university in Utah. There is anecdotal evidence that 
a non-trivial number of students who attend BYU 
also use public assistance. These users show up in 
the rolls of use but might be wrongly assigned to the 
control cohort. If this is the case this group might 
have biased the results downward for the effect of 
completion of a postsecondary program.

even taking general trends of decreased use over 
time into account. Coupled with the changes to 
employment it is reasonable to attribute at least 
some of this decrease not only to the completion of 
the program but to the education itself.
Overall SNAP degree earners use 1.7 fewer months 
of assistance every half year after completion of 
their program than before completion, the earliest 
cohorts had 2.5 fewer expected months of use. The 
pattern is the same for SNAP users who earned a 
certificate though the magnitudes are different. 
For TANF certificate earners completion leads to an 
overall decrease of 1.1 fewer months of use after 
completion compared to before completion for 
those who completed, while the second cohort is 
expected to use 2 fewer months of assistance every 
six months. The long-term effects are larger than 
the short-term effects.
This study also included a descriptive analysis 
of public assistance users. While the majority 
of users are White, minority users make up a 
disproportionate amount of public assistance users 
when compared to state demographics. While 
most users of public assistance were likely to be 
unemployed at the beginning of their assistance 
use, by the end of their use SNAP and TANF 
users who completed a postsecondary program 
were more likely to be employed at the end of 
their spells of use. This does not hold for those 
who did not complete a program. Additionally, 
those who completed a program were likely to be 
employed in hospitals or health care services. These 
industries tend to have higher pay (U.S. Bureau 
of Labor Statistics, 2022) than the main industries 
of employment that those who do not complete 
a postsecondary program are employed in after 
assistance use. 
These results add to the understanding of the 
relationship between postsecondary completion 
and public assistance use but do suffer from several 
main limitations. Overall the time frame of this study 
does not allow for a complete quantification of the 
long-term relationship between postsecondary 
completion and assistance use. Due to data 
availability, this study is also missing important 
variables including additional demographics, private 
postsecondary programs, and reason for no longer 
receiving public assistance these can potentially bias 
the results. Finally, this study is not able to establish 
the causal mechanism between postsecondary 
completion and decreased public assistance use. 
This study should be revisited when it is possible to 
extend the observation period and when additional 
information about the public assistance recipients is 
available. 
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5 | conclusIon

SNAP and TANF users who complete a 
postsecondary program use fewer months of 
assistance after graduation than before graduation 
after taking general long-term trends of use into 
account. This research quantifies the relationship 
between postsecondary program completion and 
public assistance use for those who complete a 
program. This research shows different dynamics in 
employment and industry from the start to the end 
of assistance use between those who complete a 
program and those who do not. 
Data for SNAP and TANF users from January 2009 
to December 2015 were combined with DWS wage 
data and USHE certificate and degree data. This 
study used a propensity score to create weights 
for each individual who used SNAP or TANF. 
These weights were used in a staggered adoption 
difference-in-differences to estimate the average 
treatment effect on the treated. It showed that 
those who complete a degree use less public 
assistance after completion than before completion 
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The unemployment data only reports quarterly earnings. To move from quarterly earnings to average quarterly 
hours the wage earned by each employee is needed. This is not directly available but can be imputed. This 
process involved wage, industry, hours of work, income, and poverty data from the Current Population Survey 
(CPS). The industry that is available in the CPS does not directly link to NAICS which is how unemployment data 
is coded. To create a crosswalk the American Community Survey (ACS) was used. The ACS has both Census 
Industry from the CPS and NAICS. This was aggregated to the three-digit NAICS and the unemployment wage 
data was truncated to the three-digit NAICS.
Total income is hours×wage, for the population of interest, non-labor income is not a factor and is not needed 
for consideration of total income (Congressional Budget Office, 2021). Income is known but both wage and 
hours are unknown, to address this Figure 1A shows the joint distribution of hours and wages for those who are 
below the income cutoff for SNAP and those who are above the income cutoff. There is a clear pattern, those 
who qualify for SNAP have a tight distribution around a very low wage, and the hours they work vary much 
more. This is shown by the concentric ovals around minimum wage. This is in stark contrast to those who work 
the same jobs but do not qualify for SNAP, this group works full-time, as evidenced by the tight band around 
40 hours, and has a more variable wage. Given that those who qualify for SNAP have variable hours around a 
low wage using a measure of central tendency as a proxy for a wage would return an approximation for hours 
worked given reported income.   
To impute quarterly hours worked CPS was filtered to only those who fell in the poverty threshold for qualifying 
for SNAP. The log of income and wage was taken and the median log wage for each year and industry was used 
to divide quarterly income for the SNAP and TANF users in this study and return quarterly hours worked. The 
median wage was used rather than the mean due to the mean being more sensitive to outliers. 
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Figure A1: Joint distribution of wages and hours worked. Data from the CPS. 



This appendix presents the placebo tests for staggered adoption difference-in-differences. To test if the change 
in public assistance use can be attributed to the graduation from a postsecondary program a common test 
is to create a placebo treatment date before the actual treatment date. From Equation 5 each individual who 
graduated had a cohort Ei which was equal to t, the observation period in which they graduated. Each individual 
was assigned a first placebo cohort Ei

p_n which took the value  t-n, where n = 1 for the first placebo cohort, n = 2 
for the second placebo, and so on. If an individual graduated in the fourth six-month observation period their 
true cohort was Ei = 4 and their first placebo cohort was Ei

p_1 = 3. The staggered DID was rerun for each possible 
placebo, 1-8. If the placebo regressions returned similar results to the initial DID regression it would not have 
been possible to say the estimated effects were caused by the completion of a postsecondary program. In the 
context of SNAP graduates, the placebo ATTs and CATTs quickly reduced in magnitude, then switched signs 
and were statistically insignificant. This points to effects estimated with the true equation being the results of 
graduation. The placebo ATTs are reported in Table B1.
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SNAP TANF

Placebo Degree Certificate Degree Certificate

1 -0.85* (-1.48, -0.21) -0.5 (-1.05, 0.05) -0.28* (-0.55, -0.01) -0.66* (-0.88, -0.43)

2 -0.91* (-1.34, -0.47) -0.71* (-1.13, -0.28) -0.17 (-0.42, 0.07) -0.35* (-0.59, -0.11)

3 -0.22 (-0.81, 0.37) -0.14 (-0.65, 0.38) -0.02 (-0.24, 0.2) -0.15 (-0.44, 0.13)

4 -0.31 (-1.06, 0.43) -0.25 (-0.89, 0.4) 0.04 (-0.22, 0.29) 0.01 (-0.31, 0.33)

5 -0.11 (-0.79, 0.57) 0.11 (-0.6, 0.81) 0.05 (-0.26, 0.37) 0.07 (-0.26, 0.39)

6 1* (0.27,1.72) 0.39 (-0.34,1 .11) -0.31 (-0.72, 0.11) 0.37* (0.01, 0.73)

7 0.69 (-0.32, 1.7) 0.11 (-0.71, 0.94) -0.46 (-0.95, 0.03) 0.18 (-0.3, 0.65)

8 0.11 (-1.21, 1.44) -0.3 (-0.81, 0.21) 0.46 (-0.25, 1.16)

Table B1 :Placebo Tests for Average Treatment Effect on the Treated. Numbers in the parenthesis represent 95% confidence 
intervals. Stars represent significanc: * p <0.05, ** p < 0.01, *** p < 0.001.


