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Abstract

Multiple program participation is a defining feature of the U.S. safety net, with half
of recipients enrolling in two or more programs. Yet most research examines programs
in isolation, missing the intensity of safety net attachment. We show implications of
a multiple-program framework on take-up, targeting, and welfare, using administra-
tive data and a reform streamlining SNAP, Medicaid, and TANF applications. The
reform increased multiple program participation more than any program, with 38-62%
of gains from single-to-multiple-program transitions among the most disadvantaged—
a margin missed by single-program frameworks. Evaluating with multiple instead of
single programs alters welfare calculations by up to 64%.
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1 Introduction

A defining feature of the contemporary U.S. social safety net is its tapestry of means-tested
transfer programs. Many of the most important programs—ranging from in-kind assistance
for food (Supplemental Nutrition Assistance Program or SNAP) and medical bills (Medicaid)
to cash assistance (Temporary Assistance for Needy Families or TANF)—have overlapping
eligibility criteria, such that multiple program participation today is the norm rather than
the exception. Thus, a modern-day understanding of safety net participation requires going
beyond the receipt of any given program to considering the intensity of safety net attachment
through the receipt of multiple programs. Yet, the extant literature usually studies individual
programs in isolation. This risks missing how policies reshape the nature of safety net
attachment—and, consequently, how their impacts should be understood and evaluated.
This matters especially for households with children, who are disproportionately eligible for
multiple programs and central to the social returns of the safety net (Aizer et al. 2022).

This paper examines the implications of a multiple-program framework on take-up, tar-
geting, and welfare evaluation. We start by analyzing the breadth and nature of multiple
program receipt using administrative data. We then consider how a multiple-program frame-
work shapes our assessment of a major reform that simplified enrollment across various pro-
grams. By estimating the reform’s causal impacts on multiple program receipt, we go beyond
take-up of any given program to assess changes in the intensity of safety net attachment. We
introduce a partial identification approach to disentangle extensive-margin responses (entry
into the safety net) and intensive-margin responses (transitions from single to multiple pro-
grams). This allows us to distinguish how responders along these distinct margins differ
in socioeconomic status, expanding the scope of traditional analyses of targeting based on
a single (i.e., the extensive) margin. Finally, we quantify the degree to which considering
multiple programs rather than single programs reappraises welfare evaluations of the reform.
Collectively, our results demonstrate that adopting a multiple-program framework can reveal
new and important insights for evaluating social policies.

Although many programs serve similar populations, our basic understanding of multiple
program receipt remains limited. Prior studies have largely relied on national surveys like
the Survey of Income and Program Participation (Blank and Ruggles 1996; Edelstein et
al. 2014; Moffitt 2016; Jackson and Fanelli 2023; Macartney and Ghertner 2023), which are
known to underreport incomes (Meyer et al. 2015; Meyer and Wu 2018). In our context, 30—
60% of joint SNAP and Medicaid recipients in Virginia are missed in conventional surveys.
We overcome this challenge by leveraging linked administrative microdata across SNAP,

Medicaid, and TANF from Virginia to track the universe of joint program recipients at the



monthly level. We therefore begin by documenting several descriptive facts on the prevalence
and nature of multiple program participation with our high-quality data.

First, we find that half of all program recipients participate in two or more programs.
The vast majority (80%) of multiple program recipients reside in households with children,
who are among the most common beneficiaries of the safety net (Currie 2006b) and thus our
population of focus in all ensuing analyses. Moreover, transitions into and out of programs
often occur jointly, highlighting how safety net receipt can be best understood in terms of

7

program “bundles.” However, we find striking evidence of incomplete take-up of multiple
programs—even among eligible individuals already attached to the safety net. Between 10—
60% of various subgroups do not participate in additional programs despite being inferred
to be eligible based on receipt of another program. Incomplete take-up along this inten-
sive margin can explain a large fraction of overall non-participation: nearly 50% of eligible
children not enrolled in Medicaid already receive another program.

Incomplete take-up of multiple programs among existing safety net recipients could reflect
two competing hypotheses. On the one hand, households may select into fewer programs
since they assign little to no value to other programs that they are eligible for. On the other
hand, administrative burdens—such as application hassle costs, information frictions, and
stigma—may impede access to additional benefits they highly value (Herd and Moynihan
2018). Descriptively, we find that multiple program participation rates decline with distance
from county field offices that serve program applicants, suggesting the presence of travel
costs and other geographic barriers. Yet, there is scarce causal evidence on how burdens
might hinder full participation in all qualifying programs and the types of individuals they
screen out. Standard theoretical models (e.g., Nichols and Zeckhauser 1982; Moffitt 1983;
Bertrand et al. 2004; Kleven and Kopczuk 2011) and many empirical analyses (e.g., Alatas et
al. 2016; Deshpande and Li 2019; Rafkin et al. 2025) of the targeting properties of burdens
are largely based on selection into individual programs or any safety net attachment in
general. Nevertheless, introducing multiple margins of selection—based on the intensity of
safety net attachment—can fundamentally alter and broaden our view of how burdens shape
the take-up and targeting efficiency of the safety net as a whole.

Motivated by the descriptive facts, we employ a multiple-program framework to examine
the take-up, targeting, and welfare effects of a policy reform in Virginia called Common-
Help. Before the reform, program applicants were required to hand-deliver or mail lengthy
paperwork to their local field office. CommonHelp reduced these burdens by streamlining
application and recertification processes onto a centralized online platform. As of 2024, 31
states have implemented similar integrated online platforms for SNAP, Medicaid, and TANF

(Code for America 2024), reflecting growing national interest in improving access to the so-



cial safety net (National Governors Association 2022). Our emphasis on burdens for multiple
programs is thus timely and promising for informing state policies around the country.

CommonHelp’s statewide rollout in 2012 provided no natural control group, complicating
causal identification of effects on program receipt. To address this, we introduce an empir-
ical framework that combines two complementary research designs to identify the reform’s
total effect on program participation. First, we use a difference-in-differences approach that
compares changes in enrollment across zip codes varying in distance to their assigned field
offices, with treatment effects increasing in distance. This design isolates the effects of re-
ducing “geographic” burdens more pronounced in distant areas, such as travel costs. While
similar spatial difference-in-differences strategies have been used in prior work (e.g., Linden
and Rockoff 2008; Currie and Walker 2011; Marcus 2021), such a design captures only rela-
tive differences between near and far zip codes and misses the absolute effects experienced
even in nearby areas. We therefore complement this approach with a variant of a regression
discontinuity design around the time of treatment, focusing on zip codes close to their office
and differencing out confounding seasonality effects. This design isolates the effects of re-
ducing “fixed” burdens (unrelated to distance and thus relevant for all applicants), such as
office congestion and the stigma associated with in-person visits.

We find that CommonHelp significantly increased safety net participation, especially in
multiple programs. Combining results from geographic and fixed burdens, we estimate that
CommonHelp brought in 57,000 additional multiple program recipients (a 4.1% increase)
on average over a three-year period. Crucially, focusing on geographic burdens alone would
miss 49% of the growth in multiple program receipt, underscoring the importance of utilizing
both research designs to estimate total effects in our framework. These results reveal that a
considerable share of the population reap positive value from accessing multiple programs but
would have been deterred by burdens from the original enrollment process. Our estimates
are highly robust to alternative distance measures, such as driving distance, and a battery
of alternative specifications.

Our results also demonstrate how policy reforms can affect not only whether individuals
participate in the safety net but also how intensively they engage with it. CommonHelp’s
impact on multiple program participation ezceeded its impact on caseloads of any program
by nearly 15,000 recipients. Correspondingly, single program recipient counts fell by about
22,000, consistent with transitions from single to multiple programs. Focusing solely on any
program receipt would conceal how policies can operate through transitions between bundles.

To unpack these aggregate enrollment effects, we develop a potential outcomes frame-
work and employ a partial identification approach to disentangle the margins of selection into

multiple program receipt. We invoke a monotonicity condition to bound the shares of recip-



ients induced into specific program bundles along the extensive margin (from no programs
to single or multiple programs) and intensive margin (from single to multiple programs).
Our evidence suggests that 38-62% of the increase in program receipt occurred along the in-
tensive margin, indicating that CommonHelp reached those who would have otherwise been
only partially attached to the safety net. Based on back-of-the-envelope calculations, Com-
monHelp closed the intensive-margin take-up gap by at least 37%. Critically, these impacts
along the intensive margin would be missed had individual program receipt been studied in
isolation.

We next investigate who the reform reached by characterizing responders along the exten-
sive and intensive margins. To capture socioeconomic disadvantage—a proxy for marginal
utility of program receipt—we link administrative data on earnings and criminal justice in-
volvement. By connecting observable measures of disadvantage to unobservable counterfac-
tual choice behavior, our framework adds a novel dimension to targeting analyses. Strikingly,
intensive-margin responses were concentrated among individuals with lower socioeconomic
status (i.e., lower labor market attachment and greater criminal justice involvement). These
responders, who would have self-selected into part of the safety net absent the reform, were
more disadvantaged not only than extensive-margin responders but also than those who
would have enrolled in multiple programs without the reform. This implies that burdens
were inefficiently screening out existing recipients with a high marginal utility of additional
benefits. This points to a counterintuitive policy insight: beyond expanding coverage to new
populations, efforts to target the most disadvantaged should consider improving program
access among current participants. This departs from conventional targeting wisdom that
solely focuses on extensive-margin attachment.

Finally, we combine our enrollment estimates with institutional parameters and estimates
from prior studies to examine the welfare impacts of the policy reform. Specifically, we
evaluate how CommonHelp’s Marginal Value of Public Funds (MVPF)—defined as the ratio
of a policy’s willingness-to-pay to its net fiscal cost (Hendren and Sprung-Keyser 2020)—
would be misstated if one fails to account for impacts on multiple programs. We compare
the complete MVPF that accounts for CommonHelp’s effects on all programs against partial
MVPFs that would be calculated if researchers only observed data for a single program. Since
MVPF levels may be sensitive to modeling assumptions, we instead focus on differences
between single- and multiple-program MVPFs to isolate the role of considering multiple
programs. We find that single-program MVPFs—and even weighted averages of them—can
differ substantially from the complete MVPF, overstating the actual value by up to 24% or
understating it by up to 64% depending on modeling assumptions. This suggests that welfare

analyses of reforms can critically hinge on whether one adopts a multi-program perspective,



given the interconnected nature of the modern-day safety net.

This paper contributes to an expansive literature that has largely focused on the take-up
and targeting of individual programs (see Currie 2006a and Ko and Moffitt 2024 for reviews).
While these studies provide valuable insights, they can overlook the broader context in
which programs overlap (Heflin et al. 2022; Wu and Meyer 2023; Schmidt et al. 2024). Our
multiple-program framework introduces a new dimension to take-up and targeting analyses
by considering the intensity of safety net attachment. Multiple margins of selection expand
the scope of traditional models of take-up and targeting that have exclusively focused on the
extensive margin. This builds on a longstanding literature considering multiple pathways into
safety net receipt due to social, economic, or health shocks or underlying risk (e.g., Plotnick
1983; Blank and Ruggles 1996; Blundell and Pistaferri 2003; Deshpande and Lockwood 2022;
Wu and Zhang 2025). Relative to single-program analyses, a multiple-program framework
yields a substantially different picture of who is reached and how reforms affect welfare.!
This complements a burgeoning literature on spillovers between different programs.?

Methodologically, we draw on the econometric literature related to multiple treatments,
which generate various “response types” with different fallback options (e.g. Kirkeboen et
al. 2016; Heckman and Pinto 2018; Mountjoy 2022; Pinto 2022). Our partial identification
approach to bounding response types complements empirical and methodological efforts that
bound behavioral responses in the context of structural models (Kline and Tartari 2016)
and experimental or instrumental variable frameworks (Borusyak 2015; Mountjoy 2024).
Separately, our empirical framework for identifying CommonHelp’s effects on program receipt
provides a flexible approach for evaluating any policy change rolled out simultaneously to
an entire population (a setting without an obvious control group), so long as there are
heterogeneous effects among different subpopulations (e.g., by distance to field office).

Finally, this paper advances the literature on administrative burdens (Herd and Moynihan
2018; Herd et al. 2023). Prior work has examined burdens in individual programs such
as SNAP (e.g., Finkelstein and Notowidigdo 2019; Gray 2019; Homonoff and Somerville
2021; Unrath 2024), health insurance (e.g., Herd et al. 2013; Heinrich et al. 2021; Ericson
et al. 2023; Arbogast et al. 2024; Shepard and Wagner 2025), the Earned Income Tax
Credit (e.g., Bhargava and Manoli 2015; Linos et al. 2022), and unemployment benefits

1. A smaller strand of the literature uses structural, simulation-based methods to study the effects of
multiple program participation on marginal tax rates and on downstream outcomes like labor supply (Keane
and Moffitt 1998; Flood et al. 2004; Chan 2013).

2. Prior work has studied how Unemployment Insurance receipt (e.g. Lindner 2016; Mueller et al. 2016;
Leung and O’Leary 2020; East and Simon 2024) and expansions in the Earned Income Tax Credit (e.g.,
Grogger 2003; Hoynes and Patel 2018; Bastian and Jones 2021), health insurance (e.g., Baicker et al. 2014;
Burns and Dague 2017; Schmidt et al. 2019; Heflin et al. 2023), and SNAP (e.g., Han 2020) have spillover
effects on the receipt of other programs.



(e.g., Ebenstein and Stange 2010; Castell et al. 2025). We are among the first to examine
how barriers affect take-up and targeting across multiple programs. Our targeting estimates
along the intensive margin suggest that burdens may have compounding effects for multiple-
program eligibles who are particularly disadvantaged and may be less equipped to overcome
them (Christensen et al. 2020). Our research design around “geographic burdens” also builds
on past work demonstrating the importance of geographic proximity to field offices (Rossin-
Slater 2013; Deshpande and Li 2019; Hicks 2024; Bitler et al. 2025).

Our paper proceeds as follows. Section 2 describes the institutional background and our
data sources. Section 3 presents descriptive facts on multiple program participation, which
help motivate the subsequent analyses. Sections 4 and 5 develop our empirical framework
and report CommonHelp’s causal impacts on program enrollment. Sections 6, 7, and 8
describe the implications of considering multiple programs for take-up, targeting, and welfare

evaluation, respectively. Section 9 concludes.

2 Background and Data Sources

2.1 Background on Programs and Enrollment Procedures

We focus on three key means-tested programs in the U.S. social safety net: the Supplemental
Nutrition Assistance Program (SNAP), Medicaid, and the Temporary Assistance for Needy
Families (TANF). In 2024, these programs collectively disbursed more than $1 trillion in
benefits (Centers for Medicare & Medicaid Services 2026; USDA Food and Nutrition Service
2026). All three programs are federally funded, while eligibility rules and enrollment proce-
dures can vary across states. Appendix Table A.1 summarizes the eligibility criteria of these
programs in Virginia as of 2012, the year when CommonHelp was launched.

SNAP (formerly Food Stamps) provides in-kind benefits for food and beverage purchases
and is often considered a ‘“cash-like” benefit. Unlike other programs, SNAP eligibility is
determined almost exclusively by household income and assets, making it broadly available
regardless of age, presence of children, or medical condition. Thus, even able-bodied adults
without dependents (ABAWDs) who meet income and asset limits are eligible for SNAP.3
However, households with children generally qualify for higher benefit amounts (due to larger
case sizes) and face fewer work-related requirements.

Medicaid is a public health insurance program that covers medical expenses for low-

income children, pregnant women, certain parents, seniors, and people with disabilities under

3. While ABAWDs typically face work requirements, these were temporarily waived in Virginia during
the Great Recession and reinstated in October 2013.



federal guidelines. Virginia also administers a supplementary healthcare program called the
Family Access to Medical Insurance Security Plan (FAMIS), which extends coverage to
children under age 19 whose family income falls under 205% of the Federal Poverty Line
(FPL). Throughout this paper, we use “Medicaid” as an umbrella term for both programs.
Importantly, Virginia did not expand Medicaid to low-income ABAWDs until 2019.

In contrast to the other two in-kind transfers, TANF provides cash assistance to very low-
income families with children and imposes work requirements for participating parents. In
Virginia, TANF operates through the Virginia Initiative for Education and Work program,
which mandates employment-related activities and enforces a 24-month limit on continuous
receipt (within a 60-month lifetime cap). Given its stringent income limits—below 41% FPL
in Virginia—TANF reaches far fewer individuals than SNAP and Medicaid and typically
serves single-parent families. At the same time, TANF recipients are “categorically eligible”
for both SNAP and Medicaid and often participate in all three programs. Taken together,
the design of Virginia’s safety net during our analysis period targeted multiple forms of
assistance toward households with children and, to a lesser degree, the elderly and disabled.

Across all states, enrolling in SNAP, Medicaid, and TANF generally involves an initial
application process and then recertifying eligibility at periodic intervals. Yet, households
often face barriers to enrollment. For example, information about program eligibility may
be hard to come by (e.g., Daponte et al. 1999; Aizer 2007). Even if families learn they
are eligible, they might face burdens associated with the application process—including
navigating complex paperwork, providing supplemental documents, physically traveling to
an office to complete face-to-face interviews, and facing social stigma (e.g., Moffitt 1983;
Currie and Grogger 2001; Herd et al. 2013; Celhay et al. 2022; Giannella et al. 2024).

Prior to 2012, applicants to SNAP, Medicaid, and TANF in Virginia had to complete a
20-page initial application form as well as separate recertification forms for each program
to continue receiving benefits. Notably, unlike many states at the time, Virginia’s initial
application already bundled all three programs on a single form. Since baseline barriers to
multiple-program enrollment were likely lower in Virginia than in other settings, the potential
gains from further simplifying access may be even larger where application processes are more
fragmented. All applications had to be completed on paper and submitted in person or by
mail /fax at an assigned field office. Critically, field office assignments are based on county
of residence, and each county typically has a single office. In practice, many applicants
relied heavily on in-person guidance from caseworkers at their field office to determine which
programs they were eligible for and to navigate the complex application process (Cook and
East 2025). As a result, these application processes may have been particularly burdensome

for those living far from their assigned county office.



2.2 Data

We leverage longitudinal administrative microdata from Virginia spanning 2007-2022. The
core data come from the Virginia Department of Social Services (VDSS), which administers
SNAP, Medicaid, and TANF.? The VDSS data provide monthly records on program partici-
pation for the universe of recipients. Individuals maintain consistent anonymized identifiers
over time, allowing us to track them longitudinally even as they move in and out of program
receipt. Since we can link individuals across monthly SNAP, Medicaid, and TANF records,
we construct detailed histories of both single and multiple program receipt.

A key advantage of the VDSS data is that they accurately capture all program recipients
in Virginia. In contrast, data from household surveys—commonly used in the literature—
substantially under-report program participation. As shown in Appendix Figure A.2, only
60-70% of SNAP and Medicaid recipients in the VDSS records are captured in the American
Community Survey (ACS), and just 40-60% in the Current Population Survey (CPS) Annual
Social and Economic Supplement.® This undercount is severe for multiple program recipients,
with the ACS capturing half of those receiving both SNAP and Medicaid and the CPS
capturing 40%. These comparisons underscore the value of using high-quality administrative
data to study multiple program receipt.

We use program-specific case numbers to group together individuals who are members of
the same program case (e.g., a single mother and child on TANF). To construct “households,”
we further group individuals appearing in overlapping cases within the same month. This
innovation allows us to approximate households even in the absence of a master relationship
file or census, although it is possible that some household members are excluded from a
case and non-cohabiting members are included in a case. This approach enables us to link
child-only cases (e.g., for TANF or Medicaid) to their parents so long as all such individuals
are part of the same case for another program. VDSS records also include demographic
characteristics such as age and gender, which permit us to infer household characteristics such
as single- versus two-parent status, household size, and presence of children. Importantly,
VDSS records also report the zip code and county of residence of each program recipient.
Since zip codes sometimes lie in multiple counties and are served by multiple field offices,
our geographic unit of analysis will therefore be a zip-county pair (which we sometimes refer
to as a “zip code” for simplicity).

To supplement the VDSS records, we draw from several other data sources. First, for cer-

4. VDSS also administers child support, child care assistance, foster care, and refugee assistance. With
the exception of child support, these programs are relatively small (see Appendix Figure A.1). We exclude
child support from our analysis because it is ultimately a private transfer rather than a public benefit.

5. Our comparisons to survey data focus on the ACS and CPS rather than the SIPP, as we are conditioning
on recipients in Virginia and the SIPP is not representative at the state level.



tain analyses aggregated at the zip-county level, we incorporate the Department of Housing
and Urban Development (HUD) United States Postal Service (USPS) ZIP Code Crosswalk
to define a complete frame of zip-county pairs (see Appendix B.1 for details). This enables us
to bring in zip codes for which there may be no program recipients in a given month. We also
collect historical addresses of field offices between 2007-2022 using archived versions of the
VDSS website. These institutional data allow us to calculate the Haversine distance between
each zip-county pair’s centroid and its assigned field office. Because administrative burdens
likely vary with proximity to field office, geographic distance will serve as a key source of
identifying variation. We also bring in zip-level characteristics from the Decennial Census
and American Community Survey (ACS), which are reported at the Census-generated zip
code tabulation area (ZCTA) level and can be merged using zip-to-ZCTA crosswalks. These
data provide zip- and time-varying covariates for our descriptive and causal analyses.
Finally, we link the VDSS microdata to individual-level administrative records from the
Virginia Employment Commission (VEC), the Virginia Criminal Sentencing Commission
(VCSC), and the Department of Juvenile Justice (DJJ). VEC records contain longitudinal
quarterly earnings data, which can proxy for work ability and measure work history. VCSC
and DJJ records detail individual interactions with the criminal justice system, including
the timing and type of offenses and incarceration sentence. These rich data will be used to

characterize the composition of program recipients in our targeting analyses.

3 Four Facts about Multiple Program Receipt

In this section, we document novel descriptive facts on the breadth and nature of multiple
program participation. These results provide motivating evidence on how recipients engage

with multiple programs and lay the groundwork for our subsequent analyses.

Fact 1. Roughly half of all program recipients enroll in multiple programs, with the vast

majority concentrated in households with children.

Figure 1 shows that approximately 50% of program recipients in Virginia participate in two
or more programs in a given year, suggesting that multiple program participation is the
norm rather than the exception. This share has remained largely steady over time, despite
overall program participation in Virginia increasing from 15% of the population in 2007
to 26% in 2021 (Appendix Figure A.3). Among the possible multiple-program bundles of
SNAP, TANF, and Medicaid, only two are taken up at non-trivial rates: SNAP/Medicaid
and SNAP /Medicaid/TANF. This reflects the fact that TANF recipients overwhelmingly

enroll in all three programs.



Figure 1: Share of Program Recipients Receiving Multiple Programs
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Notes: This figure illustrates the share of program recipients (receiving either SNAP, Medicaid, or TANF)
participating in two or more programs, subdivided by individuals in households with and without children.

Strikingly, the vast majority (80%) of multiple program recipients are part of households
with children. Prior to 2019, the remaining recipients of multiple programs were likely
elderly or disabled individuals. Following Virginia’s expansion of Medicaid in 2019, the
share of multiple program recipients in households without children rose modestly, reflecting
the broadening of Medicaid eligibility among ABAWDs. In contrast, about 60% of single
program recipients are in households with children. While this is a lower share, it remains
large enough to raise the possibility that many of these single-program recipients are leaving

additional program benefits on the table.

Fact 2. Indiwiduals often enter and exit multiple programs at the same time.

While trends in aggregate participation are interesting in their own right, they mask impor-
tant dynamics present among individual-level participation trajectories. Figure 2 presents
event-study plots of program receipt surrounding entry into and exit out of SNAP, TANF,
and Medicaid, focusing on those in households with children. While these are not causal
estimates, they reveal clear patterns of dynamic interaction across programs, indicating that
individuals often enroll in or leave multiple programs simultaneously. These results likely
generalize to more programs at a national level given similar patterns found in the SIPP
(Cook and East 2025; Wu and Zhang 2025).

Examining first the entry margin, Panel (a) shows that 60% of SNAP entrants are also

enrolled in Medicaid at the point of entry. For Medicaid in Panel (c), the interactions are less
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Figure 2: Interactions Around Program Entry and Exit for Households with Children
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and did not receive the program in the immediate prior quarter. Right panels condition on individuals who
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12 quarters of participation data before and after the event. Shaded regions are 95% confidence intervals.

11



strong but still pronounced. Program interactions appear strongest for TANF, with Panel
(e) revealing that roughly 80% and 90% of TANF recipients are also enrolled in Medicaid
and SNAP, respectively—with participation increasing leading up to TANF entry. Notably,
across all three programs, a substantial share of individuals (roughly half of TANF entrants
and one-third of SNAP and Medicaid entrants) appear to already receive another benefit
before enrolling in the focal program. The transition matrices in Appendix Figure A.5
corroborate the presence of “intensive-margin” movements: in any given month, 5% of single
program recipients transition to a multi-program bundle.

On the exit margin, we continue to see inflection points in the receipt of other programs
around exit out of a given program. Those exiting SNAP experience a steadier decline in
Medicaid receipt, those exiting Medicaid tend to experience a more rapid decline in SNAP
receipt, and both SNAP and Medicaid exiters also tend to exit TANF at the same time. Col-
lectively, these dynamics suggest that enrollment is better understood not through isolated

programs but through bundles of benefits that individuals move into and out of together.

Fact 3. Many recipients already attached to the safety net do not take up all of the programs
for which they are likely eligible.

A pervasive challenge in estimating program take-up is determining the size of the eligible
population. Existing studies often rely on population-wide surveys like the ACS or CPS to
impute eligibility, but such approaches face known limitations such as measurement error
and misaligned reference periods. We take a different approach by examining take-up among
subpopulations inferred to be eligible based on receipt of another program. This “revealed-
eligibility” approach has been used in prior studies (e.g., Schmidt et al. 2024) and avoids the
measurement challenges of estimating the full eligible population.

Using this approach, we find persistent evidence of incomplete take-up of multiple pro-
grams.® Examining first TANF recipients (who are categorically eligible for all three pro-
grams), the left set of bars in Figure 3 show that 10% of child and adult recipients do not
participate in both of the other programs. Among children receiving SNAP (middle bars),
7% do not enroll in Medicaid despite being eligible. And for adults on SNAP, 14% do not
enroll in Medicaid even after all low-income adults became eligible after the 2019 expansion.
Most notably, after gross income thresholds were raised and asset and net income tests were
eliminated for SNAP in 2021, we estimate that roughly 58% of adults on Medicaid still re-

mained unenrolled in SNAP despite being eligible based on gross income and assets (right

6. We use annual rather than monthly data to avoid conflating incomplete take-up with delays in transi-
tioning to steady-state program bundles. This likely yields a lower bound on under-enrollment. Appendix
Figure A.6 presents results requiring at least three or six months of participation in the conditioning program
and finds similar patterns, suggesting that our main results are not driven by short-term timing differences.
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Figure 3: Incomplete Take-Up of Multiple Programs (Conditional on Receiving a Program)
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Notes: This figure plots conditional participation rates of different programs among children and non-elderly
adults who are inferred to be eligible based on their participation in other programs. Children are ages
0-17; non-elderly adults are ages 18-64 for the left and middle bars and, following Medicaid’s definition,
ages 19-64 for the right bars. The gray text notes the time periods used for the data, which differ due to
changes in eligibility criteria. Individuals on TANF (both left bars) are categorically eligible for both SNAP
and Medicaid and children on SNAP (red middle bar) are eligible for Medicaid throughout the time period.
On January 1st, 2019, Medicaid expansion increased the income eligibility threshold for adults above SNAP
(gray middle bar); on July 1st, 2021, SNAP expanded its gross income eligibility threshold for adults above
that of Medicaid and eliminated its net income and asset tests (right bar).

bar).” This estimate should be interpreted with caution, since some of these Medicaid-only
recipients may only qualify for low SNAP benefit amounts.® Nonetheless, even if these Med-
icaid recipients were hypothetically eligible for only 20% of average SNAP benefits paid out,
then this implies they left over half a billion dollars on the table. These magnitudes are

7. Medicaid’s income threshold for children remained higher than that for SNAP, so we can only infer
incomplete take-up for Medicaid-only non-elderly adults. Our data end in 2022, so these calculations are
strictly based on a single year after Virginia expanded SNAP eligibility in 2021 via Broad-Based Categorical
Eligibility (BBCE). Thus, they may not reflect steady-state levels of incomplete take-up, although aggregate
data suggest SNAP take-up did not markedly increase in 2023 and 2024. Incomplete take-up of additional
programs may be particularly pronounced among Medicaid-only recipients given the availability of enrollment
channels for Medicaid outside of field offices (e.g., through hospitals), which may in turn lack the caseworkers
who would otherwise facilitate enrollment in other programs (Sommers et al. 2012; Centers for Medicare &
Medicaid Services 2014).

8. SNAP’s benefit schedule continued to be based on net income levels after BBCE. For many households
(and especially those with 3+ members), SNAP benefits phase out to $0 for net incomes between 120-130%
FPL. In 2022, Medicaid’s gross income threshold for non-elderly adults was 138% FPL; based on SNAP’s
earned income and standard deductions, we estimate that individuals with primarily earned income at 138%
FPL will often have net income around or below 100% FPL. We therefore expect most Medicaid-only non-
elderly adults to qualify for positive SNAP benefits. However, it is possible that some of these individuals
qualify for little to no SNAP benefits if their net income lies above the zero-benefit threshold due to, for
example, unearned income or few deductible expenses.
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especially striking given that all three programs are integrated in a common application.
Importantly, incomplete take-up along the intensive margin accounts for a substantial
share of overall non-participation. In 2012, 43% of Medicaid-eligible children not enrolled
in the program were estimated to already receive SNAP. Appendix Figure A.7 provides
further indirect evidence of this incomplete take-up, as 60% of single program recipients

with children have no wages at all, suggesting many could qualify for additional benefits.

Fact 4. Those living farther from their county field office participate less in multiple programs

than those living closer, highlighting the spatial distribution of administrative burdens.

As discussed in Section 2.1, prospective applicants living farther from their assigned field
office may face greater administrative burdens in accessing programs. Figure 4 provides
suggestive evidence for this hypothesis by illustrating the association between distance to
office and per capita participation in multiple programs at the zip code level from 2007 to
2022. This binscatter controls for a variety of zip-level covariates to account for potential
confounding factors that may be correlated with both distance and take-up. For comparison,
Appendix Figure A.8 shows binscatters without any controls.

We find a strong negative gradient between distance to a local office and multiple program
participation. Every additional mile is associated with a 0.26 percentage point decline in per
capita receipt of multiple programs (p-value < 0.05), while the gradient for single program re-
ceipt is smaller and not statistically significant (Appendix Figure A.8). Given that programs
share overlapping eligibility criteria and are bundled in the same application, the results sug-
gest that more distant residents eligible for multiple programs face larger application frictions
that prevent enrollment. These patterns persist when examining intensive-margin take-up
rates and are particularly pronounced for children (Appendix Figure A.9).

These results align with prior work showing that distance to administrative offices affects
take-up in programs such as SNAP (Bitler et al. 2025), Social Security Disability Insurance
(Deshpande and Li 2019), the Special Supplemental Nutrition Program for Women, Infants,
and Children (Rossin-Slater 2013), and social assistance in Canada (Hicks 2024). Our paper
differs in that we use this spatial variation as a source of identification to estimate the impacts
of reducing administrative burdens tied to distance—rather than studying the direct effect

of distance itself—on program participation and targeting.

9. To calculate this share, we first use the overall Medicaid take-up rate for children in Virginia in
2012—88% according to Centers for Medicare & Medicaid Services (2013)—to back out the total num-
ber of Medicaid-eligible children from the observed number of child Medicaid recipients in the administrative
data. Using our microdata, we then estimate the number of eligible children not enrolled in Medicaid who
were receiving SNAP in 2012. Finally, we divide this number by the total number of Medicaid-eligible
children not enrolled in the program.
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Figure 4: Multiple Program Receipt Rates Decrease in Distance to County Field Office
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Notes: This figure illustrates the association between zip-level multiple program participation rates and zip
code distance to their assigned county field office using monthly data between January 2007 and December
2022. Participation rates are expressed in per capita terms using population estimates of zip code tabulation
areas (ZCTAs) from the 5-year ACS, scaled to the zip-county level using the HUD-USPS crosswalk. Bin-
scatters are weighted by any program receipt and control for ZCTA-level poverty rate, zip-level population
share of Blacks and Hispanics, and county fixed effects (drawn from 5-year ACS estimates).

Collectively, these facts reveal that multiple program receipt is common, with entry
and exit often occurring jointly. Yet, incomplete take-up persists even among those already
attached to the safety net and is more pronounced in zip codes farther from offices. To assess
whether administrative burdens contribute to this incomplete take-up, we use a multiple-

program framework to analyze a reform that simplified program enrollment processes.

4 Policy Reform and Empirical Framework

4.1 CommonHelp and the Reduction in Administrative Burdens

Motivated to improve safety net access and caseworker efficiency, Virginia launched the Com-
monHelp portal statewide in October 2012 at an up-front cost of $10.7 million (Pittman
2012). The platform centralized and digitized key steps of the enrollment process for vari-
ous programs (including SNAP, Medicaid, and TANF), offering an alternative to the paper
application process described in Section 2.1. Rather than eliminating in-person caseworker
assistance, CommonHelp operated as a parallel online pathway. Consequently, unlike other
reforms that increased burdens by removing human support (Wu and Meyer 2023), Common-

Help offered applicants more flexibility and autonomy in navigating the application process.
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Table 1: Reductions in Administrative Burdens from the CommonHelp Reform

Step of
Enrollment Process

Before October 2012:
Paper Form Application

After October 2012:
CommonHelp Portal

Admin. Burdens
Likely Affected

1. Determine eligi-
bility

2. Complete appli-
cation

3. Submit applica-
tion

4. Provide supple-

Caseworker assistance (business
hours only); own knowledge

Single 20-pg. form for all pro-
grams, but elect desired ones;

technical language

In-person/mail to assigned field
office (1 per county)

Submit in person/mail

Quick eligibility screening tool
in online portal (24,/7)

Step-by-step screens customized
based on elected programs; 7th-

grade reading level

Online submission

Upload documents to portal (af-

Information fric-
tions, stigma

Hassle & cogni-
tive burdens

Geographic access

Geographic access

mental documents ter January 2015)

5. Recertify Separate  paper forms in- Online submission

person,/mail

Geographic access

As summarized in Table 1, CommonHelp reduced burdens at each stage of the enrollment
process. The first step—determining which programs to apply for—previously depended on
applicant knowledge or caseworker guidance, which could result in households overlooking
benefits they qualified for. CommonHelp instead introduced a 24/7 online screening tool that
automatically recommended all eligible programs based on basic demographic and income
inputs. This lowered information frictions, especially for those eligible for multiple programs,
and may have reduced stigma by offering a more private alternative to in-person assistance.

In the next step—completing the application form—CommonHelp provided a step-by-
step online interface tailored to the applicant’s selected programs and written at a Tth-grade
reading level.1% This eased cognitive burdens and reduced the likelihood of errors compared to
filling out the traditional 20-page paper form. Applications could then be submitted online,
eliminating the need to physically deliver, mail, or fax the application to one’s assigned
county field office. Program recertifications were also simplified: users could complete online
renewals via CommonHelp instead of separate paper forms for each program.

In January 2015, CommonHelp upgraded the online platform to allow applicants to up-
load digital copies of supplemental documents (e.g., proof of identity, residence, and earnings)
rather than submit physical copies to their field office. This allowed households to complete
the entire application process remotely, easing geographic barriers to accessing programs.
In short, CommonHelp reduced administrative burdens throughout the application process,

especially for those eligible for multiple programs and living farther from their offices.

10. This reading level assessment is based on Code for America’s Benefits Enrollment Field Guide.
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Importantly, Virginia’s adoption of CommonHelp was not an isolated case. As of 2024,
31 states have implemented integrated online application platforms for SNAP, Medicaid,
and TANF, and 14 others have integrated at least two programs (Appendix Figure A.10a).
The number of states pursuing such integration has grown steadily over time, with Virginia
among the early adopters (Appendix Figure A.10b). While our analysis focuses on Virginia,

the policy change we study has broader relevance across the country.

4.2 Empirical Framework and Identification Strategies

A central challenge of identifying CommonHelp’s impact is that it was launched nearly
simultaneously across Virginia without an obvious control group. To address this, we develop
a framework that exploits variation in how localities with differing baseline exposure to
administrative burdens were affected by the reform. Specifically, those living farther from
their field offices faced higher travel costs and reduced access to caseworker assistance, which
we refer to as “geographic burdens.”'! These households likely experienced larger gains since
CommonHelp reduced the need for in-person visits. At the same time, all households—
including those close to their offices—faced baseline frictions from complicated paperwork,
office congestion, and stigma. CommonHelp may have also reduced these “fixed burdens.”
Our empirical strategy combines two complementary research designs that assess reductions
in each type of burden to recover CommonHelp’s total effects.

As a visual aid, Figure 5 presents stylized examples of how CommonHelp could have
affected the growth of caseloads in zip codes near versus far from their field office. For
simplicity, we focus here on static effects, assuming immediate awareness of CommonHelp
and no learning costs in utilizing the platform.!? Panel (a) considers a scenario in which
CommonHelp reduced only geographic burdens, holding fixed burdens constant. In this
case, participation would rise only in distant zip codes (blue lines), jumping by 39 after the
2012 launch and further by 89 after the 2015 upgrade, while remaining flat in close zip
codes (red lines). Assuming a stable difference in counterfactual caseloads between distant
and close zip codes over time, then a standard difference-in-differences (DD) strategy would
identify the effects of CommonHelp’s launch and upgrade, represented by the shaded blue
region. If treatment effects evolve over time (Appendix Figure A.11a) due to learning costs
or snowballing peer effects in program participation (Dahl et al. 2014), then an event-study

DD specification would appropriately capture these dynamics.

11. Geographic burdens may also capture costs or barriers associated with the composition of populations
living in more distant areas, such as differences in the salience of social stigma.

12. Appendix Figure A.11 shows analogous figures allowing effects to evolve dynamically over time, but
the intuition is largely unchanged.
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Figure 5: Expected Impacts on Program Receipt under Different Assumptions
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Notes: This figure illustrates hypothetical scenarios of CommonHelp’s impact on program receipt. The blue
and red lines show CommonHelp’s causal effect on receipt in zip codes with different field office distances
over time. The blue and red shaded areas represent the effects identifiable from difference-in-differences and
regression discontinuity designs, respectively. See main text for details.

Panel (b) illustrates an alternative scenario in which CommonHelp only reduced fixed
burdens affecting all zip codes while holding geographic burdens constant. This would lead
receipt to increase (in both distant and close zip codes) by 3/ and 3/1° around CommonHelp’s
launch and upgrade, respectively—represented by the shaded red region below the red line.
To identify the effects from reduced fixed burdens, we pursue a variant of a regression
discontinuity (RD)-in-time design among zip codes close to their field office. This strategy
has a similar spirit to an interrupted time series design; however, by identifying impacts only

at CommonHelp’s launch and upgrade dates, we do not require stringent assumptions for
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modeling and extrapolating time trends (Baicker and Svoronos 2019).'* We restrict to close
zip codes to isolate fixed burdens, since farther zip codes experience a combination of both
fixed and geographic burden reductions. If the fixed burden effects instead increase over time
(Appendix Figure A.11b), then the RD design identifies a lower bound on caseload effects.
Panel (c¢) brings together the prior two panels by recognizing that CommonHelp likely
reduced both geographic and fixed burdens, allowing us to identify the total effects of Com-
monHelp. The DD strategy would incorporate the relative effect in distant zip codes (the
blue area), while the RD-type strategy would capture the component of the effect that is
constant across all zip codes (the red area). Effectively, the latter strategy recovers the
“intercept effect” purged in treatment-dosage DD designs with no untreated units (Callaway
et al. 2024). In sum, the identified parameters from the DD and RD-type designs (39, 49'°
and 37, 3715, respectively) provide the relevant ingredients for quantifying CommonHelp’s
total effect on recipient growth. Specifically, if the DD coefficients are expressed as linear
per-mile growth parameters, 39 and 3/ pool over the launch and upgrade effects over time,
and D, denotes the distance from zip code z to its assigned field office, then CommonHelp’s

impact on overall caseload growth in z is:

Multiplying zip-level recipient counts by g, and summing over all zips delivers (a lower bound
of) the total number of recipients brought in by CommonHelp. We now turn to describing

the DD and RD-type designs underlying this empirical framework.

4.3 Identifying Effects of Reducing Geographic Burdens

To estimate the effects of reducing geographic burdens, we implement a difference-in-differences
(DD) design that compares changes in program participation between zip codes farther versus
closer to their assigned field offices before and after the launch of CommonHelp in October
2012. Unlike conventional DD designs that rely on a binary treatment definition (e.g., “far”
versus “close”), our specification treats distance as a continuous “dosage” variable to exploit

the full range of variation across zip codes. Letting z index zip-county pairs, ¢ index calendar

13. Processing times for programs like SNAP, TANF, and Medicaid often have rapid turnarounds. In
Virginia, SNAP mandates that applications be processed within 30 days, with expedited cases addressed
within seven days. Similarly, TANF applications are required to be processed within 30 days, and Medicaid
applications are generally within 45 days (Virginia Department of Social Services 2017). In addition, benefits
in Virginia are provided retroactively to the month of application for eligible households (Virginia Department
of Social Services 2024). Thus, even if applications were submitted and processed over several weeks following
the launch of CommonHelp, the effective receipt of benefits would be backdated to the application date.
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year-month, and ¢(t) denote t’s quarter, we estimate the following event-study specification:

log(Y,:) = Z B (D, x 1{q(t) = k}) + aD. 4+ dc(z) + M + €2 (2)
—11<k<12,
kA1

Here, Y,; is the number of recipients in zip z and year-month ¢ for a given combination of
programs, D, measures distance, and 1{¢(¢) = k} indicates that year-month ¢ belongs to
event quarter k. County- and month-level fixed effects are denoted by d.) and A;. Our
analysis focuses on a window of 11 quarters before and 12 quarters after CommonHelp’s

launch—i.e., January 2010 through December 2015.
Our primary outcomes of interest are log counts of individuals receiving (i) any program,
(ii) multiple programs, and (iii) a single program.'® In light of Fact 1, we focus on enrollment
impacts among individuals in households with children, who comprise the vast majority of
those eligible for and receiving multiple programs. We use log(max{Y,;, 1}) recipient counts
as the dependent variable because recipient counts in zip codes with differing population
sizes do not increase by the same absolute level over time. Our DD estimator thus expresses
CommonHelp’s effects as percent changes. A potential concern with log(max{Y,;, 1}) trans-
formations is that they can be sensitive to the presence of zeros (Chen and Roth 2024). In
practice, this has minimal bite in our setting, since we restrict our sample to zip codes with
an average of at least five monthly recipients pre-CommonHelp and then weight by these
enrollment counts (so that zeros in the dependent variable are rare).' We further verify
robustness to Poisson and inverse hyperbolic sine specifications (Section 5). Standard errors
are clustered at the county level to account for serial correlation within counties over time.
Our coefficients of interest in Equation (2) are {3} |k > 0}, which measure Common-
Help’s marginal effect (per mile) on program receipt growth & quarters after launch relative
to k = —1, the omitted quarter. Based on our two-way fixed effects specification, 3 reflects
a positively-weighted average across zip codes of reducing geographic burdens from an addi-
tional mile (Callaway et al. 2024). Since CommonHelp was rolled out nearly simultaneously
statewide, we avoid complications arising in staggered DD designs (Goodman-Bacon 2021).
Our identifying assumption is that, absent the reform, more and less distant zip codes

would have exhibited parallel trends in program participation.!” This assumption may be

14. We focus on 11 rather than 12 quarters prior to CommonHelp’s launch to avoid overlap with the peak
of the Great Recession (2007-2009) and because zip-level covariates are only available beginning in 2010.

15. Due to their rarity, we exclude individuals receiving TANF only or TANF with only one other program
(see Appendix Figure A.3). Thus, we consider only five possible bundles: (i) no program, (ii) SNAP only,
(iii) Medicaid only, (iv) SNAP and Medicaid, and (v) SNAP, Medicaid, and TANF.

16. The majority of the zip codes we drop are non-residential zip codes (based on the HUD-USPS files),
and they collectively comprise less than 0.1% of all program recipients.

17. This is a “strong” parallel trends assumption (Callaway et al. 2024). This assumes that treatment effects
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violated if, for example, differential exposure to business cycles or lingering effects from the
Great Recession affected farther versus closer zip codes differently. We probe these threats
to identification in a battery of robustness checks. Moreover, the parameters {57 |k < 0}
constitute our pre-trends test to help validate our parallel trends assumption. If there are
no differential trends prior to CommonHelp, then we expect 87 = 0 for k < 0.

For reporting impacts in tables, we consider a simplified pre-post analog of Equation (2):
log(Yze) = B9 - (D, x Posty) + B9 - (D, x Post15;) + aD, + 6.y + M + Xy + €21, (3)

where Post, = 1{t > October 2012} and Post15, = 1{t > January 2015} indicate the
post-launch and post-upgrade periods, respectively. The coefficients 89 and (595 map to
the labeled parameters in Panel (a) of Figure 5 and summarize the overall effects of Com-
monHelp’s launch and upgrade on recipient growth from reducing geographic burdens. To
improve precision, we control for time-varying zip-level characteristics X,;.'* All results are

robust to excluding these controls.

4.4 Identifying Effects of Reducing Fixed Burdens

To estimate the impacts from reducing fixed burdens, we implement a difference-in-regression
discontinuity (DRD) design, focusing on zip codes in close proximity to their field office.
This approach compares discontinuities in program receipt around CommonHelp’s launch
and upgrade (“treatment windows”) to those around the same calendar months in other
years (“control windows”). We use a DRD design because program enrollment exhibits
seasonality that would violate the smoothness conditions required in standard RD designs.?
By differencing these discontinuities, we can isolate the causal effect of CommonHelp from
seasonal and reporting fluctuations.

Formally, let Treat; and Treat15; indicate the time windows around CommonHelp’s 2012

launch and 2015 upgrade, respectively. Similarly, let Control, and Controll5, indicate time

do not vary in distance due to unobserved factors correlated with distance.

18. These include log population, poverty rate, unemployment rate, labor force participation rate, and
population shares by race/ethnicity and gender, drawn from the Decennial Census and ACS at the ZCTA level
and merged using zip-to-ZCTA crosswalks. All controls are available starting in 2010, except unemployment
and labor force participation rates, which begin in 2011.

19. For example, seasonality in employment could drive seasonality in program receipt, states may align
application processing with the federal fiscal calendar, and administrative systems may process eligibility
updates or backlog clearances in quarterly cycles. Medicaid enrollment records, which are reported quarterly
in the MSIS files, also exhibit some seasonality. Another source of seasonality is the annual SNAP Cost-of-
Living Adjustment (COLA) in October. SNAP benefits were frozen during the Great Recession, with no
COLA increases in our October 2012 treatment window or October 2009-2011 control windows, but COLA
increases resumed in October 2013. If COLA increases boost enrollment, then some of our control window
estimates (starting in 2013) may be inflated and our DRD estimates would likely be understated.

21



windows around the same cutoff month as the launch (October) and upgrade (January) but
in different years. Letting our running variable ¢ be normalized to zero at each cutoff and

restricting the sample to zip codes within d miles of their field office, we estimate:

log(Yye) = (B1 - L{t > 0} + fipre(t) - L{t < 0} + f1post(t) - L{t > 0}) x Treat, (4)
+ (Bo - L{t > 0} + fopre(t) - L{t < 0} + fopost(t) - L{t > 0}) x Control; + €.

where { fi pre(t), frpost(t) }rk=01 are smooth functions of log program recipients on either side
of the date cutoff. Here, 3/ = 5 — By captures the impact of CommonHelp’s launch on
caseload growth from reducing fixed burdens. The corresponding estimate for the 2015
upgrade, /1% can be obtained by modifying Equation (4) in the obvious way. These map
precisely to the 3/, 3715 parameters labeled in Panel (b) of Figure 5. We specify fo(-) and
f1(+) as local linear functions of ¢ with varying slopes on either side of the cutoff, and limit
attention to a 6-month window around CommonHelp’s launch and upgrade. To estimate
seasonality effects and maximize precision, we pool all four possible control windows that lie
within our 2010-2015 analytical period.?’

The ideal data for identifying these parameters would be daily address-level receipt data
to enable finer identification around the cutoffs and restrict the analysis to households located
immediately adjacent to field offices (ensuring we identify impacts from reducing only fixed
burdens). Instead, because our data are monthly and at the zip level, our DRD estimates may
rely on observations farther from the cutoffs and may inadvertently capture some impacts
related to geographic burdens. We take several measures to minimize these potential biases.
First, we apply a triangular kernel that gives greater weight to months closer to the cutoff
dates. Second, we restrict the sample to zip-counties within d = 1 mile of their field office,
which is roughly 10% of the median distance to field office and includes only 50 zip codes
(3.5% of our sample). We assess how sensitive our results are to this choice of bandwidth
and alternative specifications in robustness checks. Zip-counties are again weighted by mean

enrollment prior to CommonHelp, and standard errors are clustered at the county level.

5 Impacts on Safety Net Enrollment

This section presents our main findings on how CommonHelp affected program enrollment,
focusing on individuals in households with children. We begin with visual evidence that

underlies each empirical strategy and validates the key identifying assumptions. We then

20. In practice, we use 2010-11 and 2013-14 control windows for the launch and 2011-14 for the upgrade.
A control window around October 2015 would span into 2016, which suffers from a data quality break.
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summarize regression estimates of the effects of reducing geographic and fixed burdens, and
combine these to quantify CommonHelp’s total impact on safety net participation. Finally,

we lay out a range of robustness checks to assess the validity and stability of our results.

5.1 Visual Evidence of Enrollment Effects

Effects from Reduced Geographic Burdens (DD). We begin by presenting visual
evidence that CommonHelp impacted program participation in zip codes farther from their
field office. The left panels of Figure 6 illustrate raw trends in monthly log program recipients
between zips more versus less than 7 miles from their office (which roughly splits our sample
in half). Panel (a) presents trends for any program recipients and Panel (c) focuses on mul-
tiple program recipients; Appendix Figure A.12 shows trends for single program recipients.
Log counts are normalized to be equal in September 2012 (the month prior to CommonHelp’s
launch) to facilitate comparisons. Leading up to CommonHelp, farther and closer zip codes
possessed strikingly concordant trends, even in months with sharp fluctuations. However,
these trends diverged immediately after CommonHelp’s launch, signaling that differences in
trends can be attributed to CommonHelp rather than another time-varying shock. Differ-
ences between farther and closer zips continued to widen after the 2015 platform upgrade.
The plateau and subsequent decline in multiple-program receipt in both farther and closer
zip codes mirrored the evolution of SNAP caseloads nationally (Appendix Figure A.13), as
enrollment rose sharply during the Great Recession, peaked around 2013, and then fell as
economic conditions improved (e.g., Ganong and Liebman 2018; Tichen 2020). As a re-
sult, the trend break around CommonHelp’s launch likely reflected broader macroeconomic
conditions rather than state-specific factors coinciding with the reform.

The right panels of Figure 6 show corresponding event-study estimates from the con-
tinuous DD specification, which exploits the full range of zip-to-office distances. Panel (b)
shows that CommonHelp increased participation by 0.1% per mile immediately after launch
and by 0.2% per mile after eight quarters. Effect estimates further spike to nearly 0.4% per
mile following the 2015 upgrade. Though these per-mile estimates are modest in magnitude,
they represent increases in caseloads on the order of tens of thousands of new recipients (as
we quantify in Section 5.2). Reassuringly, the pre-trend is flat and possesses precise null
estimates, reinforcing the plausibility of the parallel trends assumption. Panel (d) focuses on
on multiple program receipt, which grew by 0.2% per mile immediately after CommonHelp’s
launch and by nearly 0.5% per mile after the upgrade. In contrast, single program par-
ticipation initially increased but subsequently decreased to pre-treatment levels, suggesting

substitution from single to multiple programs (Appendix Figure A.12).
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Figure 6: Raw Trends and Event-Study Estimates Before and After CommonHelp’s Launch
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Notes: Left panels plot raw monthly trends in log program enrollment (among those in households with
children) for the average zip code based on distance to assigned county field office. The level of zip codes
less than 7 miles away is normalized to the level of zip codes more than 7 miles away in September 2012.
Right panels illustrate event-study estimates of {3} from Equation (2). Shaded regions are 95% confidence
intervals based on robust standard errors clustered at the county level. In all panels, zip codes are weighted
by the average count of recipients of any program between January 2010-September 2012.

Effects from Reduced Fixed Burdens (DRD). We now turn to our second empirical
strategy, focusing on zip codes close to their office to isolate the effects of CommonHelp’s
reductions in fixed burdens. Panels (a) and (b) of Figure 7 illustrate discontinuities in
multiple program receipt around the launch and upgrade for zips within 1 mile of their office
(with Appendix Figure A.14 providing analogous plots for any program and single program
receipt). The black dots are monthly log counts of multiple program recipients pooled across
zip codes, while the red lines are nonparametric fits estimated separately on either side of
the cutoff. Visually, there is a clear 1-3% jump in multiple program enrollment at both
cutoffs. Moreover, the smooth trend leading into each cutoff and the sustained (rather than

transient) increase after the cutoff suggest little anticipation of the reform, which would
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Figure 7: Visualization of Difference-in-Discontinuity Design for Multiple Program Receipt
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weighted by zip-level pre-recipient counts and (inverse) distance from field office.
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otherwise pose another potential threat to our RD design.

While the results suggest that CommonHelp’s launch and upgrade immediately impacted
multiple program receipt in close zip codes, they could be an artifact of seasonality patterns
rather than the policy’s true effects. To probe this, Panels (c¢) and (d) plot enrollment counts
one year prior to the launch and upgrade dates. Some discontinuities are also present in
these “control” windows, indicating that standard RD estimates would confound Common-
Help’s impacts with seasonality effects. Panels (e) and (f) report the full set of RD estimates
across all possible treatment and control windows between 2010 and 2015. The red trian-
gular marker denotes the RD estimate from the treatment window (Bl from Equation 4),
while the hollow blue circles plot RD estimates from control windows. The control-window
estimates are similar in magnitude, suggesting that seasonality is a stable feature in the data.
Strikingly, the treatment-window RD is the only estimate between 2010 and 2015 for which
we can reject equality to the mean of the control windows, indicating that the observed
discontinuity likely reflects a true effect of CommonHelp rather than pure seasonality. The
DRD design differences the pooled mean over the control RDs (BO from Equation 4) from the
treatment RD estimate to purge confounding effects, showing that CommonHelp’s reduction

in fixed burdens increased multiple program receipt by 1.5-1.8%.

5.2 Summary Effects on Enrollment Growth and Caseloads

Effects on Enrollment Growth. Table 2 summarizes our main DD and DRD estimates
of CommonHelp’s effects on program enrollment through reductions in geographic and fixed
burdens, respectively.?! Panel A reports time-averaged DD effects corresponding to 49 and
B9 from Equation (3), as well as a pooled effect averaged over all twelve quarters af-
ter CommonHelp’s launch. Overall, CommonHelp increased enrollment in any program by
0.20% per additional mile, driven by a 0.33% per mile increase in multiple program partici-
pation (p-value < 0.01). Effects are somewhat stronger following the 2015 platform upgrade.
In contrast, single program participation remained essentially unchanged.

Panel B turns to DRD estimates of the effects of reducing fixed burdens in close zip codes.
Overall, CommonHelp raised any program receipt by a statistically insignificant 0.30% in
close zip codes. This modest effect, however, masks meaningful intensive-margin movements:
multiple program receipt increased by 2.05% while single program receipt declined signifi-
cantly by 1.85%. This suggests that some individuals who previously enrolled in a single
program switched to multiple programs after CommonHelp made it easier to do so. Panel C

combines the DD and DRD estimates to assess total enrollment effects, following Equation

21. Appendix Tables A.2 and A.3 show analogous tables for independent programs and different combina-
tions of programs, respectively.
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Table 2: Summary Effects on Program Enrollment Growth

1) (2) (3) (4) (5)

Program type Number of observations
Any Multiple Single Zip codes Zip-months

A. Effects from Reducing Geographic Burdens (DD: far vs. close zips)

Overall effect (%,/miles) 0.197** 0.327*** 0.019 1,426 85,176
(0.086) (0.122) (0.091)

Launch effect (%/miles) 0.124 0.237** 0.015 1,426 85,176
(0.080) (0.113) (0.074)

Upgrade effect (%/miles) 0.238** 0.294*** 0.011 1,426 85,176
(0.094) (0.098) (0.120)

Outcome mean (count/zip) 606.2 322.7 273.1 1,426 85,176

B. Effects from Reducing Fized Burdens (DRD: close zips only)

Overall effect (%) 0.303 2.048*** —1.853*** 50 3,000
(0.243) (0.564) (0.512)

Launch effect (%) 0.385** 1.489*** —1.150** 50 3,000
(0.187) (0.498) (0.482)

Upgrade effect (%) —0.267 1.816** —2.283*** 50 3,000
(0.310) (0.437) (0.499)

Outcome mean (count/zip) 1,149.7 591.2 542.1 50 3,000

C. Total Average Effects (DD+DRD)

Overall effect (%) 1.587** 4.183*** —1.732** 1,426 85,176
(0.618) (0.956) (0.784)

Launch effect (%) 1.192** 3.036*** —1.051 1,426 85,176
(0.566) (0.837) (0.706)

Upgrade effect (%) 1.286* 3.732% —2.211%** 1,426 85,176
(0.657) (0.822) (0.845)

Outcome mean (count/zip) 606.2 322.7 273.1 1,426 85,176

Notes: Panel A reports estimates of 39 and $9° from the DD specification (Equation 3). Panel B reports
estimates of 8f = 8; — By and B1° = B® — L from the DRD specification (Equation 4). Panel C reports
total growth estimates g. (Equation 1) setting D, = D = 6.6 miles, the average distance to field office.
The first row of each panel reports the pooled effect estimate representing average point-in-time estimates
between October 2012 and December 2015. Standard errors in parentheses are clustered at the county level.

(1), for the average zip code with a caseload-weighted mean distance of D = 6.6 miles. We
estimate that CommonHelp increased total enrollment in any program by 1.59%, driven by
a 4.18% increase in multiple program receipt. Meanwhile, single program participation fell

by a statistically significant 1.73%.

Effects on Total Enrollment. Given these growth effects, how many individuals changed

their safety net attachment due to CommonHelp? Appendix B.2 shows that percent changes
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Table 3: Total Effects of CommonHelp on Program Enrollment

(1) (2) 3) (4) () (6)

Any Multiple Single
AY % AY % AY %
1. Total: g. = B9 - D, + Bf 42,197 1.583  56,705*** 4.099 —21,596** —1.726
(19,395) (15,179) [2.095] (10,729) [-0.798]
2. Geographic only: g, = 39 - D, 34,235** 1.281  28,941***  2.051 1,550 0.126
(17,875) (12,071)  [1.069] (8,144)  [0.057]
3. Fixed only: g, = f 8,165 0.303  28,896***  2.048 —23,205"** —1.853
(6,646) (8,382) [1.067] (7,305) [—0.857]
Outcome mean (count/zip) 606.2 322.7 273.1
Number of zip codes 1,426 1,426 1,426
Number of counties 134 134 134
Share of recipients (%) 100.0 53.2 454

Notes: Odd-numbered columns report estimates of the effects of CommonHelp on the number of program
recipients AY (defined in Equation 5) under different choices of the total growth parameter g, (defined in
Equation 1). Standard errors are computed from 250 county-level block bootstrap replications and reported
in parentheses. Even-numbered columns express effect estimates in terms of program caseload growth relative
to the counterfactual caseload under no CommonHelp. Percentage point changes in the share of recipients
that fall into a given category are reported in brackets in Columns (4) and (6). Stars indicate statistical
significance: * p < 0.10, ** p < 0.05, *** p < 0.01.

in enrollment can be transformed into counts of additional recipients via:

1 _
AY = Z (1 — rgz) . 3/27170515, (5)

z2€Z

where ¢, is the percent change in caseloads for zip z and Yz,post is the mean number of recip-
ients in z after CommonHelp’s launch. Table 3 reports estimates of AY for different choices
of g, in the odd-numbered columns, while even-numbered columns express these as percent
changes in total enrollment growth. These estimates pool impacts from geographic and fixed
burden reductions averaged over the full post-reform period (October 2012-December 2015).

In Row 1, we estimate that CommonHelp increased participation in any program by
more than 42,000 individuals in households with children (a 1.6% increase). However, it is
remarkable that roughly 57,000 individuals enrolled in multiple programs (a 4.1% increase)—
exceeding the total effect on the number of any-program enrollees. To reconcile these figures,
note that single program participation fell by approximately 22,000 recipients (—1.7%).
Assuming CommonHelp weakly improved safety net access for all prospective applicants,
these patterns indicate that CommonHelp not only drew new enrollees into the safety net,

but also strengthened the intensity of safety net attachment by promoting transitions from

28



a single program to multiple programs. Thus, analyzing any-program attachment alone
would miss how CommonHelp reshaped the nature of safety net attachment among existing
recipients. We quantify the magnitude of these “intensive-margin” movements in Section 6.

While these estimates reflect average enrollment growth, it is also useful to calculate the
cumulative impact at a single point in time. Summing the separate launch and upgrade
effects—which approximates a point-in-time estimate at the end of 2015—suggests Com-
monHelp brought in more than 45,000 additional recipients of any program (Appendix Table
A.4). This was driven again by a sharp rise in multiple program participation (+68,000) and
a substantial decline in single program participation (—46,000). These economically and
statistically significant magnitudes indicate that burdens prevented many individuals from
accessing benefits to which they assigned positive value.

To test the importance of combining the DD and DRD designs in our empirical frame-
work, we examine the sensitivity of these estimates to including only geographic or only
fixed burdens. For instance, Row 2 shows that ignoring fixed burdens would underestimate
the overall number of recipients by 19%, as well as understate multiple program gains and
overstate growth in single program participation. Row 3 shows that omitting geographic
burdens would lead to more severe declines in single program recipients. The magnitudes
of these biases underscore the importance of accounting for both types of administrative
burdens to accurately evaluate CommonHelp’s aggregate effects.

As discussed in Section 4.2, these estimates of any and multiple program enrollment effects
are lower bounds if the reduction in fixed burdens grows over time. In contrast, it is difficult
to interpret bounds for single program receipt since CommonHelp generated non-monotone
responses along this choice margin. In particular, evolving fixed burdens (e.g., lower learning
costs) may result in greater intensive-margin responses, causing lower single program receipt
over time than implied by our DRD analysis. Our baseline results thus assume that the effects
of fixed burden reductions are constant over time. Section 5.3 provides sensitivity checks

examining alternative assumptions on fixed burden effect dynamics.

5.3 Robustness Checks

This subsection summarizes the battery of robustness checks we conduct to validate our

empirical strategies.

Effects from Reduced Geographic Burdens (DD). To probe the validity of our DD
strategy, we begin by examining threats to the parallel trends assumption. First, we find
null effects after replicating our analysis using recipients of Unemployment Insurance—a

program not administered by VDSS and thus unaffected by CommonHelp—as the outcome
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(Appendix Figure A.15). This suggests that our main results are not driven by differential
economic trends or business cycles between farther and closer zip codes. Our estimates are
also highly robust to the inclusion and choice of time-varying zip-level covariates (Appendix
Figure A.16), which is consistent with the remarkably parallel trends in covariates between
farther and closer zip codes (Appendix Figure and A.17). Collectively, these checks support
the claim that exposure to local economic shocks is not correlated with distance to field office
and is unlikely to confound our effect estimates.

One might also worry that the larger effects we estimate in farther zip codes stem not from
geographic burdens per se, but from systematic differences in demographic composition that
make these areas more responsive to administrative burdens. Appendix Figure A.18, Panel
(a) shows that, prior to CommonHelp, zip codes farther from their field office had smaller
populations, lower Black non-Hispanic shares, and higher shares of elderly, female, and low-
income residents. To probe this concern, we re-estimate our event-study regressions after
residualizing distance by these pre-treatment characteristics, thereby isolating variation in
geographic burdens uncorrelated with local composition. As shown in the remaining panels
of Appendix Figure A.18, the resulting event-study estimates are nearly identical to our
original results, suggesting that differences in demographic composition explain little if any
of the observed treatment effects.

Finally, we test robustness across alternative samples and outcome definitions. Our esti-
mates remain stable when excluding the most distant zip codes and adjusting measurement
of distance of zip codes containing field offices (Appendix Figure A.16). They are also
robust to using inverse hyperbolic sine transformations and Poisson specifications, which
guard against interpretation concerns with “log-like” specifications (Chen and Roth 2024).
In addition, they are virtually unchanged under alternative definitions of distance; while our
primary specification uses Haversine (great-circle) distance, we obtain nearly identical esti-
mates using driving distance and the minimum of driving and transit distances calculated
via Google API (Appendix Figure A.19). They are also robust to using binarized treatments
based on discrete distance thresholds, with Appendix Figure A.20 showing that estimated
effects rise roughly linearly with distance. This monotonic pattern is reassuring because it
lessens the weighting and heterogeneity concerns that can arise in continuous-dose DiD set-
tings (Callaway et al. 2024). Together, these checks reinforce the credibility and robustness

of our DD design and thus the causal interpretation of our findings.

Effects from Reduced Fixed Burdens (DRD). We also conduct various falsification
and specification checks to increase confidence in our DRD design. First, Appendix Fig-

ure A.21 reports DRD effects around different placebo months before and after the true
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launch and upgrade dates, with control windows drawn from the same placebo month in
other years. We focus on placebo months at least five months away from the true launch
or upgrade month to avoid contamination bias in our estimation windows. Reassuringly,
all placebo DRD estimates are statistically insignificant or of opposite sign, suggesting our
main results are not driven by spurious month-to-month noise or confounding calendar year
shocks. Appendix Figure A.22 further checks whether the main discontinuities might reflect
anomalous seasonality effects—especially around the launch, given its control windows ex-
hibit small but positive effects—by estimating RD effects at every possible month between
June 2010 and July 2015. Many of the largest placebo RD estimates occur outside of January
and October, indicating that large control RDs are not unique to our design. However, the
true launch RD exceeds every single placebo estimate, which is unlikely to occur by chance.

We also evaluate sensitivity to modeling choices. Appendix Figure A.23 confirms that
estimates are stable across different bandwidths and highly robust to varying the distance
threshold d that defines which zip codes are included in our sample. Unsurprisingly, estimates
are more imprecise for d € [0.4,0.6], but the point estimates remain remarkably similar to
our preferred estimates at d = 1. Appendix Table A.5 reports several additional checks.
Our DRD results are robust to alternative specifications, including controlling for zip-level
covariates and specifying { fipre(:), frpost(-) }o=0,1 as parametric linear or quadratic fits. To
further guard against the possibility that our results are affected by CommonHelp’s reduction
in geographic burdens, one of our checks additionally applies a kernel that upweights zip codes
that are closer to their field office. Finally, we consider defining the d = 1 mile threshold
using driving distance or the minimum of driving and transit distances rather than Haversine
distance. Across all specifications, our results do not qualitatively change.

Finally, while our main DRD estimates are based on a highly selected sample—zip codes
within 1 mile of their field office—we can cross-validate our two identification strategies
(DD and DRD) by computing DRD estimates across a wider range of distance bins. Each
bin-specific DRD estimate captures (nonparametrically) the total immediate impact of Com-
monHelp at that distance, reflecting reductions in both fixed and geographic burdens. If our
frameworks are consistent, then these estimates should trace out a linear gradient in dis-
tance whose intercept matches the baseline DRD estimate in close zip codes and whose slope
matches the DD event-study estimate corresponding to the first month of the launch or up-
grade. Appendix Figure A.24 confirms this prediction, as DRD estimates exhibit near-linear
gradients in distance that align with the estimates implied by the event-study DD analyses.
This agreement is reassuring because the two designs rely on fundamentally different sources

of variation, and yet arrive at consistent estimates of CommonHelp’s impact.
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Total Effects on Caseloads. The estimates of AY in Table 3 assume that the enrollment
effects from fixed burden reductions remained constant over time—amounting to an extrap-
olation of the DRD estimates away from the launch and upgrade dates. To assess sensitivity
to this assumption, Appendix Figure A.25 reports total effect estimates across a range of
alternative assumptions of how effects from reduced fixed burdens evolved over time. To do
this, we first estimate how much the effects from reduced geographic burdens grew over time
based on our event-study estimates, denoted ggs. We then re-estimate AN where we assume
fixed burdens grow at rate 1 - ggs for different choices of scalars 1. When estimating AN for
any and multiple programs—choice margins with plausibly monotone responses—we allow
¥ € [0,2]. For single programs—a choice margin with potentially non-monotone responses
over time—we also allow the growth rate to shrink by allowing ¢ € [—2,2]. Across a variety
of plausible growth rate assumptions, the alternative total effect estimates lie within the
95% confidence interval of our main estimates, indicating that our main results are robust

to different assumptions about the dynamics of fixed burdens reductions.

6 Impacts on Intensity of Safety Net Attachment

The total multiple-program enrollment effects in Section 5.2 reflect a composite of two dis-
tinct “response types™ those who expanded participation by enrolling in additional programs
(intensive-margin response) and those who entered the safety net for the first time (extensive-
margin response). Quantifying the relative importance of each margin is policy relevant. It
sheds light on the pathways through which individuals take up multiple programs when
faced with a menu of program choices. The intensive margin is especially relevant given the
meaningful rates of incomplete take-up documented along this margin in Fact 3. To unpack
the relative contributions of both margins, we develop a potential outcomes framework and
employ a partial identification approach that bounds the shares of each response type.?? To
our knowledge, this analysis represents the first attempt in the social safety net literature to
quantify intensive- versus extensive-margin responses, as prior work has traditionally focused

on single programs where responses can only occur on the extensive margin.

22. While a simpler approach would be to estimate effects on groups defined by their program participation
prior to CommonHelp, this would yield less informative estimates because (i) substantial churn in program
receipt would lead to misclassification error in the groups, leading to attenuation bias, and (ii) participation
spells are often short, making it difficult to credibly assess impacts three years later (see Figure 2). By relying
on a counterfactual framework that accounts for what individuals would have done absent the reform, we
more cleanly identify who was induced to change behavior by CommonHelp.
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6.1 Potential Outcomes Framework

Let P, denote individual i’s program participation status at time ¢, taking values in the set
P = {n,s,m}, where n denotes no program receipt, s denotes single program receipt, and
m denotes multiple program receipt. For each possible status p € P, define the indicator
variable P,;; = 1{P; = p}. Let k € {0,1} indicate the presence of CommonHelp, and
define Py (k) as the potential status under state k. Define P, (k) for k € {0,1} analogously.
Finally, define wy, ) = Pr(F(0) = po, P(1) = p1), the share of individuals who choose
program status p; under CommonHelp but would have chosen py absent CommonHelp. Our
aim is to (partially) identify the shares of the three latent groups with positive responses to
CommonHelp: w, s), Wn,m), and w(s,,). Doing so enables us to parse out whether Common-
Help expanded participation along (1) the extensive margin, by drawing in individuals who
would have otherwise been completely detached from the safety net (w, sy and w, ) or (2)
the intensive margin, by helping those who would have been partially attached to a single
program access additional programs (wm)).

To make progress, we invoke the following monotonicity assumption: Py(0) C Py(1),
for each individual i and time ¢ (see Appendix Figure A.26 for a visualization). In other
words, monotonicity assumes that CommonHelp did not cause reductions in the number of
programs individuals enroll in. This assumption would be violated if CommonHelp displaced
high-touch in-person assistance from field offices that could have facilitated receipt of more
programs. Nevertheless, the absence of statistically significant declines in program receipt
across our DD and DRD designs suggest that such violations are likely minimal in practice.

Finally, for simplification, we define our baseline population as recipients in the post-
CommonHelp period. This expresses {w(p, )} as shares of the recipient population and

excludes non-responders with no program receipt from consideration (w, ) = 0).

6.2 Partial Identification

We start by scaling the change in recipients from Equation (5) by our base population of post-
CommonHelp recipients, which yields the percentage-point change in the share of recipients

under program status p € P after CommonHelp:

~ AY,
by = =< (6)
ZZEZ }/VZ:pOSt
where AY), is the number of new recipients with participation status p and > _ Y. post 18

the total caseload of recipients after CommonHelp. This allows us to directly map these

shares—whose estimates are reported in brackets in Table 3, Columns (2) and (4)—to the
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underlying shares of responder types {w,p)}- Appendix B.3 shows that CommonHelp’s
percentage-point effect on a given program status is simply the mass of individuals moving

into that program status less the mass moving out of it:

Bs = W(n,s) — W(s,m)
(7)

Bm = W(n,m) + W(s,m)-

Notice that 8, < 0 would imply that more individuals shifted from single to multiple program
receipt than entered into a single program from no receipt.

At this stage, we have two equations (for BS and Bm above) but three unknowns: w, ),
W(n,m)s W(s,m)- As such, we cannot point identify the shares of each responder type, but we
can partially identify them through bounds.?® Fortunately, we can potentially tighten these
bounds by utilizing the adding-up constraint (po.p1) Wpo.pr) = 1 and the shares of recipient
non-responders (e.g., wss)). Given wy,p) > 0 and Equation (7), Appendix B.3 derives

sharp bounds on each responder-type share:

max{O, Bs} < W(n,s) mm{l + Bw Bs + Bm}
0 < Win,m) > min{Bma Bs + Bm} (8>
maX{O, _Bs} < W(s,m) < IIllIl{l - st Bma ‘9(5,5)}7

IN

A

where 6, is an expression defined in Appendix B.3. Note that depending on the sign of

/3’5, either w, sy or W(sm) will achieve an informative (i.e., strictly positive) lower bound.

6.3 Results

Table 4 utilizes the percentage-point effect estimates on single and multiple recipient shares
from Table 3 to estimate bounds on the underlying responder-type shares w, s), Wn,m), and
W(sm)- DBecause we estimate an overall negative effect on single program recipient shares,
we achieve an informative lower bound on the share of intensive-margin multiple program
responders. In other words, we can definitively conclude that CommonHelp’s impact came
in part from individuals who would have enrolled in one program but, due to the reform,
accessed additional benefits they would have left on the table.

Based on overall effects pooled over the analysis period, we estimate that the share of
intensive-margin responders ranged between 0.8-2.1 percentage points, comprising 38-62%

24

of all responses to CommonHelp.”* Appendix Table A.6 shows that this share grew to

23. Appendix B.3 proves that 3, and f3,, exhaust all information about the underlying response shares.
24. These percentage ranges come from dividing the estimates from Table 4, Column (1) under different
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Table 4: Estimated Ranges of Shares of Intensive vs. Extensive Margin Responses

(1) (2) 3)
Intensive-Margin, Extensive-Margin, Extensive-Margin,
Multiple: w(s,m) Multiple: w(p,m) Single: w(y )
Response share (p.p.) [0.798, 2.095] [0, 1.297] [0, 1.297]
Assuming w, m) =0 (p.p.) 2.095 0 1.297
Assuming w, ) = 0 (p.p.) 0.798 1.297 0
% Total responses [38.086, 61.761] [0, 61.914] [0, 38.239]

Notes: This table reports the bounds defined in Equation (8), based on the estimates reported in the even-
numbered columns of Table 3, in square brackets. Each row also reports values of each share under different
assumptions and expresses estimates as percent shares of total responses.

1.7-2.5 percentage points (69-76% of all responses) after the 2015 upgrade. For extensive-
margin responders, the upper bounds suggest they could make up a meaningful share of
new multiple program recipients, but the zero lower bounds leave open the possibility that
most movement toward multiple programs occurred on the intensive margin. These results
suggest that platforms like CommonHelp can help reduce incomplete take-up of additional
programs among existing recipients (Fact 3). Under additional assumptions, we estimate
that even the lower bound of CommonHelp’s intensive-margin effects closed at least 37% of
this take-up gap among eligible single program recipients.?

The informative bounds on intensive-margin multiple program responders are driven by
the significant reductions in single program receipt following the decrease in fixed burdens
uncovered by our DRD analysis. In contrast, the DD results show modest, statistically
insignificant increases in single program receipt from reducing geographic burdens. Together,
these findings suggest that intensive-margin responses should be more prominent in areas
where fixed burdens are more binding—i.e., closer to field offices where there are stronger
baseline ties to the safety net. Appendix Figure A.27, Panel (a) verifies this prediction by
plotting bounds on wy,,,) within one-mile distance bins.

To understand the combinations of programs driving this result, Appendix Table A.7
reports the partial identification analysis separately for SNAP bundles (no program, SNAP
only, SNAP and Medicaid) and Medicaid bundles (no program, Medicaid only, SNAP and

Medicaid). We find that movement along the intensive margin movement is pronounced

assumptions of Wy, m),W(n,s) by their row sums; e.g., the lower bound of wy, ,) based on the overall effects
is 0.798 + (0.798 4+ 2.095) x 100% = 38%.

25. We estimate this in two steps. First, we multiply the lower bound share of CommonHelp’s effect at-
tributable to intensive-margin movement (38%) by the total number of induced multiple program recipients
(56,705, from Table 3). We then divide this by the number of single program recipients eligible for mul-
tiple programs, which we approximate by multiplying the mean number of single program recipients after
CommonHelp by 14%, the highest steady-state intensive-margin incomplete take-up rates from Fact 3.

35



among Medicaid bundles (68-76%) while we cannot reject zero intensive-margin movement
for SNAP bundles. This is intuitive because, absent CommonHelp, Medicaid-only recipients
may have been more likely to enroll through non-office channels (e.g., hospital social work-
ers) and thus leave additional programs on the table, whereas SNAP recipients may have
been more likely to visit an office where caseworkers could facilitate access to other pro-
grams. These patterns also align with differences in the average rates of incomplete take-up

documented in Fact 3.

7 Targeting Analysis with Multiple Programs

Having established that CommonHelp bolstered multiple program enrollment—especially
along the intensive margin—we now examine the socioeconomic composition of individuals
induced into multiple program enrollment. Identifying who changes safety net attachment
from reforms that reduce burdens to multiple programs is central to understanding the
targeting of the safety net and the efficient level of enrollment costs.

To conduct this analysis, we link program recipients to administrative earnings and
adult /juvenile crime records to measure pre-determined characteristics. A key strength is
that we leverage a long time horizon, with earnings measures calculated over a three-year
window prior to CommonHelp’s launch and crime measures based on fourteen years prior.
This reduces the scope of measurement error from transitory fluctuations, providing more
reliable proxies of well-being and self-sufficiency. We aggregate earnings at the household
level, where households are based on linkages across program assistance units. Our analysis
focuses on a composite “low-socioeconomic status (SES)” indicator, defined as having either
zero household earnings between 2009-2011 or any criminal history. We also conduct our
analysis using this indicator’s sub-components and alternative measures of SES.2¢

We begin by summarizing results from a more standard approach in targeting analyses
that examines overall changes in the observable characteristics of multiple program recipi-
ents. We then extend the scope of targeting analyses by comparing characteristics between
intensive- versus extensive-margin responders that underlie the overall estimates. Finally,
we discuss the implications of introducing multiple margins of selection from our multiple-

program framework on evaluating targeting efficiency.

26. While federal welfare reform imposed a lifetime SNAP ban for drug felony convictions starting in
1996, Virginia lifted this ban in 2005 (well before our analysis period) for all drug felonies except trafficking
convictions. Moreover, our criminal justice data include all offenses (misdemeanors and felonies), not just
serious convictions that might affect program eligibility. Thus, any mechanical relationship between criminal
justice involvement and program enrollment should be minimal in our setting.
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7.1 Targeting on Observables

We begin from a more conventional perspective on targeting by examining whether Com-
monHelp drew in multiple program recipients with observable indicators of socioeconomic
disadvantage. We adapt our DD and DRD models to be at the individual level, using re-
peated monthly cross-sections of program recipients in order to assess changes in recipient
composition. See Appendix B.4 for details on this empirical analysis.

Appendix Table A.8, Column (3) pools estimates from the adapted DD and DRD models
to report the average targeting effects—the parameters typically reported in the literature—
among all multiple program recipients. On average, CommonHelp’s impact on the composi-
tion of multiple program recipients was small. The share of low-SES recipients increased by
a statistically insignificant 0.52 percentage points (1.5%), with little to no significant changes
in employment, earnings, or criminal history. Although the average targeting effects appear
small, the underlying DD and DRD estimates (reported in Columns 1 and 2) reveal consider-
able heterogeneity in effects. Specifically, reductions in fixed burdens tended to increase the
share of low-SES multiple program recipients, whereas reductions in geographic burdens had
the opposite impact. To visualize this phenomenon, Appendix Figure A.27, Panel (b) plots
CommonHelp’s impacts on the share of low-SES recipients by distance to field office. The
share of low-SES multiple program recipients rose by a statistically significant 2.5% in the
closest zip codes, but declined in farther zip codes to statistically insignificant magnitudes.

These results provide two main takeaways. First, the opposing targeting effects from
reducing geographic versus fixed burdens explain the negligible aggregate targeting effects.
This highlights how average effects, while typical in the literature, may obscure heterogeneity
in how burdens impede access within the population. Second, CommonHelp disproportion-
ately improved the targeting profile of multiple program participants closest to field offices—
the same areas where intensive-margin responses were found to be strongest. This suggests

an association between responder types and SES, which we now investigate more directly.?”

7.2 Heterogeneous Targeting Effects by Selection Margin

To link our targeting analysis with responder types, we conduct a heterogeneity analysis that
re-estimates bounds on responder-type shares separately by SES group. Figure 8, Panel (a)
shows that intensive-margin responses were much more common among low-SES individuals.
Overall intensive-margin response shares ranged between 69-76% for the low-SES group—
higher than the 38-62% range for the full sample in Table 4. Meanwhile, the range of

27. Appendix Table A.9 provides an alternative, indirect comparison by reporting targeting on observable
estimates on any program as well, which captures strictly extensive-margin responses. CommonHelp tended
to bring additional individuals with higher-SES backgrounds into any program relative to multiple programs.
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Figure 8: Targeting on Response Types and Socioeconomic Status

(a) Share of Intensive-Margin Responses, (b) Share of Low-SES Recipients,
by SES Group by Response Type
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Notes: Panel (a) plots the range of share of intensive-margin responses based on Equation (8) for the pooled
sample (from Table 4) and separately by socioeconomic status (SES) group. Panel (b) plots estimated range
of probabilities that different responder types are low-SES. The left y-axis expresses these as raw probabilities;
the right y-axis expresses these as relative likelihoods by rescaling by the share of low-SES individuals. Except
for the left bar in Panel (a), samples are restricted to the population of program recipients where SES is
properly measurable; see notes of Table A.8 for details.

estimates for high-SES individuals (defined as the complement of low-SES) is only 6-51%.
The lack of overlap in ranges between these groups implies that the low-SES group had
meaningfully higher rates of intensive-margin responses. In contrast, Appendix Figure A.29
shows that extensive-margin responses lack informative lower bounds for both groups.

To facilitate a more interpretable analysis, we apply Bayes’ rule to convert the range of
probabilities that a given SES group responds along different margins into a range for how
likely each responder type is low-SES. This approach is similar in spirit to methods used
to characterize “compliers” in instrumental variables analyses (Abadie 2003); see Appendix
B.3 for details. Panel (b) illustrates the resulting probability ranges by responder type. The
figure reveals two striking insights. First, the probability range over which an intensive-
margin multiple program responder is low-SES possesses large and informative lower bounds
(blue bars). For the overall effects, between 54-92% of intensive-margin responders were
low-SES. Since low-SES individuals make up 47% of all recipients, this implies a relative
likelihood of 1.16-1.99, meaning low-SES individuals were far more likely to respond along
the intensive margin than the average individual. Second, the probability range over which

an extensive-margin responder is low-SES possesses wide, uninformative bounds (orange and
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gray bars). In other words, we cannot reject that no low-SES individuals responded along

the extensive margin to either single or multiple programs.

7.3 Implications of Multiple Programs on Targeting Efficiency

That intensive-margin responders are likely more disadvantaged than extensive-margin ones
carries important insights for our understanding of the safety net’s targeting efficiency. Based
on neoclassical theory, burdens in the enrollment process can serve as a screening device that
improves the targeting of social programs: individuals who self-select into program partic-
ipation are more disadvantaged since they are willing to overcome these burdens (Nichols
and Zeckhauser 1982; Kleven and Kopczuk 2011). For example, recent work by Alatas et
al. (2016), Finkelstein and Notowidigdo (2019), and Rafkin et al. (2025) empirically support
this theory for a variety of programs; meanwhile, Deshpande and Li (2019) and Homonoff and
Somerville (2021) find that office closures and recertification burdens can worsen targeting.

Our findings suggest that the story becomes more nuanced when evaluating targeting
efficiency from a multiple-program framework, which introduces multiple margins of self-
selection. In particular, intensive-margin responders would have still revealed need, absent
CommonHelp, by self-selecting into a single program. In accordance with the neoclassi-
cal theory of burdens, they are more disadvantaged than extensive-margin responders who,
absent CommonHelp, would have remained fully detached from the safety net. Yet, these
intensive-margin responders are also likely more disadvantaged than those self-selecting into
multiple programs even absent the reform (i.e., “multiple-program always-takers”). These
patterns suggest that administrative burdens prevented more intensive attachment to the
safety net among the most vulnerable. Thus, ordeals may not just screen out relatively more
advantaged individuals from any safety net attachment, but also cause the most disadvan-
taged among existing participants to leave additional benefits on the table.

These findings suggest a potentially counterintuitive policy implication: the safety net’s
targeting could be improved by focusing on existing single-program recipients. This is es-
pecially practical from a policy implementation perspective, since policymakers can more
readily intervene among populations they they already serve. This complements recent evi-
dence from Wu and Meyer (2023), who find that recipients who drop off at recertification are
disproportionately disadvantaged due to dynamic selection over time. In our context, recer-
tification may instead act as an opportunity to improve targeting, especially when delivered
through a simplified, integrated platform like CommonHelp that allows recipients to realize
their full eligibility. Collectively, our results indicate how a multiple-program framework can

shed new insights for evaluating targeting efficiency of the safety net as a whole.
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8 Welfare Analysis with Multiple Programs

As shown in prior sections, CommonHelp increased participation in multiple programs among
those in households with children. Yet, formal evaluations of safety net reforms often focus on
a single program and analyze its social costs and benefits in isolation. Given that programs
today are deeply interconnected, it is natural to ask how sensitive welfare analyses are to
accounting for multiple programs. To explore this, we conduct a Marginal Value of Public
Funds (MVPF) analysis of CommonHelp (Hendren and Sprung-Keyser 2020), showing the
degree to which the MVPF might be misstated if a researcher has data for only one program
at a time and thus fails to account for joint participation in SNAP, Medicaid, and TANF.
Conceptually, the MVPF is defined as the ratio of a policy’s willingness-to-pay (WTP) to
its net fiscal cost (inclusive of fiscal externalities from behavioral responses). Both WTP and
fiscal costs generally rise with the number of programs included in the analysis. For instance,
time savings from CommonHelp’s simplified application process increase when considering
additional program recipients, while benefit disbursements also grow. As a result, whether
the MVPF rises or falls with the inclusion of multiple programs depends on how the changes
in WTP and fiscal cost compare to each other. Because different modeling assumptions
govern the formulation of the WTP and fiscal externalities, we focus on differences between
MVPFs when considering a single program versus all programs. This allows us to assess the
sensitivity of MVPF calculations to the inclusion of multiple programs, independent of any
particular modeling choice. We also compare our estimates to a weighted average of single-
program MVPFs—a natural benchmark for researchers relying on program-specific welfare

evaluations conducted in isolation. For more details on these calculations, see Appendix B.5.

8.1 MVPF Components

Since we consider combinations of programs, our methodology is complex and incorporates
roughly 125 parameters drawn from our estimates, external data, and the broader literature.
We briefly describe our methods and alternative modeling assumptions before turning to our
results. To aid interpretation, we group MVPF components into three categories: (1) direct
WTP, (2) direct fiscal costs, and (3) indirect changes in WTP and fiscal costs.

Direct Willingness-to-Pay (WTP). CommonHelp directly reduced administrative bur-
dens for applicants, generating time savings that we convert into WTP. First, the transition
from a paper-based form to an online system reduced the application completion time by ap-
proximately 90 minutes per application (Virginia Department of Social Services 2012; Code

for America 2024). Second, CommonHelp reduced the need for in-person field office visits to
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meet with caseworkers and submit the application, which we convert into travel time savings.
Note that these WTP estimates are conservative as they exclude transportation expenses,

potential wait time reductions, and the WTP for applicants who may have been rejected.

Direct Fiscal Costs. We account for changes in two types of administrative costs: (1)
up-front (fixed) costs of $10.7 million associated with the CommonHelp platform’s devel-
opment (Pittman 2012) and (2) changes in per-recipient (variable) administrative costs via
reduced agency workloads from streamlining the processing of applications. To assess the
latter, we conduct a synthetic control analysis that compares Virginia’s per-recipient SNAP
administrative costs to those of a “synthetic” control state and assume that the effects for
SNAP extend proportionally to other programs (see Appendix Figure A.30). We also es-
timate the increase in benefit disbursements associated with enrollment growth, relying on

amounts imputed from matched public-use administrative data for Virginia.

Indirect Effects. In addition to time savings and direct costs, CommonHelp’s MVPF
may be shaped by behavioral responses and other indirect effects from program receipt. It
is beyond the scope of this paper to estimate these in our data, so we draw on Hendren
and Sprung-Keyser (2020) and other studies to assign relevant values. For fiscal externali-
ties, we restrict to estimates based on first-order outcomes, such as labor supply, long-run
earnings, and (in Medicaid’s case) healthcare cost savings.?® Externalities are calculated sep-
arately across four age groups: young children (0-5), older children (6-17), adults (18-64),
and seniors (65+). When computing “complete MVPFs” (accounting for welfare and fiscal
changes across all programs), we consider three modeling assumptions regarding the degree
of complementarity in fiscal externalities across programs: (1) externalities are additive, (2)
externalities are amplified by 10%, and (3) externalities are amplified by 50%.%°

Finally, we allow for the possibility that increased program receipt raises the WTP for
CommonHelp. Under a neoclassical model with full information, induced recipients are
marginal and thus possess a WTP of $0. Yet, credible evidence suggests that informational
frictions limit take-up. We thus consider incorporating WTP estimates from the literature
scaled by different degrees of misperception of the value of program benefits: 50%, 90%,
and 100% (full misperception). We also consider cases where only the WTP of children

28. Ultimately, fiscal externality and WTP estimates depend on the range of outcomes that can be observed
in data. A growing literature has expanded the set of important outcomes considered for specific programs.
For example, Bailey et al. (2024) estimate the effects of early-life SNAP receipt on later-life mortality. Un-
fortunately, comparable estimates are not available for other programs like TANF. To ensure consistency and
comparability across programs, we restrict attention to the most salient outcomes studied in the literature.

29. The latter two scenarios might arise from sharper behavioral responses to benefit cliffs (Moffitt 1979)
or complementarities in human capital investments across program benefits (Rossin-Slater and Wiist 2020).
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are incorporated, assuming that parents applying for programs do not internalize the value
of benefits reaped by their children. For “complete MVPFs,” we sum the valuations across

programs; for “single-program MVPFs,” we include only the respective program’s WTP.

8.2 MVPF Estimates

Figure 9, Panel (a) presents an illustrative MVPF calculation under the assumptions that
fiscal externalities are additive across programs and that 90% of new recipients misperceive
the value of program benefits (based on Finkelstein and Notowidigdo 2019). In this case, the
complete MVPF (blue bar) is 1.27, suggesting that technological platforms like CommonHelp
may yield positive social returns per dollar of fiscal cost. However, this MVPF differs consid-
erably from estimates that focus on a single program in isolation. The MVPF for Medicaid
alone (1.46) would exceed the complete MVPF, indicating that Medicaid’s “value-added”
to the complete WTP is higher than that of SNAP and TANF. In contrast, the MVPF for
SNAP alone is 0.51, suggesting that evaluations of CommonHelp solely through SNAP might
lead one to conclude that it was not a fruitful public investment. Even the weighted aver-
age of the single-program MVPFs—the closest approximation to a multiple-program MVPF
without linked data—yields an MVPF of 1.06, still below the complete MVPF'. This example
highlights how incorporating joint participation in multiple programs can lead to qualita-
tively different welfare conclusions depending on the modeling assumptions. We exclude
TANF from the main discussion due to its small size (see Appendix Figure A.31).
Appendix Figure A.32 breaks down the sources of differences between the complete and
single-program MVPFs. For simplicity, we again focus on the set of assumptions from our il-
lustrative example (Figure 9, Panel (a)). The Medicaid-only MVPF overstates the complete
MVPF by 15% because its 18% understatement of the complete WTP (the MVPF’s numer-
ator) falls short of its 29% understatement of the complete fiscal costs (the denominator).
On the one hand, the smaller proportional decrease in WTP stems from the high social value
of Medicaid (Finkelstein et al. 2019), which factors into WTP calculations when there are
misperceptions of program benefits. On the other hand, the larger proportional decrease in
the denominator stems from Medicaid’s fiscal externalities often serving to reduce net costs,
due to large cost savings for children and limited evidence of labor supply reductions among
adults. Conversely, the SNAP-only MVPF understates the complete MVPF by 60%, with
its WTP nearly 76% lower and fiscal costs only 41% lower than in the complete case. This
is a result of SNAP recipients tending to value benefits less than one-for-one (Hendren and
Sprung-Keyser 2020), while SNAP’s fiscal externalities tend to raise net costs from adults

via reduced earnings (Hoynes and Schanzenbach 2012).

42



Figure 9: The MVPF of CommonHelp: Complete vs. Single Programs

(a) Example of MVPF Calculations
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Notes: Panel (a) compares estimates of the complete MVPF and single-program MVPFs; where the complete
MVPF assumes fiscal externalities of programs are additive and that new program recipients misperceive
the value of program benefits by 90%. The horizontal solid line takes the average of the MVPF estimates
considering Medicaid alone and SNAP alone, and the right-most bar takes differences between the complete
MVPF and each of the single-program MVPFs. Panel (b) reports these differences between the complete
and single-program MVPF estimates under alternative assumptions; see main text for details.

Panel (b) of Figure 9 extends the overall comparisons of MVPFs across a range of mod-
eling assumptions. Specifically, it shows minimum and maximum differences between the
complete and single-program MVPFs, expressed as a percent of the complete MVPF (i.e.,

the share of the total value missed if evaluating a single program in isolation). Across all
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modeling assumptions, the single-program MVPFs substantially differ from the complete
MVPEF. Under the neoclassical model (the left-most bars), the single-program MVPFs are
consistently smaller than the complete MVPF. This reveals a key feature of the complete
MVPF: it need not be a convex combination of the individual program-level MVPFs if cer-
tain components like the WTP for time savings and fixed administrative costs do not scale
up with the number of programs analyzed. In this case, the gains from higher WTP from in-
corporating time savings of all recipients are sufficiently larger than their additional variable
administrative costs, leading the complete MVPF to exceed even the Medicaid-only MVPF.

Introducing misperceptions of the value of program benefits (the remaining bars) am-
plifies the range of differences between single-program and complete MVPF estimates. The
understatement of the SNAP-only MVPF grows up to 64%, driven in large part by the
omission of the substantial WTP for Medicaid under informational frictions. Conversely, the
Medicaid-only MVPF overestimates the complete MVPF by 4-24%. Across all specifications,
the weighted average of the single-program MVPFs underestimates the complete MVPF by
10-24%. These results show how considering multiple programs that comprise the safety net

can substantively change our welfare evaluation of policy reforms like CommonHelp.

9 Conclusion

The coexistence of multiple programs is a fundamental feature of the modern U.S. social
safety net. This paper examines the implications of adopting a multiple-program framework
on take-up, targeting, and welfare analysis. In doing so, our study builds upon an active
literature that has largely focused on studying individual safety net programs in isolation.
Using linked administrative data from Virginia, we show that receipt of multiple pro-
grams is popular and often occurs jointly, particularly among households with children. Yet,
persistent incomplete take-up remains, especially in areas more distant from field offices.
Motivated by these facts, we develop an empirical framework to identify the effects of the
CommonHelp platform that streamlined applications across programs. CommonHelp signifi-
cantly increased multiple program receipt, exceeding the growth in caseloads of any program.
These patterns were driven by transitions from single to multiple programs, reflecting the re-
form’s impact on the intensity of safety net attachment. These intensive-margin responders
were disproportionately more disadvantaged, suggesting that those only partially attached
to the safety net may be among the most vulnerable. These results not only imply that
many individuals place positive value on additional programs, but also that the average level
of that value may be higher among those already connected to the safety net. Finally, ac-

counting for multiple program participation can meaningfully affect welfare analyses: failing
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to do so could understate the MVPF by up to 64% or overstate it by up to 24%.

These findings carry important policy implications. First, they reveal that employing
a multiple-program framework can fundamentally change how we understand the nature of
safety net attachment and targeting efficiency. Since the most disadvantaged individuals
may already be partially connected to the safety net, policies that expand program access
for this group could improve targeting. This insight would be missed by traditional targeting
approaches that model safety net attachment as a single margin of selection. Second, our
results suggest that integrated online platforms like CommonHelp can successfully reduce
both distance-related and distance-invariant barriers for accessing programs. Third, our
welfare analysis demonstrates that single-program evaluations can dramatically misstate the
social value of policies when the multifaceted nature of the modern-day safety net is ignored.

While this paper focuses on households with children, future work could extend the
framework to examine other groups eligible for multiple programs. These include the elderly,
disabled, and (recently) childless adults, who may respond differentially to policies like Com-
monHelp. In addition, our MVPF calculations rely on outside estimates and assumptions
on complementarities across programs. In future work, we hope to examine the downstream

outcomes of multiple programs to provide ingredients for more direct cost-benefit analyses.
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A Supplemental Figures and Tables

Figure A.1: Trends in Receipt of VDSS Programs
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Notes: This figure illustrates the share of the population in Virginia receiving each of the seven programs
administered by VDSS in a given year. Population counts (for the denominator) are taken from the Census
Bureau. Given variation in data availability, we observe: foster care receipt from 2003-2022; SNAP, TANF,
and Medicaid receipt from 2007-2022; child support receipt from 2008-2022; refugee assistance receipt from
2010-2022; and child care subsidy receipt from 2015-2022.
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Figure A.2: Comparison of ACS and CPS Totals to Microdata Aggregates

(a) Individual Programs
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(b) Program Bundles
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Notes: These figures show the ratios of survey-reported recipient households from the ACS and CPS ASEC
to administrative cases in the VDSS microdata. Panel (a) shows comparisons for SNAP and Medicaid
separately, while Panel (b) shows comparisons of program bundles between SNAP and Medicaid (we omit
TANF because the ACS does not ask about it separately). In both surveys, SNAP receipt is recorded at
the household level while Medicaid receipt is recorded at the individual level. The reference period is the
calendar year in the CPS and in the administrative records, while it is the last 12 months in the ACS. Note
that administrative cases can span multiple households.
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Figure A.3: Trends in Participation in Bundles of Programs
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Notes: This figure illustrates shares of the population in Virginia receiving one of seven possible program
bundles (between SNAP, TANF, and Medicaid) over time. Annual recipient counts are calculated from the
VDSS microdata, while population estimates are drawn from the American Community Survey.
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Figure A.4: Interactions Around Program Entry Conditional on Earnings Decline

(a) SNAP Entry: No Earnings Loss > 25% (b) SNAP Entry: Earnings Loss > 25%
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Notes: These figures plot event-study estimates of each program receipt on program entrants, focusing on
individuals in households with children who enter a given program and did not receive the program in
the immediate prior quarter. We use a 10% random sample of entrants. Left (right) panels condition on
individuals whose households did not (did) suffer an earnings loss of 25%+ between quarters in the 12 months
leading up to initial receipt. Our sample consists of those entering between January 2010-December 2019.
Shaded regions are 95% confidence intervals.
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Figure A.5: Month-to-Month Transition Matrices between Program Choices

(a) Single and Multiple Programs
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Notes: This figure illustrates transition matrices using monthly data between January 2007 and December
2022 among individuals living in households with children. Matrices exclude no program-to-no program
transitions since they are based on recipient data.
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Figure A.6: Evidence of Incomplete Take-Up of Multiple Programs (Varying Minimum
Receipt Length of Conditioning Program)

(a) Minimum of 3 Months
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(b) Minimum of 6 Months
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Notes: These figures plot conditional participation rates of different programs among children and adults
who are inferred to be eligible based on their participation in other programs. Panel (a) calculates rates
for those who are enrolled in the conditioning program for at least 3 months in a calendar year. Panel (b)
calculates rates for those who are enrolled in the conditioning program for at least 6 months in a calendar
year. See notes to Figure 3 for more details.

OA-6



Figure A.7: Wages Among Single vs. Multiple Program Recipients

6 —e— Single Program (Average = $1,737)
—=— Multiple Programs (Average = $1,982)
£
8
=
Q
& 44
£
o
(=]
e
o
ks B
S 2
a
=
) M/
ol s . . 3 % ——y
T T T T T T T T T T T T
© S (006\ KNy 4300\ Ky QDQQ\ & @QQ\ QQQ\ &
o? N N © F 3 @ S o
¥ & & & & & & & & &
& S & ) “ S %) S 2
AN N N S

Bin of Equivalized Quarterly Earnings

Notes: This figure compares the distribution of quarterly household wages for single and multiple program
recipients among households with children between 2007-22. Household earnings are equivalized using the
National Academy of Sciences equivalence scale.
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Figure A.8: Receipt Rates Decrease in Distance to County Field Office

(a) Multiple Program Receipt (with controls)
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Notes: These figures illustrates the association between zip-level multiple and single program participation
rates and zip code distance to their assigned county field office using monthly data between January 2007
and December 2022. Participation rates are expressed in per capita terms using population estimates of zip
code tabulation areas (ZCTAs) from the 5-year ACS, scaled to the zip-county level using the HUD-USPS
crosswalk. Binscatters are weighted by any program receipt. Panels (a) and (¢) control for ZCTA-level
poverty rate, zip-level population share of Blacks and Hispanics, and county fixed effects (drawn from 5-year
ACS estimates), while Panels (b) and (d) do not include any controls.
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Figure A.9: Conditional Take-Up Rates Decrease in Distance to County Field Office

(a) Children: SNAP + Medicaid (on TANF)
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Notes: These figure illustrates the association between zip-level take-up rates of multiple programs (condi-
tional on being inferred to be eligible based on participation in other programs) and zip code distance to their
assigned county field office. Following Figure 3, Panels (a) and (b) are calculated over 2007-22, Panel (c) is
calculated over 2007-22, Panel (d) is calculated over 2019-20, and Panels (e) and (f) are calculated over 2022
only. Binscatters are weighted by any program receipt and control for ZCTA-level poverty rate, zip-level
population share of Blacks and Hispanics, and county fixed effects (drawn from 5-year ACS estimates).

OA-9



Figure A.10: Adoption of Integrated Online Applications Across States

(a) Adopting States (as of 2024)
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(b) Number of States Adopting Over Time
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Notes: Panel (a) shows which states have adopted integrated online applications across multiple pro-
grams (SNAP, TANF, and Medicaid) as of 2024, based on Code for America’s Benefits Enrollment Field
Guide (https://codeforamerica.org/explore/benefits-enrollment-field-guide/). The differential shading dis-
tinguishes states with no integration across programs, states with integration over only two out of three
programs (generally SNAP and TANF), and states with all three programs integrated into a single online
application. Panel (b) shows the trend over time in the number of states adopting integrated online applica-
tions. The count of states in 2024 is based on Code for America data, while counts for earlier years are based
on manual searches for the start date of integration. We show separate trends for the number of states with
any integration across two or three programs (blue circles) and with integration across all three programs
(orange triangles).
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Figure A.11: Expected Impacts on Program Receipt under Different Assumptions,
with Dynamic Impacts
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Notes: See notes to Figure 5.
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Figure A.12: Raw Trends and Event-Study Estimates for Single Program

(a) Single Program: Raw Trends
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Notes: Panel (a) plots raw monthly trends in log program enrollment (among those in households with
children) for the average zip code based on distance to assigned county field office. The level of zip codes
less than 7 miles away is normalized to the level of zip codes more than 7 miles away in September 2012.
Panel (b) illustrates event-study estimates of {3} from Equation (2). Shaded regions are 95% confidence
intervals based on robust standard errors clustered at the county level. In all panels, zip codes are weighted
by the average count of recipients of any program between January 2010-September 2012.
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Figure A.13: Comparison of SNAP Trends in Virginia vs. the U.S.
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Notes: This figure shows monthly counts of individuals receiving SNAP over time in Virginia (left axis) and
the U.S. (right axis). Source: USDA Food and Nutrition Service.
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Figure A.14: Visual Evidence of Discontinuities for Single and Program Receipt
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Figure A.15: Event-Study Estimates on Participation in UI (Falsification Check)
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Notes: This figure illustrates event-study estimates of CommonHelp’s per-mile effect on Unemployment
Insurance (UI) receipt. This should act as a falsification check because Ul is not a program administered by
CommonHelp. Because we only have calendar-year information on Ul receipt, we adopt a modified version of
Equation (2), where the event-time dummies are in terms of calendar years rather than quarters. Specifically,
2013 is the initial year of treatment (event-time 0), and our time period of interest spans 2011 (event time -2)
through 2015 (event time 2). Shaded regions are 95% confidence intervals based on robust standard errors
clustered at the county level. Zip codes are weighted by the average count of recipients of any program
between January 2010-September 2012.
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Figure A.16: Sensitivity of DD Estimates to Controls and Alternative Specifications
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Notes: This figure shows the sensitivity of our pre-post difference-in-differences (DD) estimates to the inclu-
sion and choice of covariates (taken from ACS 5-year estimates) and to alternative functional form assump-
tions. We show estimates separately for three outcomes, reflecting the counts of any program recipients,
multiple program recipients, and single program recipients (logged unless specified otherwise). The blue
circles show estimates with no zip-level covariates, the red triangles show estimates after incorporating zip-
and time-varying population and poverty controls (log total population, share Black non-Hispanic, share age
65+, share female, and poverty rate), and the green diamonds show estimates after additionally incorporat-
ing zip- and time-varying employment controls (unemployment and out-of-labor-force rates). Keeping the
full set of controls, the yellow squares and purple circles show estimates that exclude zips that are farthest
from their assigned county office (more than 20 miles and 15 miles away, respectively). The final two sets
of estimates continue to keep the full set of controls and zips but rely on alternative transformations of the
outcome (other than log) that can still allow coefficients to be approximately interpreted in percent terms.
Specifically, the orange triangles apply an inverse hyperbolic sine transformation to the outcome, while the
blue diamonds employ a Poisson specification. Confidence bands at the 95% confidence level are based on
robust standard errors clustered at the county level. Zip codes are weighted by the average count of recipients
of any program between January 2010-September 2012.
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Figure A.17: Raw Covariate Trends Between Zips with Distance Below/Above 7 Miles

(a) Poverty Rates (b) Child Poverty Rates
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Notes: These figures show raw trends in ZCTA-level covariates (taken from ACS 5-year estimates) for zip
codes that are more than 7 miles from their assigned field office (treated) and less than 7 miles from their
assigned field office (untreated). Estimates are weighted by annual zip-level population counts.
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Figure A.18: Robustness of Event-Study Estimates to Differences in Baseline Composition
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Notes: Panel (a) reports coefficients on various zip-level covariates in a regression of distance to field office
on those covariates. The sample period consists of January 2010-September 2012 (prior to CommonHelp).
Confidence bands at the 95% confidence level are based on robust standard errors. Panels (b) and (c)
illustrate estimates of {37} from Equation (2), where the outcomes are log participants in any program (Panel
a) and multiple programs (Panel b) and the regressors reflect residualized distance based on the covariates
in Panel (a). Shaded regions are 95% confidence intervals based on robust standard errors clustered at the
county level. Zip codes are weighted by the average count of recipients of any program between January
2010-September 2012.
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Figure A.19: Sensitivity of DD Estimates to Alternative Distance Metrics
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Notes: This figure shows the sensitivity of our pre-post difference-in-differences (DD) estimates to different
definitions of calculations of distance from field office. Our main estimates (blue circles) use Haversine
distance, but we also show robustness checks using driving distance and the minimum of driving and transit
distance (both calculated using Google API). Confidence bands at the 95% confidence level are based on
robust standard errors clustered at the county level. Zip codes are weighted by the average count of recipients
of any program between January 2010-September 2012.

Figure A.20: CommonHelp’s Impact on Enrollment Increases in Distance to Field Office
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Notes: This figure reports estimates of 39 based on a pre-post version of Equation (2) in which D, is
replaced with 1{D, € [dy,d;1)} that is estimated using zip codes with D, < 2 or D, € [dy,d;) for different
choices of dgy, d;. Vertical lines are 95% confidence intervals based on robust standard errors clustered at the
county level. Zip codes are weighted by the average count of recipients of any program between January
2010-September 2012.
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Figure A.21: Placebo DRD Estimates on Multiple Program Receipt

(a) Launch Estimates
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Notes: This figure plots DRD placebo estimates, where placebo cutoff months are 5-6 months away from
the treatment month (to avoid having the effect at the true cutoff to contaminate the placebo effect in its
estimation window). Besides changing the cutoff month, the DRD regression specifications are identical as
before. Vertical capped bars are 95% confidence intervals based on standard errors clustered at the county
level. Dashed red lines indicate the DRD estimate; dashed blue lines indicate the mean DRD estimates from
the placebo estimates.
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Figure A.22: Placebo RD Effect Estimates on Multiple Program Receipt

(a) Empirical CDFs of Placebo RD Estimates
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Notes: The top panels plot empirical cumulative distribution functions of RD placebo estimates, where
placebo cutoff dates are all months between June 2010-July 2015. The bottom panels plot RD placebo
estimates, where placebo cutoff dates are all months between June 2010-July 2015. Vertical capped bars
are 95% confidence intervals based on standard errors clustered at the county level. The left (right) panels
exclude the RD estimate around the upgrade (launch) date. Dashed red lines indicate the RD estimate
corresponding to the main cutoff date; dashed blue lines indicate the mean RD estimate from the control
windows.
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Figure A.23: Robustness of DRD Effect Estimates on Multiple Program Receipt to
Alternative Bandwidths and Distance Thresholds
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Notes: The top panels plot DRD estimates for different choices of bandwidths from the date cutoff. The
bottom panels plot DRD estimates for different distance thresholds d that selects the analytical sample.
Dashed red lines indicate the selected bandwidth and distance threshold using our preferred specification.
Shaded areas are 95% confidence intervals based on standard errors clustered at the county level.
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Figure A.24: DRD Estimates on Multiple Program Receipt by Distance Bin (Total Effects)
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Notes: This figure plots DRD estimates among zip codes lying in different distance bins. All regressions
employ triangular kernels. The red line is the best linear fit of the estimates, weighting estimates by their
inverse squared standard errors. Its slope estimate is reported in the text box along with the following
estimates from a monthly event-study analog of Equation (2) for comparison: event-study estimate at
October 2012 (left panel) and the difference in event-study estimates between January 2015 and December
2014 (right panel). Standard errors are in parentheses. Gray vertical capped lines are 95% confidence
intervals based on robust standard errors clustered at the county level.
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Figure A.25: Robustness to Allowing for Dynamic Effects on Reduced Fixed Burdens
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Notes: This figure plots estimates of AY based on different assumptions of the growth rate of impacts on
fixed burdens, which is parameterized as 1 - ggs where ¢ is some constant and §gs is the estimated growth
rate of impacts on dynamic burdens based on the event-study DD estimates. The bottom panel allows ¥ < 0
since single program receipt may have non-monotonic response patterns. Capped vertical lines are 95%
confidence intervals based on 250 county-level block bootstrap replications.

Figure A.26: Permissible Responder Types Under the Monotonicity Assumption
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Notes: This figure visualizes the content of the monotonicity assumption for the responder type analysis.
The white and gray squares indicate the permissible latent types of responders. See text for more details.
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Figure A.27: Multiple-Program Targeting Effects by Distance to Field Office

(a) Range of Shares of Intensive-Margin Responses
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Notes: The top panel reports estimated ranges of intensive-margin multiple program responders as a share
of total responders among zip codes grouped by 1-mile distance bins; see main text for details. The bottom
panel plots estimated effects on the share of multiple program recipients with low-socioeconomic status
(SES) (defined in the main text). Estimates of the total effect by distance (Equation B.3) are divided by the
share of low-SES multiple program recipients at each distance, estimated via a local linear regression of low-
SES shares measured quarter prior to CommonHelp’s launch on distance. Shaded region is 95% confidence
intervals based on county-clustered standard errors.
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Figure A.28: Visual Evidence of Multiple-Program Targeting on Observables Analysis:
Share of Low-Socioeconomic Status (SES) Recipients

(a) Effects from Geographic Burdens: Event-Study Estimates
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(b) Effects from Fixed Burdens: Regression Discontinuity Evidence
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Notes: The top panel plots estimates from an event-study analog of Equation (B.1). Shaded area is 95%
confidence intervals based on robust standard errors clustered at the county level. The bottom panels plot
visual discontinuity evidence based on Equation (B.2). See notes of Figure 7 for details.
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Figure A.29: Share of Intensive- and Extensive-Margin Responses, by SES group
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Notes: This figure plots the estimated percent range of responses (among all responses to CommonHelp),
separately by SES group, based on Equation (8). See main text for details.
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Figure A.30: Synthetic Control Estimates for Log SNAP Admin Costs Per Recipient

(a) Virginia vs. Synthetic Virginia Trends
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Notes: These figures use the synthetic control method to compare changes in log SNAP administrative costs
per individual recipient in Virginia to changes in other states. Panel (a) compares the fiscal year trends in log
SNAP admin costs per recipient between Virginia and synthetic Virginia, with the synthetic control group
constructed based on matching to Virginia on the following set of pre-treatment covariates: the outcome,
population, and unemployment rate for each of the fiscal quarters preceding treatment; population cuts by
gender, race, and age; median income; and labor force participation rate. Panel (b) plots the fiscal year
differences in log SNAP admin costs per recipient between Virginia and synthetic Virginia.
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Figure A.31: Differences in MVPF between Single vs. All Programs, by Program and
Modeling Assumption
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Notes: This figure plots the percent of the multiple-program MVFP that is missing from each single-program
MVPF.
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Figure A.32: Components of the MVPF of CommonHelp: Multiple vs. Single Programs

(a) Levels of Components
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(b) Differences between Single vs. Multiple Programs
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Notes: Panel (a) plots estimates of the components underlying the MVPF, for multiple programs and by Medicaid and SNAP, across a range of
modeling assumptions. Components are based on direct and indirect effects on willingness-to-pay (WTP) and fiscal costs; see main text for details.
Panel (b) plots the percent of the multiple-program MVPF component that is missing from each respective single-program MVPF component.



Table A.1: Overview of SNAP, Medicaid, and TANF Eligibility Criteria in Virginia (2012)

SNAP

Medicaid

TANF

Demographic elig.

Income limits

Asset limits

Work requirements

Time limits

All families

Gross income < 130%
FPL (no limit for elderly
or disabled); net income <
100% FPL'

Non-elderly /non-disabled
< $2,000; Elderly or
disabled < $3,250

None$

None

Children ages 0-18; par-
ents, caregivers, and
pregnant women; elderly;
disabled*

Children and pregnant
women < 200% FPL;
elderly and disabled <
80% FPL; parents < 33%
FPL}

$2,000 excluding home,
personal belongings
None

None

Families with cohabiting
children ages 0-17 or with
children age 18 enrolled in
school

Gross income < 35-41%
FPL**

None

30 hours per week¥

5 years

Notes: Based on 2012 program rules.
*ABAWDs became eligible for Medicaid after January 2019.
fGross income limits for SNAP increased to 200% and asset limits were eliminated after July 2021.
fIncome limits for Medicaid increased to 138% for elderly/disabled, parents, and ABAWDs after Jan 2019.
**Population-weighted average across different regions in Virginia. Range varying based on case size.
SABAWDs ages 18-49 faced work requirements for SNAP after October 2013.
YExemptions granted to minors, 18-year olds in secondary school, the disabled, elderly, and primary care-
takers of a child under 12 months or a disabled family member.
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Table A.2: Summary Effects on Enrollment Growth, by Individual Program

(1) 2) 3) (4) ()
Program type Number of observations
SNAP Medicaid TANF Zip codes  Zip code-months

A. Effects from Reducing Geographic Burdens (DD)

Overall effect (%,/miles) 0.185 0.294*** 0.508** 1,426 85,176
(0.123) (0.100) (0.229)

Launch effect (%/miles) 0.133 0.193** 0.435* 1,426 85,176
(0.117) (0.085) (0.230)

Upgrade effect (% /miles) 0.167** 0.330*** 0.237* 1,426 85,176
(0.082) (0.116) (0.121)

Outcome mean (count/zip) 443.2 480.7 56.2 1,426 85,176

B. Effects from Reducing Fized Burdens (DRD)

Overall effect (%) 2.200** 0.393 —7.465"** 20 3,000
(0.433) (0.402) (2.795)

Launch effect (%) 2.365***  —0.039 —6.271** 50 3,000
(0.392) (0.305) (2.459)

Upgrade effect (%) —0.536 1.404***  —3.880** 50 3,000
(0.383) (0.499) (1.833)

Outcome mean (count/zip) 797.7 939.7 90.6 50 3,000

C. Total Average Effects (D, = D)

Overall effect (%) 3.405*** 2.3117*  —4.151 1,426 85,176
(0.823) (0.793) (3.123)

Launch effect (%) 3.235%** 1.216* —3.432 1,426 85,176
(0.761) (0.637) (2.861)

Upgrade effect (%) 0.554 3.559%*  —2.335 1,426 85,176
(0.620) (0.981) (1.910)

Outcome mean (count /zip) 443.2 480.7 56.2 1,426 85,176

Notes: See notes of Table 2 for details.
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Table A.3: Summary Effects on Enrollment Growth, by Program Bundle

(1) (2) 3) (4) () (6)
Program type Number of observations
SNAP Medicaid SNAP All Zip Zip code
only only & Medicaid  programs codes -months
A. Effects from Reducing Geographic Burdens (DD: far vs. close zips)
Overall effect (%,/miles) —0.174 0.162 0.200* 0.521** 1,426 85,176
(0.213) (0.150) (0.108) (0.263)
Launch effect (%/miles) —0.115 0.185 0.126 0.430* 1,426 85,176
(0.180) (0.115) (0.101) (0.243)
Upgrade effect (% /miles) —0.192 —0.075 0.243** 0.299* 1,426 85,176
(0.170) (0.199) (0.098) (0.155)
Outcome mean (count/zip) 116.1 157.0 276.4 46.4 1,426 85,176
B. Effects from Reducing Fized Burdens (DRD: close zips only)
Overall effect (%) 2.943***  —6.235*** 3.487*** —7.957** 50 3,000
(1.020) (1.391) (0.713) (3.094)
Launch effect (%) 4.739***  —6.413*** 2.745%** —6.808** 50 3,000
(0.906) (1.493) (0.630) (2.620)
Upgrade effect (%) —5.836*** 0.578 2.410%** —3.736 50 3,000
(1.514) (0.618) (0.483) (2.369)
Outcome mean (count/zip) 198.3 343.8 516.8 74.4 50 3,000
C. Total Average Effects (DD+DRD)
Overall effect (%) 1.810 —5.179*** 4.792%* —4.556 1,426 85,176
(1.527) (1.466) (1.060) (3.210)
Launch effect (%) 3.991***  —5.208*** 3.564*** —4.006 1,426 85,176
(1.416) (1.368) (0.956) (2.793)
Upgrade effect (%) —7.088*** 0.092 3.994*** —1.784 1,426 85,176
(1.747) (1.431) (0.882) (2.434)
Outcome mean (count/zip) 116.1 157.0 276.4 46.4 1,426 85,176

Notes: See notes of Table 2 for details.
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Table A.4: Total Effects of CommonHelp on Program Enrollment, by Reform Period

(1) (2) (3) (4) (5) (6)
Any Multiple Single
AY % AY % AY %
A. Overall Effects B
1. Total: g, = B9- D, + pf 42,197 1.583  56,705*** 4.099 —21,596** —1.726
(19,395) (15,179) [2.095] (10,729) [—0.798]
2. Geographic only: g, = 39- D, 34,235** 1.281  28,941***  2.051 1,550 0.126
(17,875) (12,071) [1.069] (8,144) [0.057)
3. Fixed only: g, = f 8,165 0.303  28,896***  2.048 —23,205"** —1.853
(6,646) (8,382) [1.067] (7,305) [—0.857]
B. Launch Effects Only
1. Total: g, = 89 - D, + Bf 31,884  1.192  41,661°* 2.979 —13,009* —1.047
(17,506) (12,800)  [1.539] (9,197) [—0.481]
2. Geographic only: g, = 89 - D, 21,674  0.807 21,145 1490 1,266 0.103
(15,925) (10,984) [0.781]  (6,765) [0.047]
3. Fixed only: g, = pf 10,375**  0.385  21,125*** 1.489 —14,305*** —1.150
(5,484) (7,098)  [0.780]  (6,008) [—0.528]
C. Launch & Upgrade Effects
1. Total: g, = (B9 + B9'°) - D, + (BF + B/1°)  45383**  1.670 67,918 5.157 —46,528*** —3.358
(20,089) (17,013) [2.458] (16,194) [—1.684]
2. Geographic only: g, = (89 + 89%5) - D, 42234**  1.552  25,176***  1.852 1,007 0.075
(18,205) (9,137)  [0.911] (10,547)  [0.036]
3. Fixed only: g, = g + /15 3,247 0.118 44,306 3.305 —A47,608"* —3.433
(11,389) (11,620)  [1.604] (13,041) [-1.723]
Outcome mean (count/zip) 606.2 322.7 273.1
Number of zip codes 1,426 1,426 1,426
Number of counties 134 134 134
Share of recipients (%) 100.0 53.2 45.4

Notes: See notes to Table 3 for details.
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Table A.5: DRD Effect Estimates are Robust to Alternative Specifications

(1) (2) (3) (4) (5) (6) (7)
Main Covariates Distance Parametric  Parametric Driving min{Driving,
kernel linear quadratic distance Transit}
A. Any program
Overall effect (%) 0.303 0.254 0.391 0.303 0.817*** 0.368 0.272
(0.245) (0.240) (0.247) (0.245) (0.293) (0.298) (0.258)
Launch effect (%) 0.385** 0.349* 0.432** 0.488** 0.876*** 0.481** 0.392*
(0.188) (0.184) (0.198) (0.195) (0.257) (0.220) (0.196)
Upgrade effect (%) —0.267 —0.309 —0.134 —0.339 —0.192 —0.368 —0.389
(0.313) (0.314) (0.440) (0.303) (0.353) (0.474) (0.372)
Outcome mean (count/zip) 1,149.7 1,149.7 1,149.7 1,149.7 1,153.7 1,149.7 1,149.7
B. Multiple programs
Overall effect (%) 2.048*** 2.248*** 2.062*** 2.048*** 2.774*** 2.495*** 2.186***
(0.569) (0.537) (0.632) (0.569) (0.597) (0.650) (0.671)
Launch effect (%) 1.489*** 1.701*** 1.515** 1.995%** 2.084*** 1.895%** 1.638***
(0.502) (0.466) (0.583) (0.465) (0.504) (0.536) (0.574)
Upgrade effect (%) 1.816*** 1.778*** 1.779*** 1.904*** 2.242%** 1.948*** 1.781***
(0.441) (0.447) (0.464) (0.541) (0.641) (0.646) (0.552)
Outcome mean (count/zip) 591.2 591.2 591.2 591.2 596.9 591.2 591.2
C. Single program
Overall effect (%) —1.853*** —1.915%** —1.845*** —1.853%** —1.769** —2.300%** —1.959***
(0.517) (0.514) (0.495) (0.517) (0.656) (0.435) (0.540)
Launch effect (%) —1.150** —1.219** —1.226** —1.660*** —0.937 —1.449*** —1.204**
(0.486) (0.484) (0.499) (0.566) (0.606) (0.413) (0.479)
Upgrade effect (%) —2.283%  2.262%*  _2011%*  —2779%*  —2.703**  —2.765°** —2.451%*
(0.504) (0.508) (0.665) (0.649) (0.713) (0.700) (0.599)
Outcome mean (count/zip) 542.1 542.1 542.1 542.1 540.8 542.1 542.1
Number of zip codes 50 46 50 50 50 35 39
Number of counties 40 37 40 40 40 31 32

Notes: This table reports DRD estimates from alternative specifications. Column (1) reports our main results. Column (2) includes time-
averaged zip-level covariates from our DD specification. Column (3) additionally weighs zip codes by their proximity to their field office with a
triangular kernel. Columns (4) and (5) apply parametric linear (with 6-month windows) and quadratic fits (with 12-month windows) instead of
local linear fits. Columns (6) and (7) use zip codes below 1 mile of driving distance and the minimum of driving and transit distance. Standard
errors in parentheses are clustered at the county level. Stars indicate statistical significance: * p < 0.10, ** p < 0.05, *** p < 0.01.



by Reform Period

Table A.6: Estimated Ranges of Shares of Intensive vs. Extensive Margin Responses,

(1)

(2)

3)

Intensive-Margin,
Multiple: ws,m)

Extensive-Margin,
Multiple: w(p,m)

Extensive-Margin,

Single: w(y s

A. Qwerall Effects

Response share (p.p.) [0.798, 2.095]
Assuming w, m) =0 (p.p.) 2.095
Assuming w, ) = 0 (p.p.) 0.798

% Total responses [38.086, 61.761]

B. Launch Effects Only

Response share (p.p.) [0.481, 1.539]
Assuming Wy, ;) = 0 (p.p.) 1.539
Assuming w, ) =0 (p.p.) 0.481

% Total responses [31.226, 59.251]

C. Launch & Upgrade Effects

Response share (p.p.) [1.684, 2.458]
Assuming w, m) = 0 (p.p.) 2.458
Assuming w(, ) = 0 (p.p.) 1.684

% Total responses [68.506, 76.049]

[0, 1.297]
0
1.297
[0, 61.914]

[0, 1.058]
0
1.058
[0, 68.774]

[0, 0.774]
0
0.774
[0, 31.494]

[0, 1.297]
1.297
0
[0, 38.239]

[0, 1.058]
1.058
0
[0, 40.749]

[0, 0.774]
0.774
0
[0, 23.951]

Notes: See notes to Table 4 for details.
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Table A.7: Estimated Ranges of Shares of Intensive vs. Extensive Margin Responses for
Combinations of Program Bundles

(a) SNAP Bundles: {No Program, SNAP only, SNAP and Medicaid}

(1) (2) ()
Intensive-Margin, Extensive-Margin, Extensive-Margin,
Multiple: ws,m) Multiple: w(p,m) Single: wy, )
Response share (p.p.) [0, 3.284] [0, 3.284] [0.492, 3.776]
Assuming w(y, ;) =0 3.284 0 3.776
Assuming w(s ;) =0 0 3.284 0.492
% Total responses [0, 46.517] [0, 86.975] [13.025, 53.483]

(b) Medicaid Bundles: {No Program, Medicaid only, SNAP and Medicaid}

(1) (2) ()
Intensive-Margin, Extensive-Margin, Extensive-Margin,
Multiple: ws,m) Multiple: w(p,m) Single: w(y, )
Response share (p.p.) [1.971, 2.878] [0, 0.907] [0, 0.907]
Assuming w(y, ;) = 0 2.878 0 0.907
Assuming w, ¢ =0 1.971 0.907 0
% Total responses [68.477, 76.032] [0, 31.523] [0, 23.968]

Notes: See notes to Table 4 for details.
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Table A.8: CommonHelp’s Multiple-Program Targeting Effects on Observables

€9) 2) ®3) (4) Q)

Geographic Fixed Total Mean N
per 10 miles (DRD: close  (DD+DRD)
(DD: far zips only)
vs. close zips)
Low-Socioeconomic Status (p.p.) —0.716 0.964*** 0.515 35.165 369,995
(0.495) (0.252) (0.426)
A. Household-level Earnings History, 2009-2011
Any employment (> $0, p.p.) 0.501 —0.379* —0.064 67.966 1,047,871
(0.474) (0.194) (0.331)
Fraction of quarters employed 0.009*** —0.005*** 0.000 0.422 1,047,871
(0.003) (0.002) (0.002)
Mean quarterly wage earnings 62.348*** —33.518** 5.624 1,641.421 1,047,871
(13.110) (15.431) (16.908)
S.D. quarterly wage earnings 9.961 —24.190*** —17.937*** 1,024.208 1,047,871
(7.491) (6.583) (6.487)
S.D. earnings among quarters with > $0 10.065 —19.202** —12.882 1,437.500 711,210
(9.204) (7.815) (10.297)

B. Individual-level Criminal Offense History, 1998-2011

Any criminal offense (p.p.) —0.236 0.319* 0.171 1.879 271,981
(0.185) (0.176) (0.225)

Number of offenses —0.004 0.005** 0.003 0.024 271,981
(0.003) (0.002) (0.003)

Any property crime offense (p.p.) 0.025 0.256 0.272 1.127 271,981
(0.115) (0.183) (0.204)

Any violent offense (p.p.) —0.099* 0.131 0.069 0.245 271,981
(0.058) (0.079) (0.091)

Any drug offense (p.p.) —0.162 0.052 —0.050 0.527 271,981
(0.123) (0.162) (0.185)

Any juvenile offense (p.p.) —0.308 0.253 0.059 2.517 98,034
(0.260) (0.305) (0.368)

C. Household Characteristics

Single-parent household (p.p.) 1.080*** —0.120 0.558 60.129 1,047,871
(0.393) (0.307) (0.399)

Two-parent household (p.p.) —0.831** —0.150 —0.672 27.809 1,047,871
(0.404) (0.263) (0.410)

Any children, ages 0-4 (p.p.) —0.092 0.886*** 0.828%** 54.080 1,047,871
(0.240) (0.191) (0.250)

Any children, ages 5-9 (p.p.) —0.112 —1.100%** ~1170%**  26.901 1,047,871
(0.340) (0.204) (0.318)

Any children, ages 10-17 (p.p.) 0.210 0.213 0.345 18.985 1,047,871
(0.183) (0.233) (0.261)

Notes: This table reports estimates of v9, 4/ = 4 — 49, and v from Equations (B.1)-(B.3) for various
characteristics. Means are measured in the quarter prior to CommonHelp. Estimates for low-socioeconomic
status and Panel B are restricted to the subsample of multiple program recipients in households with children
in which either earnings is observable in 2009-2011 between ages 22—-64 or juvenile crime is observable in
20002011 between ages 10-18. Panels A and C include all multiple program recipients in households with
children. Standard errors are clustered at the county level and reported in parentheses. Stars indicate
statistical significance: * p < 0.10, ** p < 0.05, *** p < 0.01.
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Table A.9: Comparing Any vs. Multiple-Program Targeting Effects on Observables

@ (2) 3) 4) (5) (6) (7
Any program Multiple programs Diff.
Total Mean N Total Mean N
Low-Socioeconomic Status (p.p.) —0.281 46.764 679,843 0.515 35.165 369,995 0.796
(0.354) (0.426) (0.554)
A. Household-level Earnings History, 2009-2011
Any employment (> $0, p.p.) 0.656** 56.277 1,645,930 —0.064 67.966 1,047,871 —0.720
(0.283) (0.331) (0.435)
Fraction of quarters employed 0.006*** 0.358 1,645,930 0.000 0.422 1,047,871 —0.006**
(0.002) (0.002) (0.003)
Mean quarterly wage earnings 40.448***  1,455.174 1,645,930 5.624 1,641.421 1,047,871 —34.824
(12.987) (16.908) (21.320)
S.D. quarterly wage earnings 11.058* 875.237 1,645,930 —17.937***  1,024.208 1,047,871 —28.995%**
(6.475) (6.487) (9.166)
S.D. earnings among quarters with > $0 10.029 1,483.141 1,032,339 —12.882 1,437.500 711,210 —22.911
(9.934) (10.297) (14.308)
B. Individual-level Criminal Offense History, 1998-2011
Any criminal offense (p.p.) 0.044 2.121 497,434 0.171 1.879 271,981 0.127
(0.148) (0.225) (0.269)
Number of offenses —0.001 0.027 497,434 0.003 0.024 271,981 0.004
(0.002) (0.003) (0.004)
Any property crime offense (p.p.) 0.075 1.182 497,434 0.272 1.127 271,981 0.197
(0.146) (0.204) (0.251)
Any violent offense (p.p.) 0.063 0.300 497,434 0.069 0.245 271,981 0.006
(0.061) (0.091) (0.110)
Any drug offense (p.p.) —0.170** 0.663 497,434 —0.050 0.527 271,981 0.120
(0.084) (0.185) (0.203)
Any juvenile offense (p.p.) 0.491*** 2.392 182,467 0.059 2.517 98,034 —0.432
(0.187) (0.368) (0.413)
C. Household Characteristics
Single-parent household (p.p.) 0.657*** 46.730 1,645,930 0.558 60.129 1,047,871 —0.099
(0.231) (0.399) (0.461)
Two-parent household (p.p.) —0.151 24.128 1,645,930 —0.672 27.809 1,047,871 —0.521
(0.340) (0.410) (0.533)
Any children, ages 0-4 (p.p.) —0.080 51.106 1,645,930 0.828*** 54.080 1,047,871 0.908**
(0.244) (0.250) (0.349)
Any children, ages 5-9 (p.p.) —0.455* 26.691 1,645,930 —1.170*** 26.901 1,047,871 —0.715*
(0.256) (0.318) (0.408)
Any children, ages 10-17 (p.p.) 0.549*** 22.160 1,645,930 0.345 18.985 1,047,871 —0.204
(0.146) (0.261) (0.299)

Notes: Columns (1) and (4) report estimates of v from Equation (B.3)
respectively. Column (7) reports differences between Columns (4) and (1). See notes of Appendix Table A.8

for more details.
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B Technical Appendix

B.1 Creating Program Participation Data at Zip-County Level

Since zip codes sometimes lie in multiple counties and are served by multiple field offices,
our geographic unit of analysis is a zip-county pair. To create a frame of all zip-county
pairs in Virginia, we rely on the HUD USPS Zip County Crosswalk Files, which track zip-
county pairings on a quarterly basis. We take all unique zip-county pairings that appear
at some point between 2010-2024 and assign them to every month of our analysis period.
In total, this gives us approximately 1,170 unique ZIP codes and 1,700 unique ZIP-county
combinations. Note that we keep both residential and non-residential (e.g., business) zip
codes in our sample to account for all possible locations that applicants may list. We also
rely on data collected by Bailey and Helmuth to incorporate historical zip code changes,
based on zip code removals reported in the USPS bi-weekly bulletin board. Overall, these
sources enable us to create a thorough and consistent dataset of zip-county pairs over time.
Given that the VDSS records report the zip code and county of residence of each program
recipient, we calculate participation totals for each zip-county pair and month in the frame
described above. If a zip code appears in the VDSS records but not in our frame (an
occurrence that is very rare), then we assume the VDSS zip code is listed in error (or located
out of state) and do not include counts corresponding to it. If the zip code of residence is not
served by the LDSS county on record (which occurs in less than 2% of panels), we replace the
county on record with the LDSS county serving that zip code that is closest to the county on
record. We prioritize zip codes and counties based on program popularity (first SNAP, then
Medicaid, then TANF). In a small minority of panels, individuals may also have conflicting
geographic identifiers across programs in the same month. To resolve conflicts, we prioritize
geographies for the program with the most recent start date and break remaining ties based
on geographies for SNAP, Medicaid, and TANF (in that order). Finally, there are a few cases
where a zip code lies in more than one county, but both counties happen to be served by the
same LDSS office. In these cases, zip-county pairs are aggregated back up to zip codes.

B.2 Converting Regression Parameters to Percentage Point Effects

First, recall that 39, 89'° are expressed as per mile growth rate in program receipt at the zip
code level. In other words, for a zip code z with distance D, = d.,

g = (Bg + 5915) ’ dz + /Bf
= E[log(Y: post(1)) = 108(Yz post (0)) | D = d-]
}/z,post(]-) - }/Z',post(())

~ E
}/;,post(o)

|Dz:dz )

where Y, 50s5t(0), Y. post (1) are the number of recipients in the post-CommonHelp period under
no CommonHelp and under CommonHelp, respectively. Since Y, post = Y, post(1) = (1 +¢,) -
Y. post(0), we can identify the counterfactual level of recipients in the post-CommonHelp
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period in each zip code by rescaling the factual level:

1

sz,post<0) = 1+g :

z,post+

Thus, the total change in the number of recipients of p in the population caused by Com-
monHelp is thus

1
AY = Z sz,post(1> - Ytz,post(o)] = Z (1 - 1"‘9 > : sz,post-

z€Z zEZ

B.3 Partial Identification Analysis
B.3.1 Mapping Percentage-Point Effects to Latent Responder Shares

Under appropriate parallel trends and smoothness assumptions, our DD and RD designs
identify the causal percentage-point effect of CommonHelp on the share of recipients of
program p € P defined in Equation (6). Assuming expectations are taken over the population
of recipients, this parameter corresponds to

By = E[Byu(1) — Ppit(0)| Post, = 1].

The monotonicity assumption restricts behavioral responses to CommonHelp to be as
follows:*

none, non-responders)

single, extensive-margin responders)
(Pit(0), Pie(1)) = .
single, non-responders)

multiple, intensive-margin responders)

(
(
,m)  (single, intensive-margin responders)
(
(
(

multiple, non-responders)

From the law of total probability and given n C s C m,

B, = Pr(P (1) =1, P, ;4(0) = 0| Post, = 1) — Pr(P, 4(1) =0, P, 4(0) = 1| Post, = 1)
= Pr(Py(0) C Py(1) =p| Post, =1) — Pr(Py(0) =p C Py(1)| Post; = 1)

= E: W(po,p) — E, Wp,p1)

po€EP p1EP
s.t. poCp s.t. pCp1

where the penultimate equality follows from the monotonicity assumption and final equality

7

1. These behavioral response groups are analogous to the “never takers,” “compliers,” and “always takers”
commonly used in the literature employing instrumental variables (IV) (Angrist et al. 1996). We do not
use this taxonomy to emphasize we are not employing an IV framework, but rather a simple “treatment”
(CommonHelp) and multinomial “outcome” (program receipt types) framework.
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follows from the definition of w,, ;). In particular,

ﬁs = W(n,s) — W(s,m)

Bm = Wn,m) +w(s,m)~

Notice that the parameters corresponding to effects on “any program receipt” (ﬁsUm) and ‘“n
program receipt” (ﬂn) are hnearly dependent on Bs, Bin: Bsim = Wn,s) + Wn,m) = B, + ﬂm
and ,Bn = —Wps — Wnm = —BS Bm In fact, the following lemma states that any other
enrollment effect parameter based on P provides no additional identifying content:

Lemma 1. If the identification assumptions (parallel trends, smoothness conditions) hold,
all enrollment effect parameters are linearly spanned by Bs, Bm-

Proof. Let PZE : P — R be some arbitrary program receipt variable with associated
enrollment effect parameter Bf. Note that P;Q (and, analogously, its potential outcomes
Pl(k), k € {0,1}) can always be represented as P}, = > pep Tp * Ppit, where m, € R. This
implies that

st = E[P;(l Z Tp - E[Ppi(1) — Ppie(0 Z Tp Bp»

peEP peP

where the first and last equalities follow from the identification assumptions holding. Given
n € P, the fact that 3, = —5, — ,, completes the proof. n

Thus, By, fm exhausts all information about the underlying response shares. Given that
these two identified parameters depend on three unknown response shares, we must pursue
a partial identification analysis.

B.3.2 Derivation of Sharp Bounds

Define the caseload (i.e., the sum of single and multiple program recipients) as Y, > Y. s
where Y, post = Y post.s —i— Y. post.m- We know that w, ) € [0,1]. We can further tighten
the bounds by drawing on the shares of non-responders and the adding up constraint
Z(100,171) Wpopr) = 1.

The share of single non-responders corresponds to the population share of recipients of s
under no CommonHelp in the post-CommonHelp period, less the share of intensive-margin
compliers ws ). This is precisely

1
_ ZzeZ }/;,pOSt,S(O) . zzez 14925 '}/Z,post,s
Wiss) = Y — W(sm) = Y —W(s,m)-
ZzEZ z,post . Zzez z,post
TV
0(s,9)
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Similarly, the share of multiple non-responders is

1
ZzEZ Y 7P08t m(O) i ZZEZ T+gom }/Z,post,m
ZZGZ z,post R Zzez sz,post

O(m,m)

Wim,m) =

Meanwhile, since our baseline population are recipients in the post-CommonHelp period, the
share of no-program non-responders does not exist by construction: w, ) = 0.
Based on the aforementioned linear equations, we possess the following linear restrictions:

W(n,s) — = Bs
W(n,m) +wsm 5m

(ns)+wnm 5s+5m
(sm)+wss 8(55

These deliver the following sharp bounds on each responder share:

maX{07 Bs} < W(n,s) < IIllIl{l + B& Bs + Bm}
0 Win,m) = min{@ma Bs + Bm}
maX{O, _Bs} W(s,m) < mln{l - BS? Bm; e(s,s)}

IA
N

IA

B.3.3 Characterizing Responders

Let X; € {0,1} indicate whether recipient i is low-socioeconomic status (SES). Our aim is
to estimate the probability that a given responder type (po,p1) € {(s,m), (n,m),(n,s)} is
low-SES:

Pr(X; =1 | (Pu(0), Pie(1)) = (po, 1)) -
First, we estimate (39, 37) separately for each subgroup X; = 0 and X; = 1, we repeat

the previous analyses to recover bounds on each responder-type share, by subgroup. Define
the responder share of subgroup X; = z as

wcho,m) = Pr(Pit(O) = Po; Pit(1> =D |XZ = CL’)

and denote its sharp lower and upper bounds as @ngo,pﬂ and G)fpmpl), respectively.

Note that we can measure SES only for a subsample of our main data. Therefore, the
overall responder shares of the subsample may differ from the overall responder shares of the
full sample. We abuse notation and denote w,, ,,) as the overall responder share for this
subsample. We re-estimate its sharp bounds, denoted wy, ) and W, p,)-

From Bayes’ rule, we can recover the target parameter:

Pr(X; =1 | (P(0), Pie(1)) = (po,p1)) = M‘Pr(& =1)

W(po,p1)

The challenge, however, is that w(lpo’pl) and wy, ) can take a range of values. To identify
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bounds on Pr(X; =1 | (Py(0), P+(1)) = (po,p1)), we pursue the following algorithm:

1. Draw a value wy, p,) from a fine grid of (W p)s Dpop)]-

2. Find the permissible set of w (Po.p1)? denoted Q , given Wy, py). To do this:
(a) Draw a value of w(, . from a fine grid of [w(po 1) Do o))

(b) Find the implied value of w( satisfying the law of total probability:

P0,P1)

Wpop) = Wpopn) o - [1—Pr(Xs = 1)] + Wi pyy |1 - Pr(X; = 1).

(c) If the implied value wg, v € [w then w(, €

(po,pl)
-0
(po,p1)? w(po,pl)]'

Yipo,p1)? w(po p1)]

(d) Repeat this process for all values w? ,y over the grid [

3. For each permissible value w( and given w, ), compute Pr(X; =

e Qf
P0,P1) (po,p1)
1| (Pi(0), Pi(1)) = (po,p1)) via Bayes’ rule. Denote this set of values as P(wpgp))-
Define p(wipg py)) = Min{P (Wi pi))} and p(wpg py) = max{P (W p))}-
4. Repeat this process for all values wp, p,) over the full grid (W) @pepy)]- Estimate

the bounds of Pr(X; = 1] (P;4(0), Py(1)) = (po,p1)) as

min {p(w(povpl) ) } ) max {p(w(m ,p1)) }

W(pg.p1)E [‘i}(po 1) Plpg ,111)] W(pg,p1) € [@(Po #1)7 “(pg.p1 )]

B.4 Conventional Targeting Analysis

Empirical Analysis. To assess changes in recipient composition, we adapt our DD and
DRD models to the individual level using repeated monthly cross-sections of program recip-
ients. For a given predetermined characteristic Cj;, we estimate:

Cit = v9(D.gy x PostCHy) + 8,y + A\ + 01 Age,; + 02 Age? + €, (B.1)
Ci = (71 - 1{t > 0} + frpre(t) - ]l{t < 0} + fipost(t) - L{t > 0}) x Treat, (B.2)
+ (o - L{t > 0} + fopre(t) - L1{t < 0} + fopost(t) - L{t > 0}) x Control,

+ 0, Age; + O, Age? + e,

where we control for a quadratic of i’s age at CommonHelp’s launch to account for potential
life-cycle dynamics that influence the measurement of Cj;.

Here, 79 and 7/ = 7, —~ capture how reductions in geographic and fixed burdens affected
the observable composition of multiple program recipients.? We combine these parameters
to assess CommonHelp’s overall effect on recipient characteristics in a given zip code using:

AC,=~9-D, ++7. (B.3)

This quantity reflects the change in socioeconomic status among multiple program enrollees
for a zip code with distance D, from its field office.

2. Thus, if Cy; is binary, then 79 and v/ reflect percentage-point changes (rather than percent changes).
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Results. Table A.8, Columns (1) and (2) report estimates from the individual-level DD and
DRD regressions, revealing starkly opposite patterns in how reductions in geographic versus
fixed burdens affected the composition of multiple program recipients. For our summary
low-SES indicator, CommonHelp led to a 0.72 percentage-point decrease in low-SES multiple
program recipients for every 10 miles of distance, but a 0.96 percentage-point increase in
low-SES recipients in zip codes closest to field offices. Appendix Figure A.28 provides visual
evidence supporting the validity of these estimates. Although the summary low-SES estimate
from reduced geographic burdens is not statistically significant, Appendix Table A.8 reports
significant and consistent patterns among its components, including precise increases in
recipients from households with longer employment histories and higher mean wages (Panel
A) and a significant decline in recipients with violent criminal offense records (Panel B).

Table A.8, Column (3) reports average targeting effects among multiple program recipi-
ents by setting D, = D = 6.6 miles in Equation (B.3). On average, CommonHelp’s impact
on the composition of multiple program recipients was small and statistically insignificant
(0.52 percentage-point increase in the share of low-SES recipients), with little to no signifi-
cant changes in employment, earnings, or criminal history. Given the targeting effects from
reducing geographic and fixed burdens move in opposite directions, it is unsurprising that
average effects across all zip codes mask this important heterogeneity.

B.5 Details on Marginal Value of Public Funds Analysis

We closely follow Hendren and Sprung-Keyser (2020) (hereafter, HSK) to assess the Marginal
Value of Public Funds (MVPF) of CommonHelp. The MVPF is defined as the ratio of a
policy’s willingness-to-pay (WTP) to its net fiscal cost, incorporating fiscal externalities from
behavioral responses. Here, we describe in detail each set of MVPF components that we cal-
culate: (1) direct WTP, (2) direct fiscal costs (in terms of benefit amounts and administrative
costs), and (3) behavioral responses and indirect effects. We incorporate roughly 125 param-
eters drawn from our estimates, external data sources, and the broader literature. Where
relevant, we distinguish between inputs that are relevant for calculating multiple-program
MVPFs versus single-program MVPFs.

B.5.1 Details on Direct Willingness-to-Pay (WTP)

CommonHelp directly reduced administrative burdens for applicants, generating time sav-
ings that we convert into WTP. We consider two forms of time savings associated with
CommonHelp. First, the transition from a paper-based form to an online system reduced
the application completion time from approximately two hours to just 30 minutes, saving
90 minutes per application (Virginia Department of Social Services 2012; Code for America
2024). Second, using roundtrip distances from residential ZIP codes to local field offices (es-
timated using Google Maps API), we calculate travel time savings assuming two field office
visits would have been required to meet with caseworkers and submit the application. This
assumption is consistent with the evidence in Bartlett et al. (2004), who find that SNAP
applicants made approximately 2.4 trips to the field office during the application process.
We value all time at $14.50/hour (twice the minimum wage rate, a customary practice
in the literature) and scale these WTP estimates by the number of new household units
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who received programs through CommonHelp between October 2012 and December 2015.
While we cannot directly observe which recipients applied via CommonHelp versus the tra-
ditional application process, we scale the total number of entrants by 15% based on internal
discussions with VDSS staff (who suggested 15% was the approximate share of enrollees
entering via CommonHelp). For multiple-program MVPFs, we include all new recipients
across SNAP, Medicaid, and TANF; for single-program MVPFs, we restrict to the respective
program’s new recipients. We also incorporate time savings from recertifications, assuming
these occur twice for roughly 60% of recipients (based on empirical survival curve estimates)
and require half the time of an initial application. By estimating time savings for all enrollees
and recertifiers, we account for the fact that CommonHelp yielded time savings among both
marginal and inframarginal recipients.

Note that these WTP estimates are likely to be conservative for a number of reasons.
First, they do not capture the change in WTP for applicants who may have been rejected (as
we only have information on applicants who ultimately enrolled). Second, our estimates of
travel savings reflect only the opportunity cost of time and exclude out-of-pocket travel costs
(e.g., gasoline). Finally, we do not account for the wait time savings from avoiding in-person
office congestion. Rowe et al. (2015) suggest that wait times could be several hours depending
on the time of day or the month, even though clients were generally interviewed within 60
minutes of arrival. Bartlett et al. (2004) also estimate that applicants spent approximately
3.9 hours (inclusive of time spent waiting for assistance) in their field office completing the
application process.

B.5.2 Details on Direct Fiscal Costs

We next discuss CommonHelp’s impacts on direct fiscal costs, starting with two types of
administrative costs (both the up-front development cost of the platform and the changes in
per-recipient administrative costs). We then consider the increase in benefit disbursements
associated with enrollment growth, where we use imputed benefit amounts to re-estimate
the policy’s impact on benefit outlays via the DD and DRD regressions.

Change in Fixed Administrative Costs Due to CommonHelp. According to an
article from GovTech, the up-front development cost of the CommonHelp platform totaled
$10,779,739 (Pittman 2012). We assume that this cost was fully borne over the three years
after CommonHelp (which constitutes our post-treatment period of analysis). Note that
we include the full up-front cost of CommonHelp, even though our analysis focuses only on
individuals in households with children.

Change in Variable Administrative Costs Due to CommonHelp. In addition to
increases in fixed administrative costs, we allow for CommonHelp to have affected variable
(per-recipient) administrative costs. Specifically, CommonHelp may have generated effi-
ciency gains by reducing agency workloads via streamlining the processing of applications.
To assess this, we conduct a synthetic control analysis that uses annual SNAP administrative
cost data to compare changes in per-recipient costs in Virginia against those in a “synthetic”
control state between FY 2013-2015. Comparable analyses are infeasible for TANF or Medi-
caid, as TANF data are subject to significant measurement error and Medicaid administrative
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cost trends are confounded by Medicaid expansion and other policy changes across states.
we assume that the effects for SNAP extend proportionally to these programs, as all are
administered by the same state and field offices under VDSS.

Benefit Amounts for SNAP. As our VDSS microdata contain only data on benefit
receipt and not amounts, we impute amounts based on binned averages from the public-use
SNAP Quality Control (QC) microdata files. Specifically, using the QC data, we collapse
benefit amounts using cells based on case size (ranging from 1 to 6+ individuals), monthly
case-level wages (30, $1-$500, $501-$1,000, $1,001-$1,500, and $1,501+), and fiscal year
limiting to SNAP recipients in Virginia. Individual cases are weighted using survey weights.
We ensure that all cells have at least 5 unweighted observations in the QC data, and we
aggregate across wage categories if needed to meet the minimum cell size threshold. In the
VDSS microdata, we calculate case size using SNAP case identifiers. We also calculate case-
level wages by linking to the VEC quarterly wage records, converting quarterly wages to
monthly wages by dividing by three, and summing across individual wages in a given case.

Benefit Amounts for TANF. We also use binned averages from the QC data for TANF
benefit amounts, which we have only for TANF recipients who also receive SNAP. However,
this is a relatively innocuous restriction, as approximately 90% of all TANF recipients receive
SNAP. Specifically, using the QC data, we collapse benefit amounts using cells based on case
size (fewer than 3, exactly three, and 4+ individuals), whether or not a case has monthly
wages, and fiscal year limiting to SNAP recipients receiving TANF in Virginia. Individual
cases are weighted using survey weights. We ensure that all cells have at least 5 unweighted
observations in the QC data, and we aggregate across wage categories if needed to meet the
minimum cell size threshold. In the VDSS microdata, we calculate case size using TANF case
identifiers. We also calculate indicators for case-level wages based on whether any individual
has earnings based on the VEC quarterly wage records.

Benefit Amounts for Medicaid. For Medicaid, we assign individual-level amounts that
are equal to spending per-enrollee by age group buckets (0-18, 19-44, 45-64, 65-84, and
85+). We obtain overall spending averages by state (focusing on the amounts for Virginia)
and year from the Centers for Medicare and Medicaid Services (CMS) Office of the Actuary.
We then multiply these annual state-level amounts by fractional adjustments for each age
group, which are obtained from national CMS data.

B.5.3 Details on Behavioral Responses and Indirect Effects

Finally, CommonHelp’s MVPF may be shaped by behavioral responses and other indirect
effects. These include fiscal externalities and shifts in WTP from informational frictions. It
is beyond the scope of this paper to estimate these directly with our data, so we draw on
studies used in HSK and the broader literature to assign relevant values.

Some studies calculate the MVPF by aggregating the WTP and fiscal externalities from as
many outcomes or behavioral responses as possible. While this is useful for obtaining the true
MVPF of a particular program, it complicates our primary objective: assessing the sensitivity
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of the MVPF of CommonHelp when accounting for single vs. multiple program participation.
This is because different program MVPFs possess different ingredients based on the available
evidence on a program’s causal impacts on outcomes and behavioral responses, which can
mechanically lead to different MVPF calculations based on the programs included in the
calculation. For example, Bailey et al. (2024) recently estimated that the MVPF of SNAP’s
historical introduction is 62.3—much of which is driven by their estimates of SNAP’s impacts
on life expectancy for young children. In contrast, there appears to be no existing evidence
of the causal impacts of TANF on life expectancy. Comparing the MVPF of CommonHelp
based on only TANF versus TANF and SNAP would be an uninterpretable exercise if the
WTP and fiscal externalities of SNAP included life expectancy. In order to facilitate more
interpretable comparisons, we focus on outcomes and behavioral responses that are arguably
considered “first-order” from a policymaker’s perspective and in the academic literature.

For fiscal externalities, we restrict to estimates based on labor supply, long-run earn-
ings, and cost savings (in Medicaid’s case). For example, we use Hoynes and Schanzenbach
(2012) for labor supply effects of SNAP and Bailey et al. (2024) for long-run impacts on
children’s income. In all cases, we obtain separate estimates for program impacts across four
age groups: young children (0-5), older children (6-17), adults (18-64), and seniors (65+).
When computing multiple-program MVPFs, we must make additional modeling assump-
tions about how fiscal externalities interact across programs. We consider three scenarios:
(1) externalities are additive and independent across programs; (2) externality rates are am-
plified by 10%; and (3) externality rates are amplified by 50%. The latter two might arise
from sharper behavioral responses to benefit cliffs (Moffitt 1979) or complementarities across
programs (Rossin-Slater and Wiist 2020).

We also allow for the possibility that increased program receipt raises the WTP for Com-
monHelp. Under a neoclassical model with full information, induced recipients are marginal
and thus possess a WTP of $0. However, credible evidence suggests that informational
frictions limit take-up. In our context, substantial rates of incomplete multiple program
take-up (Fact 3) and findings from Finkelstein and Notowidigdo (2019)—who document
90% misperception of SNAP eligibility among elderly Medicaid recipients—suggest that in-
duced recipients would derive higher WTP. We therefore incorporate WTP estimates from
the literature, disaggregated by age group and scaled based on different assumptions about
the degree of misperception: 0% (neoclassical), 50%, 90%, and 100% (full misperception).
We also try incorporating the WTP of only recipients below age 18, which assumes that their
parents who apply for programs do not internalize the value of benefits reaped by their chil-
dren (i.e., are not “altruistic”). For multiple-program MVPFs, we sum the valuations across
programs; for single-program MVPFs; we include only the respective program’s WTP.

Below, we discuss in detail the sources of the fiscal externality and WTP estimates for
each of the three programs we analyze: SNAP, Medicaid, and TANF.

SNAP. We focus on the fiscal externalities and WTP of SNAP from the program’s histor-
ical introduction (then known as Food Stamps). With respect to behavioral responses and
outcomes, we focus on SNAP’s impacts on parent and child earnings.

We begin with the fiscal externalities. Drawing on estimates from Hoynes and Schanzen-
bach (2012), HSK calculate that each $1 of SNAP benefits decreases labor earnings by $0.16
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among non-elderly household heads with 12 or fewer years of education. This number is
obtained by scaling the reduced-form impact of SNAP’s introduction on tax revenue from
earnings by a 6% participation rate, and thus represents impacts per household head. We
assume this fiscal externality applies to all SNAP recipients between ages 18-64. Meanwhile,
for children, Bailey et al. (2024) calculate that the impacts of receiving SNAP among chil-
dren between ages 0-5 on long-run earnings generates a fiscal externality of —$0.07. This
number is obtained by scaling the reduced-form impact of SNAP’s availability between ages
0-5 by a 16% participation rate between ages 0-5. Therefore, the $0.07 figure represents
the impact of receiving SNAP per child of ages 0-5, irrespective of duration in SNAP. Like
HSK, we assume no fiscal externalities among children between ages 6-17 and elderly adults
age 65 or older. We ignore impacts on other outcomes such as crime and mortality.

For WTP, we draw on HSK, Bailey et al. (2024), and Finkelstein and Notowidigdo (2019).
HSK employ a revealed preference argument that accounts for the SNAP benefit—earnings
schedule and negative earnings responses for the marginal complier to estimate a $0.62 WTP
for female household heads (based on Hoynes and Schanzenbach 2012). We assume this holds
for each non-elderly adult.” HSK also use estimates from Bailey et al. (2024) to estimate a
$0.45 WTP per child between age 0-5, which is driven by their later-life after-tax earnings.
Similar to before, we assume $0 WTP per child between ages 6-17. Meanwhile, Finkelstein
and Notowidigdo (2019) cite studies on the fungibility of SNAP benefits to estimate that
elderly adults have a $0.80 WTP.

Medicaid. We focus on fiscal externalities and WTP of Medicaid using different settings
and natural experiments depending on the age group examined. The estimates for children
(age 0-17) leverage the discontinuity in eligibility for children born around September 30,
1983. The estimates for non-elderly adults (age 18-64) are based on the Oregon Health
Insurance Experiment (OHIE), under the assumption that the estimates for low-income
adults without dependents (the population of interest in the OHIE) can be extrapolated to
the low-income adults in our setting (many of whom are likely to be parents, for whom there
are very few estimates in the literature). Finally, there are very few studies examining the
impacts of Medicaid for elderly adults (age 65+ ), but our estimates are based on a structural
model in Hackmann (2019). With respect to behavioral responses and outcomes, we focus
on changes in moral hazard and hospitalization costs/uncompensated care for children and
non-elderly adults, and on quality of care via access to nursing homes for the elderly.*

We again start by discussing fiscal externalities. For children, we assume that every
$1 in Medicaid expenditure translates to a fiscal externality of —$1. Based on estimates
from Wherry et al. (2018), HSK suggest that the cost savings to government (in terms of
hospitalization and emergency room costs) pays for Medicaid itself by the time children
are age H4. It could very well be that the fiscal externality is larger than —$1, but using
a lower bound of —$1 is sensible given that we do not account for impacts on mortality

3. Note that HSK approximate SNAP benefit amounts based on average household size. For female heads
of households, it is reasonable that they value all SNAP benefits provided to household. Extrapolating this
to two-parent households is an admittedly strong assumption.

4. We do not explicitly account for mortality to keep our Medicaid estimates more consistent with those
for SNAP and TANF (which do not account for mortality). However, note that the WTP estimates for
OHIE in principle reflect long-run impacts on health, but in practice these effects are negligible.
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when calculating WTP. For non-elderly adults, we assume a fiscal externality of 0 given the
lack of fiscal impacts detected in terms of labor market changes or future healthcare cost
reductions. For elderly adults, we again assume a fiscal externality of 0. Theoretically, in
there are offsetting forces in terms of decreased costs on home and community-based services
upon moving to nursing homes and increased costs from the expansion of the nursing home
market.

Next, we discuss estimates for WTP. For children, HSK lay out an estimate that is based
on the WTP per dollar of Medicaid expansion, but we recalculate this estimate so that it is in
terms of Medicaid receipt. Starting with an initial cost of providing Medicaid to children of
$1,484 per Wherry et al. (2018), we spread out the average cost over ages 8-14 and discount
back to age 8 to obtain a discounted costs of eligibility of $1,181. Lo Sasso and Seamster
(2007) estimate that the change in uncompensated costs per additional eligible child is $17,
which after scaling up by the take-up rate (44.6%) and discounting over seven years becomes
$31. Multiplying the cost of Medicaid provision by the moral hazard rate of 0.6 from Card
and Shore-Sheppard (2004) and subtracting uncompensated care costs yields $678, which we
divide by $1,181 to get a WTP of 0.57 per dollar of Medicaid expenditure.

For adults, we rely on Finkelstein et al. (2019) to obtain a WTP of $1.16 per recipient
dollar. Note that this is the WTP under a “complete information approach,” and Finkelstein
et al. (2019) estimate the WTP under alternative assumptions including a “consumption-
based optimization approach” (0.99) and a “health-based optimization approach” (0.55). We
follow HSK in taking the complete information approach as our baseline. Finally, for elderly
adults, we employ estimates from Table 4 of Hackmann (2019), who estimates that a universal
10 percent increase in Medicaid reimbursement rates would lead to an increase in consumer
surplus of $212 million and an increase in spending of $331 million. These are based purely
on changes in the nursing home industry, which primarily affects the elderly. Under the
assumption that these intensive margin effects translate to extensive margin changes, we
take the ratio of these magnitudes to obtain a WTP of 0.64 for the elderly.

TANF. Unfortunately, scarce studies examine the impacts of TANF participation. Thus,
we instead focus on the fiscal externalities and WTP of TANF’s predecessor, AFDC, based
on the historical program’s expansion in benefit generosity.” With respect to behavioral
responses and outcomes, we focus on TANF’s impacts on parent and child earnings. We
modify HSK’s methodology to meet our purposes.

HSK estimate that $1,000 additional AFDC benefits to beneficiaries generates a fiscal
externality of $147.77 among single mothers based on estimates from Meyer and Rosenbaum
(2001). We assume this effect estimate, which captures intensive-margin changes in AFDC
benefit generosity, translates to the extensive-margin TANF receipt for all non-elderly adults.
Thus, we assume that every $1 in TANF expenditure arising from TANF' receipt translates
to a fiscal externality of $0.15 per non-elderly adult. For children, HSK use estimates from
Currie and Cole (1993), which focuses on impacts of AFDC receipt during pregnancy on
child birthweight, to approximate a fiscal externality of —$137.77 per birth and per $1,000

5. HSK evaluate the MVPF of time limits on AFDC and consider various other welfare-to-work exper-
iments. These policy experiments are closer to the spirit of the TANF program, although the MVPF of
reforms is not informative of the MVPF of TANF itself.
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additional AFDC benefits. Like the externality estimate for non-elderly adults, we assume
this can be translated to public expenditures arising from extensive-margin TANF receipt.
This yields a fiscal externality of —$0.14 per birth based on a 20% tax rate on future earn-
ings. In their MVPF calculations, HSK further scale this by the fertility rate among AFDC
participants. Instead, we assign this fiscal externality to children between ages 0-5, allowing
us to use the same age groups used for SNAP. This assumes that increased financial resources
received during early childhood may yield similar effects as those received during pregnancy.
We also assume $0 fiscal externalities among children between ages 6-17 and elderly adults.®

With respect to WTP, HSK project a $1-to-$1 WTP for single mothers. We assume this
holds for all non-elderly and elderly adults. Meanwhile, based on after-tax earnings from
AFDC births, we assume children between ages 0-5 have a WTP of $0.55 per benefit dollar
while children between ages 6-17 do not have any WTP for TANF.

6. Admittedly, assuming no fiscal externalities for older children is a strong assumption given evidence on
the intergenerational transmission of welfare receipt.
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