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1 Introduction

How do households respond to a large and unexpected, but time-limited, change in unearned in-
come? Learning about the effects of such shocks to unearned income on spending, household balance
sheets, and financial outcomes is important for understanding household decision making and for
predicting household responses to tax and transfer policies. For example, understanding how house-
holds spend cash transfers is important for understanding what households value most on the margin
and how the effects of cash transfers may differ from in-kind transfers. Whether households save or
consume additional unearned income plays a central role in understanding the macroeconomic effects
of government spending and taxes as well as the implications of the payment frequency of transfer
programs. Answering such questions has been difficult due to the paucity of large, plausibly exoge-
nous variation in unearned income that can be linked to longitudinal data on expenditures, household
balance sheets, and financial outcomes.

We provide new evidence on the causal effect of unearned income on spending, financial out-
comes, and household balance sheets by studying a large unconditional cash transfer experiment. We
partnered with two non-profit organizations in Illinois and Texas to conduct the Open Research Un-
conditional income Study (ORUS), a large-scale randomized controlled trial (RCT) which randomly
assigned 1000 treatment group individuals to receive $1000 a month for three years and 2000 control
group individuals to receive $50 a month for the same period of time. Eligibility was limited to indi-
viduals 21 to 40 years old whose household income was less than 300 percent of the federal poverty
level. Participants began receiving transfers in November 2020 and payments ended in October 2023.

We combine this experimental variation in unearned income with two rich data sources on expen-
ditures, household balances sheets, and financial outcomes. First, we collect extensive surveys from
participants, including monthly online surveys on a rotating set of topics and extended midline and
endline surveys conducted by trained enumerators. These surveys provide regular data points on ex-
penditures, financial outcomes, and well-being. We achieve very high response rates (exceeding 95%
in most years and 93% in all years) in both the treatment and control groups, and the difference in re-
sponse rates is modest, giving us high confidence in our survey data. Many of these survey outcomes,
such as rent payments, informal loans, and self-perceived financial health, are difficult or impossible
to measure in administrative data. We compare average monthly expenditures in our survey to the

Consumer Expenditure Survey (CEX) administered by the Bureau of Labor Statistics (BLS) and find



that measured expenditures in the control group from our survey almost exactly match average ex-
penditures for demographically similar individuals in the CEX. Second, we link participant data to
Experian credit histories which provide comprehensive records on debt and repayment that do not
rely on participant recall. This study is rare in its ability to combine detailed self-reported expenditure
data, financial perceptions and outcomes with credit report data at the individual level with exper-
imental variation in unearned income. This provides us a multi-faceted window into households’
consumption and financial choices over time.

Starting with the effect of the transfer on expenditures, we find that treatment increased measured
spending by at least $310 per month in response to the transfer.! Spending rises in essentially every
detailed expenditure category, reflecting the flexibility of an unconditional cash transfer. The largest
spending treatment effects in dollar terms are concentrated in the most important spending categories
at baseline: food, rent, and transportation expenditures. Combined, these three categories make up
over half of the total estimated $310 effect on spending. In percent terms, the spending category with
the highest treatment effect is spending on gifts or loans to family or charity, which rise 25 percent (but
only $22 because the base of $84 per month is low). Approximately two-thirds of the overall treatment
effect on spending is concentrated in non-durable spending categories. Treatment effects rise slightly
over the course of the program, rising from $290 per month in the first year of the program to $330 by
the third year. The transfers enable recipients to move to different housing units and neighborhoods,
which both rise over 4 percentage points for the treatment group relative to the control group, or
roughly 10 percent of the control mean.

Our detailed survey questions on financial outcomes, coupled with credit record data, provide a
unique window into financial behavior and health. In addition to the increase in expenditures, we find
that the treatment reduced expenditure volatility, with the standard deviation of log monthly regular
expenditures declining by 0.14 in the treatment group relative to the control group. This suggests that
households are more easily able to maintain a consistent level of spending. Credit access is broadly
unchanged by the treatment—both total and available credit limits do not move and credit scores rise
only slightly by 6 points. Similarly, credit delinquencies, default (bankruptcies and foreclosures), and
credit utilization are unchanged. Self-reported financial health and resilience temporarily improve in
the treatment group relative to the control group, driven by a combination of higher savings as a share

of total income (excluding the transfer), improved scores on a self-assessed financial health index, and

1We believe this understates the effect on expenditures, similar to how expenditures are often under-reported in the CEX.
When computing marginal propensities to spend, we make adjustments to account for this under-reporting.
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higher financial resilience and ability to weather shocks. However, the effect on the index of self-
reported financial health decays over the course of the study; by year three there is no significant
difference between the treatment and control group. It is possible that part of this decay is explained
in part by recipients” knowledge that the transfer was coming to an end, leaving recipients feeling less
secure about their financial futures—particularly if they did not accumulate significant savings as a
buffer.

Treatment households raise their savings modestly in response to the transfer, increasing total fi-
nancial assets by between $1000 and $2300 over the course of the study depending on the measure.
This is driven primarily by higher bank account balances. We estimate small negative (and insignifi-
cant) treatment effect on homeownership, small positive (and insignificant) effects on car ownership
(of about 2 percentage points), and no effect on the number of cars owned per household. Reflect-
ing these small or null effects on car ownership and homeownership, the total value of real assets is
unchanged by the treatment. If we take out the value of real estate (given that it is highly variable,
homeownership rates are low in our sample, and homeownership is not substantially changed by the
treatment), we can reject rises or declines in real asset values of more than $2500. Rather than pay-
ing down debt, participants in the treatment group actually increase their debt modestly, by about
$1800 if mortgage balances are included and by about $500 if mortgage balances are excluded, though
these estimates are imprecisely estimated and we cannot reject a null of no change in total debt bal-
ances. This treatment effect on debt is driven in large part by auto loan debt which aligns with the
small changes we see in car ownership; we find a marginally significant change in auto loans of $800,
though the estimate is not statistically significant after FDR adjustment. This rise in debt may also
reflect greater ability to afford down payments or debt service payments, greater access to credit—we
find a modest increase in participant credit scores—or changes in risk tolerance driven by the transfer.
These estimates are imprecise, but our standard errors are small enough that we can reject total debt
reductions of more than $2000 and we can reject much smaller changes for most important particular
categories of debt. For example, we can reject treatment effects on credit card balances larger than
-$140, effects on credit union and bank loans larger than -$200, and any decline in auto debt.

Combined, these treatment effects on assets and debt indicate that the transfer decreased house-

hold net worth by about $1000.2 The net worth estimates are noisy, but we can rule out rises in net

2Itis important to note that our sample consists of low-income households, many of whom had little in the way of savings
or assets at baseline—median net worth was essentially zero, median savings was less than $1000, and only 61 percent of
participants had at least $100 in savings.



worth of more than $5700 (including real estate and mortgages) or $3000 (excluding real estate and
mortgages). Moreover, the combination of quite small estimates for effects on car and homeowner-
ship, the modest estimated effects on bank account balances, and the modest estimated rise in monthly
minimum debt payments give us further confidence that there is unlikely to be a substantial rise in
net worth. The estimated effects on net worth are non-monotonic over time, with net worth actually
rising during the middle of the transfer period but declining by almost -$3000 by the third year of the
study.

Combined with estimates reported in a companion paper (Vivalt et al. (2024)) that show that
the treatment reduced earned income, we can develop a picture of how participants allocated the
$950 net transfer. Roughly $310 was spent on higher expenditures, $280 on increased leisure (i.e.,
reduced earned income), and roughly $30 was spent on higher savings, but this was offset by the
accumulation of about $60 per month of higher debt. Taking these estimates at face value, they imply
that about 33 cents for every dollar of transfer was spent on increased expenditures, 29 cents was
spent on higher leisure, and -3 cents was spent on lower net worth, leaving about 40 cents of the
transfer unexplained. To translate these numbers into marginal propensities to spend (MPX) and de-
lever (MPD), we need to then make assumptions about how the unmeasured portion of the transfer
was allocated.? Although there is substantial uncertainty, given that we think consumption is more
likely to be mismeasured than income, the bulk of the remaining unexplained transfer is likely to be
unmeasured consumption. If we assume that all of the unexplained transfer is unmeasured spending,
then our estimates imply an overall MPX of 0.74, with an MPX on non-durables of 0.50 and on durables
or semi-durables of 0.24 (made up of a 0.13 treatment effect on durables and a 0.11 effect on human
capital related expenditures, which we classify as semi-durable). Alternatively, if we assume that we
are mismeasuring the change in net worth and assume that the actual change in net worth is positive
$5,000 and that the remainder of the unobserved spending was allocated to consumption, then we
find an MPX of 0.56, with an MPX on non-durables of 0.38 and on durables or semi-durables of 0.18
(made up by a 0.10 effect on durable goods spending and a 0.08 effect on human capital spending).

We make three primary contributions to the literature. First, we characterize how households

3Following some other papers in this literature, such as Fagereng et al. (2021), we refer to the share of the transfer spent
within the years of the transfer as the marginal propensity to spend, although marginal might be a misnomer in this case
given the large size of the transfer. Similarly, we define marginal propensity to de-lever as the share of the transfer that was
spent on reducing total debt during the period of the transfer. Alternatively, one could define the MPX as the share of the
transfer that was not saved that was allocated to higher expenditures. We present alternative estimates of the MPX that
use this alternative definition in Appendix Table A16. Given the low share of the transfer that we estimate was saved, this
alternative definition yields quite similar estimated MPXs as our main estimates.



use an unconditional cash transfer. There is a long literature studying the consumption responses
to in-kind transfers or conditional transfers, such as SNAP or TANF (see e.g. Fraker (1990), Hoynes
and Schanzenbach (2009), Hoynes and Schanzenbach (2016), Hastings and Shapiro (2018), Bronchetti
et al. (2019), Hastings et al. (2021), and Han et al. (2021)). However, there has been a growing interest
in studying the consumption and household finance response to unconditional cash transfers because
the flexibility they offer may result in different effects from in-kind or conditional transfers. Given this
flexibility, rich data on a wide variety of outcomes is required to understand how households use such
transfers and how the transfers affect their lives. Several recent papers have investigated the effects of
unconditional cash transfers in low-income countries (Haushofer and Shapiro (2013), Banerjee et al.
(2023)) and middle-income countries (Salehi-Isfahani and Mostafavi-Dehzooei (2017), but there was
limited evidence on the effect of such transfers in high-income countries (Forget (2011), Evans et al.
(2012)) until recently.

A literature studying the growing number of cash transfer pilots that have been conducted in
the past 5 years in the US has started to fill in this gap. The Chelsea Eats Study measures the im-
pacts of a program that randomly assigned households to receive up to $400 a month for 9 months
through a cash card between November 2020 and August 2021; they find that financial well-being,
weekly food expenditures and consumption of fresh vegetables, fish, and meat rise (Liebman et al.,
2022). Baby’s First Years (Noble et al., 2021) studies a program that recruited mothers with newborn
children between May 2018 and July 2019 and randomly assigned them to receive transfers of $333
or $20 a month via a pre-paid debit card for the first several years of their child’s life. The transfers
increased child-related expenditures and food consumed away from home but had little impact on
other types of expenditures (Gennetian et al. (2022), Gennetian et al. (2024)). Jaroszewicz et al. (2023)
study a program that randomly assigned households to receive a one time payment of $500, $2000, or
nothing between July 2020 and May 2021. They linked some participants to bank account data and
surveyed participants withdrawing program transfers or survey incentives about their intended use
of the withdrawal. In the bank transaction data, they find that spending rises in the treatment groups,
mostly through transfers such as ATM withdrawals, and in the withdrawal use survey they find that
the treatment groups were more likely to intend to use the funds for general bills or housing costs than
the control group. Our study complements these studies by examining a larger transfer and taking
advantage of more detailed expenditure data and information on household balance sheets.

Second, we provide new evidence on the relationship between income and consumption using



experimental variation in a large, unexpected cash transfer with a known end date. A rich existing
literature studies small unexpected shocks to income from tax refunds, stimulus checks, small experi-
ments with detailed expenditure data, or “reported responses" to hypothetical income shocks (see e.g.
Hsieh (2003), Johnson et al. (2006), Parker et al. (2013), Misra and Surico (2014), Jones and Marinescu
(2018), Fuster et al. (2021), Boehm et al. (2023), and Colarieti et al. (2024)). However, although infor-
mative, there are limitations to what these studies can teach us because the small size of the transfer
means that many transfer uses that would involve shifting consumption commitments (such as mov-
ing to a new residence) are unlikely (Chetty and Szeidl (2016)). Furthermore, the welfare consequences
of the choice of how to use a small transfer are minimal for many households, so there are limitations
about what existing studies can tell us about household decision-making (Kueng (2018)).

A smaller literature estimates the effects of large changes in income on household consumption or
financial behavior and outcomes by studying lottery winners. The average lottery winnings studied
in these papers are often of the same order of magnitude as or higher than the total value of the
transfers in our study, providing a useful comparison. Several aspects of our study distinguish it from
this literature. First, households who self select into playing the lottery may differ in their preferences
or other characteristics from those who do not play the lottery. This potentially makes it difficult to
extrapolate from estimates on a sample of lottery winners to the broader population. Second, these
studies typically either do not directly measure consumption at all and instead impute consumption
using measures of asset returns (Golosov et al. (2023)) or wealth (Fagereng et al. (2021)), have a much
more limited set of direct measures of consumption than we observe (Imbens et al. (2001)), or focus
on other aspects of financial behavior like stock market participation (Briggs et al. (2021)). Our paper
is unique relative to this literature in combining detailed consumption surveys and information on
household balance sheets, including administrative data on debt from credit records.*®

Fagereng et al. (2021) and Golosov et al. (2023) generate estimates of the overall consumption re-
sponse to lottery prize winnings and so warrant more detailed comparison to our results. Fagereng
et al. (2021) study lottery winners in Norway, taking advantage of the detailed administrative data
available through the Norwegian government on household balance sheets, which include debt, de-

posit accounts, and stockholdings (for some years). They estimate a high marginal propensity to

4Imbens et al. (2001) measures the effect of lottery winning on the value of cars, real estate, and savings, and doesn’t
include any measures of total or non-durables consumption.

5 Another set of papers studies the effects of lottery winnings on outcomes other than consumption and financial out-
comes, studying the effect of lotteries on employment in Sweden (Cesarini et al. (2017)) and Holland (Picchio et al. (2017)),
on college attendance in the US (Bulman et al. (2021)), or on well-being (Lindqvist et al. (2020)).



spend out of lottery winnings, with roughly 58% of the winnings spent in in the first year and around
85% spent by the third year. Golosov et al. (2023) study lottery winners in the US and impute spending
responses using asset returns, estimating marginal propensities to spend out of unearned income of
roughly 0.6. Our preferred estimates of the marginal propensity to spend of 0.56 to 0.74 are arguably
higher than Golosov et al. (2023) and of similar size to Fagereng et al. (2021).°

Third, our rich data also allow us to explore new dimensions of household responses to income
shocks. We combine our experiment with survey data on expenditures and consumption, financial
behavior, and financial health with credit bureau credit histories, providing a more complete picture
of household behavior in response. This allows us to contribute to literatures on the relationship
between income and well-being (Lindqvist et al. (2018), Stevenson and Wolfers (2013), Deaton (2008),
Clark et al. (2008)) and expenditures and consumption (Aguiar and Hurst (2005)) and provide a more
complete picture of the response of household behavior to income changes across a wide variety of
measures.

Our results show that large, sustained, but time-limited cash transfers cause substantial increases
in household expenditures, driven primarily by non-durable core expenses such as food and rent pay-
ments. Over the three year period of the transfer, participants spend the majority of the transfer on
a combination of this large increase in expenditure and a moderately sized reduction in earned in-
come (Vivalt et al. (2024)). Household financial savings rise only modestly and financial assets are
unchanged, while household debt rises slightly. Credit access, utilization, delinquencies, bankrupt-
cies, and foreclosures are similarly unchanged. Possibly reflecting this lack of improvement in long-
term financial standing, financial health and resilience rise sharply in year one of the study but the
effect decays to zero by the third year of the transfer. Overall, these results suggest that large, but
temporary, transfers increase expenditures, consumption, and financial resilience in the short term
but do not substantially improve low-income households” medium-term financial position, suggest-
ing that the long-term effects on consumption or financial outcomes may be small. Time-limited cash
transfers may be a tool to increase spending on basic needs, reduce consumption volatility, improve
financial health, and strengthen households’ ability to weather financial shocks in the short term, but
policymakers interested in increasing wealth or improving long-run financial outcomes may want
to consider either more permanent transfer programs or other policy options. More broadly, these

results suggest that, at least in this sample of low-income US households, marginal propensities to

®Differences in payment sizes, payment frequency, samples, and data make this comparison difficult.



spend are quite high and that households have little propensity to smooth consumption over the long
run following large increases in unearned income.

This paper proceeds as follows. In the next section, we describe the intervention, the participant
recruitment, and the experimental design. Section 3 introduces the details of our empirical approach.
We then provide an overview of the data sources we use in Section 4. Section 5 presents our main
results, while Section 6 discusses what these results imply about households’ propensity to spend and

de-lever. Section 7 concludes.

2 Open Research Unconditional Income Study

In the OpenResearch Unconditional income Study (ORUS), OpenResearch collaborated with two non-
profit non-profit partners (NPs) in Illinois and Texas to study the effects of a three year unconditional
cash transfer program. As part of the study, the NPs recruited a sample of 3,000 individuals and
randomly assigned 1,000 to receive an unconditional transfer of $1,000 a month and 2,000 to receive
an unconditional transfer of $50 a month.” The analysis was pre-registered. Small changes to the
original pre-analysis plan are detailed in Appendix Section B, and all versions of the complete pre-
analysis plan are available through the AEA RCT Registry.® In this section we provide an overview of

the study and describe recruitment and eligibility criteria.

2.1 Eligibility and Recruitment

Individuals ages 21 to 40 living in 18 counties in Illinois and Texas whose household income did not
exceed 300% of the federal poverty threshold at baseline were eligible to participate in the study. The
18 counties included 9 counties in Illinois centered broadly around the Chicago area and 9 counties in
Texas centered around the Dallas region. Counties were chosen to include a mix of counties containing
large cities (Chicago, Dallas, and Fort Worth), counties containing medium sized cities (Waco, TX and
Rockford, IL), suburban counties, and rural counties.

The NPs recruited participants through three methods. First, starting in August 2019, the NPs sent

mailers to individuals in study counties inviting them to participate in a pilot program that would

’Given the diverse set of outcomes that large cash transfers could affect and the extensive and unique data that were
collected, we pre-registered analyses for a variety of topics. In companion papers, Miller et al. (2024) and Vivalt et al. (2024),
we present results on the effects of the transfers on health and employment outcomes respectively. In some cases, these
results shed light on the consumption and household balance sheets findings described in this paper, so they are discussed
in subsequent sections when appropriate. Some figures and tables describing the study and data as a whole, including
Figure 1, Table 1, Appendix Figures Al, and A5, and Appendix Tables Al are included in all three papers. Figure 2 is also
included in Vivalt et al. (2024). Results on other pre-registered topics will be released in subsequent papers.

8See AEARCTR-0006750.



provide "$50 or more" per month in unconditional cash assistance. As in Broockman et al. (2017),
mailed individuals were provided with a link and unique sign-in code to fill out an online screener
with basic questions to determine respondents’ eligibility for the program,; if eligible, they were also
asked to consent to link their information to administrative data. Consent to share administrative data
was optional and did not affect the chances of being selected to participate in the program. Second,
the study was advertised on Facebook, targeting individuals in study counties. Third, advertisements
were included in the FreshEBT mobile application, which is used by many SNAP recipients to manage
their benefits. Participants recruited through Facebook or FreshEBT, like those recruited via mailers,
were provided with a personalized code to access the eligibility screener. In all three recruitment
methods, potential participants were told that, if selected for the study, they would receive $50 or
more in transfers for 3 years and have the opportunity to participate in optional research activities.
Individuals received between $0 and $20 in the form of online gift cards to complete the screener, sent
by email immediately after completion of the screener.”

Individuals whose answers on the screener indicated that they were eligible for the study were
then randomly assigned into an “active" study group whose contact information was given to the
Survey Research Organization (SRO) at the University of Michigan. Trained enumerators would then
contact the individual to attempt to schedule a time to enroll them in the program. After participants
were enrolled in the program they were invited to participate in the research, and a baseline survey
was administered to consenting participants. Random assignment into the “active" study group was
stratified on income relative to the federal poverty threshold and county type (large urban, medium
urban, suburban, rural). We over-sampled individuals living in households making less than 200%
of the federal poverty level. Overall 6,133 individuals were assigned to the “active" study group,
of whom 3,000 completed baseline surveys. Baseline surveys were conducted in-person between
September 2019 and March 2020 and were conducted by phone between March 2020 and Septem-
ber 2020. Individuals were told during the recruitment, screening, and baseline survey process that
participants would receive "$50 or more" each month, but they were not informed that some indi-
viduals would receive $1000 per month during the program. All participants began receiving a $50
monthly transfer upon enrollment into the study.

We investigate the representativeness of the sample in Table 1, which compares the enrolled ORUS

participant characteristics to the eligible population. Panel A reports average values for the active

9We used Tango card online gifts cards. These online gifts cards are very flexible and can be used at a wide variety of
online and brick-and-mortar retailers including Amazon.com, Walmart, and many others.



group stratification variables, while Panel B reports average values for basic demographic variables.
Columns (1)-(3) report values for the eligible population from the American Community Survey (ACS)
using different weights and samples, Columns (4) and (5) report average values for eligible screener
respondents, and Column (6) reports the values for the enrolled sample. Overall, the study sam-
ple closely matches the characteristics of the eligible population in the ACS, particularly once we
reweight to reflect the oversampling of the lowest income households and the sample distribution
across county types. The only characteristic that differs notably is the share who are renters, which is
over-represented (79% versus 66%) in our sample relative to the average for the eligible population in
study counties reweighted to match the FPL-type and county type distributions. Broadly, we think of

the ORUS sample as being representative of the young, low-income population of the US.1?

2.2 Randomization

In October 2020, 1,000 of the 3,000 individuals who completed the baseline survey were randomly
assigned to receive $1,000 a month for three years (the “treatment"” group) and 2,000 were assigned to
continue receiving $50 a month for three years (the “control" group). To minimize differences in aver-
age characteristics and spillovers between the treatment and control groups we conducted a blocked
and clustered randomization with re-randomization. We first assigned individuals to clusters. The
vast majority of the sample was assigned to a cluster containing just themselves. However, we dis-
covered during the pre-randomization period that some enrolled participants know one another (both
through survey questions about whether they knew another participant in the study and based on the
address where they lived). We placed such individuals into the same cluster so that they would receive
the same treatment assignment and avoid any spillover between the treatment and control groups.
We then created strata based on combinations of state (TX and IL), income relative to the federal
poverty level (0-100%, 100-200%, or 200% and up), and race and ethnicity (Non-Hispanic White, Black,
and Hispanic). Within the strata, we constructed blocks of three clusters to minimize within block dif-
ferences on a few dozen pre-treatment characteristics using the Mahalanobis distance measure. After
the first round of blocking, some clusters were left unassigned because the number of clusters within
a strata did not evenly divide into three. These observations were then assigned to blocks ignoring

the strata, but again trying to place clusters into blocks with other clusters with similar characteristics.

10Note that the share renters in Column (6) differs from the share in Column (5) more than one would expect given that we
randomized households into the active study group in Column (6) because we use different rental variables. The screener
data which is used in Column (4) and (5) only asked if the respondent owned their home or rented, while the baseline
survey data which we can use in Column (6) asked whether anyone in their household owned the house they lived in,
which matches the homeownership definition used in the ACS data that we are comparing these data to in Columns (1)-(3).
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Once all clusters had been assigned to a block, we randomly chose two clusters within each block to
be assigned to the control group and one cluster to be assigned to the treatment group.

After a candidate block randomization following this procedure was completed, we conducted
a series of covariate balance tests for several dozen pre-treatment covariates. For each baseline co-
variate, we chose a p value floor below which we would reject the candidate randomization. We also
rejected any candidate randomizations if the F statistic for the test that all the coefficients were equal
to zero was over 0.25.

One concern with this re-randomization approach is that outliers may lead to implicit restrictions
on the randomization that result in some individuals not having equal probabilities of assignment to
treatment and control. We address this concern by drawing 1000 randomizations that satisfy the cri-
teria described above and testing for whether we could reject the hypothesis that the probabilities of
treatment assignment for all individuals were drawn from a Bernoulli distribution with equal assign-
ment probabilities. The results from this test are reported in Appendix Figure A5. We failed to reject
the hypothesis that all observations were assigned to the treatment with probability one-third.

Table 2 reports the sample means for selected key baseline characteristics for both treatment and
control and reports the p value of the estimated difference between these two groups. As expected
given the randomization, the treatment and control groups are near identical in terms of their baseline
characteristics.!

Table 2 and Appendix Table A3, which shows the median values of continuous variables by treat-
ment and control at baseline, also provide a more detailed picture of the characteristics of the ORUS
study sample at baseline. Average annual household income was slightly under $30,000, roughly 58
percent of the sample was employed, and 57 percent had children. Households spend about $3000 a
month on average, which is actually somewhat larger than self-reported monthly household income,
possibly reflecting debt households are incurring or in-kind benefits such as SNAP. Consistent with
this high spending relative to income, household net worth is low at baseline—around $6000 includ-

ing real estate assets and debt, and around -$5000 when real estate assets are excluded. The average

One potential exception is net worth, where the treatment group has an average net worth that is several thousand
dollars lower than the control group at baseline, driven primarily by differences in estimated asset values (particularly
real estate assets). Although this difference is only significant at the 10% level, this could potentially raise concerns about
analysis of this outcome. In Appendix Table A3, we report a balance table with the difference in medians between treatment
and control and find that the median net worth differs by less than $5 between treatment and control. This suggests that
the difference between treatment and control in baseline net worth is driven by a few outliers in the control group who own
valuable real estate assets. Our main specifications include a rich set of LASSO selected controls, which often include the
baseline value. In addition, we present robustness checks for our net worth results using median regression and difference-
in-differences estimates and find results very similar to our main results. Combined, these patterns make us confident that
the modest imbalance in Table 2 does not drive our results.
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numbers are driven by a few participants with particularly high assets or debt, and median net worth
is almost exactly zero and median net worth excluding real estate assets and debt is around -$500. The
median household only has about $800 of financial assets. Consistent with these relatively low levels
of net worth and savings, a large share of households in the sample face financial challenges: less
than 40 percent of households could pay an unexpected $400 expense, household savings totaled only
5 percent of income, and almost 9 percent recently stayed in a shelter, car, or other non-permanent

housing.
2.3 Intervention Details

Transfers to both the $1000 and $50 per month groups were made via direct deposit into the par-
ticipant’s bank account on the third Wednesday of every month.!? Participants who did not have
bank accounts were assisted in setting up a bank account. A very small number of participants were
not able to open accounts and instead received the transfer through what was essentially a pre-paid
debit card with no fees. As described above, all participants began receiving a $50 a month transfer
upon enrollment into the study. The treatment group began receiving their $1000 a month transfers
in November 2020 and transfers for both treatment and control groups continued through the end
of the three year period in October 2023. Participants were clearly informed at all stages that the
transfers would last for exactly three years. The cash payments were unconditional: recipients con-
tinued to receive transfers regardless of their participation in research activities, labor supply choices,
consumption choices, residential choices, or other decisions. The NPs employed program staff who
were available by phone, text message and email to answer questions and concerns from participants
and help address any problems such as monthly payments not being received and updates to direct
deposit accounts.

Because the study transfers were unconditional and provided by non-profit organizations, the
transfer is a considered a gift and does not affect income tax liabilities. However, the transfers pro-
vided in this study were sufficiently large that, in some circumstances, they could potentially influence
an individual’s eligibility for government benefits. Following efforts led by our partners, the Illinois
State Legislature passed SB 1735 in 2019, which exempts income received as part of research studies
not funded by the state government’s general revenue from affecting eligibility for benefits programs,

to the extent permitted by federal law. In practice, this meant that in Illinois eligibility for Medicaid,

12During the study period the third Wednesday of the month never fell on a holiday, so there was never any delay in
receiving the transfers.
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SNAP, and TANF were not affected by the transfers received by the treatment or the control group.
Supplemental Security Income (SSI) benefits could potentially be affected by the study transfers given
federal law, so the non-profit organizations excluded individuals who indicated they were on SSI from
the program because losing SSI benefits due to the transfers could have made them worse off in the
long run. Individuals on SSDI (Social Security Disability Insurance) were also ineligible because they
are already receiving a sustained cash transfer.

The extent to which housing assistance would be affected by the transfers depends on the lo-
cal housing authority. Federal guidelines generally count the transfers as income for the process of
determining eligibility for housing assistance, but certain housing authorities, including the Chicago
Housing Authority (CHA), are granted discretion while participating in demonstration projects. CHA
agreed not to consider the transfers as income for determining eligibility for public housing and hous-
ing vouchers in Chicago, but housing assistance in other locations could be affected. As a conse-
quence, the implementing partners excluded individuals whose housing assistance would be affected
so they would not be made worse off by participating.

In Texas, no such state law was passed so there was more potential for the transfers to affect benefit
eligibility. Though Medicaid eligibility was not affected by study transfers, eligibility for some other
benefits, such as SNAP and TANF, was potentially affected by receipt of the transfers for participants
living in Texas. Appendix Table A1 more fully describes the extent to which eligibility for different
government benefits could have been affected by the study transfers in both states.

During the course of the study, participants who agreed to take part in the research were asked to
complete monthly online surveys and web application activities and interviewer-enumerated surveys
at midline and endline. Participants received additional incentives for completing these surveys above
and beyond the cash payments. Data collection activities are described in more detail in Section 4.

All program enrollees, including both treatment and control groups, were informed at treatment
assignment that the transfers would end after three years, and reminders were sent in October 2022
and every few months thereafter until the transfers ended in October 2023. As the end of the trans-
fer period approached, the NPs provided participants with updated resource lists with services or
providers in their area and with national services and hotlines if they had moved to different counties
or states. The NPs also had staff available by email, phone, and text message who were able to answer
questions and refer participants to additional resources or services that might be able to assist them as

the transfers ended. The full timeline of the study is shown in Figure 1.
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3 Estimation and Inference

Cash transfers can affect a wide array of participant outcomes. This large set of plausibly affected
outcomes, combined with the extensive surveys we conduct and rich administrative data we link to,
results in a large set of potential outcomes for which we estimate treatment effects. This large number
of estimates could result in inaccurate inference due to multiple hypothesis testing. Additionally, in
many cases we measure a number of different variables related to a similar concept; aggregating such
variables may make it easier to interpret the results and improve statistical power. We developed and
pre-specified an estimation procedure that addresses these two issues by pooling outcomes across
time, constructing indices for key outcomes, and computing g values to control the false discovery

rate.

3.1 Estimation

We start by dividing outcomes into nested groups of topics, families, components, and items. Items
are particular outcomes measured in the data. Following Anderson (2008), to reduce the number of
primary hypotheses we test, we then aggregate these items into component indices. We then aggregate
these component indices into family indices of a set of related components. A topic is a broad set of
related types of outcomes, such as employment, financial outcomes, or health.

For our main specifications, we pool items across time and surveys. Specifically, we take the
weighted average for a given outcome of the monthly surveys and the midline and endline surveys,
placing 30% weight on the monthly surveys and 70% weight on the midline and endline surveys
(when a given variable is observed in both). When computing the midline and endline average, we
put 70% weight on the endline and 30% weight on the midline. When computing the monthly survey
average, we put 50% weight on the third year of the study, 30% on the second year of the study and
20% on the first year of the study.!®> A given item is only missing for a given survey year if that item
is missing from all surveys in that survey year. If an item is completely missing within a given survey
year for a particular participant but we observe that item in other survey years for that participant, we
use the mean of non-missing survey years for that participant in the pooled estimates. In additional
specifications we also separately estimate treatment effects for each time period.

We estimate OLS models where we regress item j for study participant i, Y;;, on an indicator

13We define years of the study relative to the start of the transfer. Study year one is November 2020 through October 2021,
study year two is November 2021 through October 2022 and study year three is November 20222 through October 2023.
Surveys conducted before randomization occurred in October 2020 are referred to as baseline surveys.
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for whether participant i was assigned to $1,000 a month treatment, D;. In our main specifications,
we also use the rich set of pre-treatment covariates observed in the baseline survey, denoted by X?,
to improve the precision of our estimator. Specifically, as in Bloniarz et al. (2016), for each item Y;;
we estimate the relationship between Y;; and X{ using the Least Absolute Shrinkage and Selection
Operation (LASSO) and select the subset of XZQ, ng, with non-zero estimated coefficients. Note that
we perform this exercise separately for each item j, so the selected subset of covariates is index by j,

X?j. The resulting model we estimate is:14

We then use seemingly unrelated regression (SUR) to aggregate these item level estimates into
the component they fall within, weighting each item equally. These family level estimates are then
estimated using SUR as the equally weighted average of the constituent components. We pre-specify
which items within each family are included in the component level index and which components are
included in the family level index.

In cases where the items within a component and components within a family do not have nat-
urally comparable units, we standardize the item level estimates to be in control group standard de-
viation units before aggregating to the component level and do the same before aggregating from the
component level to the family level. We do not do this for cases where the items within a component
have a naturally interpretable unit. For example, all items in the consumption family are in dollars
per month, so we do not standardize before aggregating to the component or family level so that the

components and families can be interpreted as the aggregate value of the given measure.

3.2 Inference

Given the substantial number of outcomes that we measure, our inference would be inaccurate if it did
not adjust for multiple hypothesis testing. We use Benjamini and Hochberg (1995)’s false discovery

rate adjustment to compute g values within a topic using a tiered approach following Guess et al.

14We created a wait list during the randomization process in anticipation of imperfect compliance. In practice, compliance
was almost perfect. One participant assigned to treatment initially declined the treatment and was replaced with someone
from the wait list, but that participant later changed their mind and was enrolled in the treatment group. Another participant
was removed from the treatment group by an NP for violating the participation agreement, but that individual continued
to participate in research activities. Ultimately, 1000 of 1001 participants assigned to treatment eventually took up the
treatment. Given that there is this small amount of imperfect compliance with treatment assignment, these are technically
“intent-to-treat” (ITT) estimates of the effect of the cash transfer. However, given that only one person offered treatment
ultimately did not take up treatment for the full study, the ITT estimates are effectively identical to Treatment on the Treated
(TOT) estimates in this case, with the first stage higher than 0.999.
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(2023). Family level estimates are adjusted for ko hypotheses, where ky is the total number of families
within the topic. Component level estimates within family f are adjusted for ko + k1 s hypotheses,
where K ¢ is the number of unique components within family f, while item level estimates within
a family are adjusted for ko + k1,r + k¢, where kj ¢ is the number of unique items in family f. We
also estimate results on secondary hypotheses that do not enter an index or are not of main interest,
including heterogeneous treatment effects. We compute g values for these outcomes to account for
ko + ki,f + ka, + k3 s hypotheses, where k3 ¢ is the number of secondary outcomes within family f.
This paper includes outcomes from the financial health and mobility topics. Any supplementary
hypotheses not described in the PAP are adjusted for ko + k1 ¢ + ko r + k3 ¢ + k4 5 hypotheses, where
ky s is the number of supplementary hypotheses. Inference for robustness checks is not adjusted to
control the false discovery rate. In our tables, we report standard errors, unadjusted p values, and the
g values computed using this procedure. Appendix Table A2 describes which estimates were put into
which FDR tier in detail.

As described above, there are a small number of enrolled participants who we found out might
know one another during the pre-randomization period. We randomized these participants as clusters
to have the same treatment status. We incorporate this into our inference by clustering our standard

errors at the cluster level.

4 Data

To measure how households respond to this exogenous increase in unearned income, we need data on
expenditures, household balance sheets, and financial behavior. We measure these outcomes through
a combination of online surveys, phone and in-person surveys, and administrative data. We also
collected detailed time and nutrition diaries and biomarkers which are discussed in Vivalt et al. (2024)

and Miller et al. (2024). Below we discuss each type of data in more detail.

4.1 Enumerated Survey Data

As described above, all participants completed a baseline survey prior to randomization. This baseline
survey was conducted in person (before March 2020) or over the phone (after March 2020) by trained
SRO enumerators. Enumerators also conducted a midline survey (between April 3 and August 2,
2022) and an endline survey (between March 30 and August 15, 2023). The midline and endline sur-
veys were administered over the phone for most participants, but a small number were administered

in person for participants who preferred this option. These surveys covered a similar range of topics
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to the baseline survey. To prevent the length of the baseline, midline, and endline enumerated surveys
from being too long, we asked additional questions through web-based Qualtrics surveys at baseline,

"non

midline, and endline; we refer to these as the "mobile baseline," "mobile midline," and "mobile end-
line" surveys. There were three such surveys at baseline and midline and four at endline. They were
conducted between April 12 and October 14, 2022 for the midline and April 11 and October 11, 2023
for the endline.

The incentive to complete the enumerated baseline was $50. Towards the end of the recruitment
period, there was also a $50 bonus if you kept your appointment for completing the survey. For
the midline and endline enumerated surveys, the base incentive for completing the survey was $50
and participants were randomized to receive an incentive of $0, $25, or $50 for keeping their first
appointment. Participants were also paid $15-30 per mobile baseline, midline, or endline survey.

Combined, these surveying efforts yielded high response rates for both the treatment and control
groups with low differential attrition. We achieved 97% response rates at midline and 96% response

rates at endline; control group response rates ranged from 96 to 95% and the treatment group response

rate was 98% for both surveys.!®

4.2 Online Surveys

In addition to the baseline, midline, and endline surveys, participants were invited to take monthly
online surveys conducted through Qualtrics which could be completed on a mobile device or com-
puter. The monthly online surveys covered a more limited set of topics and included a smaller set
of questions than the baseline, midline, and endline surveys. These surveys were designed to pro-
vide higher frequency measures of key outcomes, to elicit additional measures of some outcomes to
increase precision, to keep participants engaged with the research study, and to collect updated con-
tact information to help maintain high response rates. Topics included in the monthly online surveys
varied from month to month to cover a range of topics. For example, questions about expenditures
were covered quarterly in the monthly surveys. Participants were paid $10 to complete each monthly
survey.

Extensive efforts were made to get survey non-responders to complete the surveys. These in-

cluded emails, phone calls, text messages, and postcards sent to the participant. If several outreach

15Baseline survey completion rates were 100% for both treatment and the control group as baseline survey completion
was a requirement for randomization into the study. Participation in the research was not a requirement for participation in
the program and receipt of the cash transfer, however, but there was only one person who chose to take part in the program
but did not consent to the research.
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attempts with these methods had been made without success, OpenResearch staff reached out to al-
ternative contacts outside of the person’s household (which the participants provided at baseline) to
obtain new contact information. For the enumerated midline and endline surveys, SRO enumerators
would visit the last known address of the participant as a last resort, as long as this address was within
the geographic area covered by the enumerators.!® More extensive detail on the survey approach is
provided in an online guide to the ORUS study here, including the full text of all survey instruments.

Response rates were lower for the monthly online surveys and activities than the enumerated sur-
veys, but still quite high at 85.3 percent overall, with average monthly survey response rates ranging
from 82.2 percent for the control group to 88.5% for the treatment group. These response rates to the
online surveys are even higher if you consider whether respondents completed any monthly Qualtrics
surveys in a particular year. Figure 3 reports response rates for monthly Qualtrics surveys defined by
whether the respondent ever completed a monthly Qualtrics survey and, for comparison, response
rates to the enumerated midline and endline surveys. We see that about 98% of both the treatment
and control group responded to at least one monthly Qualtrics survey in the first year of the study
and 94% of participants responded to at least one monthly Qualtrics survey in the third year of the

study.

4.3 Administrative Data

We link individuals to their Experian credit records to provide a more complete picture of their house-
hold liabilities. Participants were asked to consent to link their information to administrative records,
including credit records, during the online screener, again during the baseline survey, and again af-
ter the program began. The vast majority consented at baseline or during the screener. Overall, this
resulted in 86.9 percent of participants in the control group and 88.8 percent of participants in the
treatment group consenting to link their study data to administrative records. We match individuals
to their Experian credit reports using name, address, date of birth and, when available, Social Security
Number. Of those who agreed to link their data to administrative records, 95.2 percent of the control
group participants and 96.7 percent of the treatment were successfully linked. This means that ulti-
mately 82.7 percent of control group participants and 86 percent of treatment group participants were

linked to their Experian records.

16The enumerators were based in the 18 study counties in IL and TX from which participants were recruited and had a
geographic radius around these areas.
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5 Results

We present four sets of results on the effects of the treatment on household outcomes. First, we present
results on how the treatment affected expenditures. Second, we present results on how the treatment
affected financial health and resilience. Third, we present results on how the treatment affected house-
hold balance sheets. Fourth, we present results on how the treatment affected credit and financial

behavior.

5.1 Expenditures and Consumption

In this section we present results on the effects of transfer on expenditures and other key consumption
choices. We start by discussing the detailed expenditure survey we conducted, then present estimates
of the effects of the transfer on expenditures, and finally show evidence on how the transfers have

affected location decisions.

5.1.1 Expenditure Data

We measure expenditures through expenditure questions administered in both the online surveys
and the enumerated surveys. These surveys are similar in structure to the Interview Survey portion
of the Consumer Expenditure Survey (CEX), but our versions are much abbreviated. We convert all
spending numbers into implied monthly spending and then combine regular and unexpected spend-
ing into an aggregate monthly spending measure. There were slight differences in the expenditure
questions between the online and the enumerated surveys and we combine some spending categories
and rescale others to make measures from the two surveys equivalent. We provide more detail on the
construction of the expenditure data in Appendix Section A.

How well does our survey capture participant spending patterns? In Table 3 we compare total
monthly spending by year from our data with total spending from the CEX in the same years. Column
(1) reports the average total monthly spending in the control group in the ORUS study and Columns
(2) - (4) report CEX total average consumer spending for consumer units containing someone aged
21-40 in 2020 using different weights to approximate the characteristics of the ORUS study sample.
Column (2) just uses the CEX weights, showing average spending for the US population as a whole
with a person in the ORUS age range. Column (3) then reweights the CEX sample to approximately
match the distribution of total household income, highest level of educational attainment, and race

of the ORUS sample. Column (4) then applies both CEX population weights and the ORUS income,
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education, and race weights. Different rows report these values for the years 2021 through 2023 and
the average over this time period.

The ORUS survey monthly expenditure totals match the CEX totals remarkably well. As expected,
column (2) showing the average spending in the CEX without reweighting to match the ORUS in-
come distribution is substantially higher than the ORUS spending levels, reflecting the much higher
income in the non-reweighted CEX sample. Columns (3) and (4) reweight to match the ORUS sample
in different ways, with column (3) using the CEX weights and column (4) using income and educa-
tion weights. In both of these cases, the reweighted CEX monthly spending is extremely close to the
monthly spending we measure in the ORUS sample. The ORUS sample average over the first two
years of the transfer is about 2 percent lower than the CEX benchmark reweighted to to match the
ORUS income, education, and race distribution only in column (3) and about 4 percent higher than
the CEX benchmark reweighted using all CEX and ORUS weights (income, education, and race) in
column (4). Moreover, looking at the spending comparisons by year, we see that the ORUS monthly
expenditure surveys closely match the rise in household spending between 2021 and 2022, suggesting
that the ORUS expenditure surveys capture changes in spending as well, increasing our confidence
that we are able to capture the treatment effects of the transfer.'”

Although the ORUS survey matches the CEX, it is well established that CEX expenditure mea-
sures don’t capture all consumption, particularly irregular expenditures (see e.g. Bee et al. (2015) and
Passero et al. (2015)). For example, CEX expenditures in 2022 only represented roughly 73 percent of
total consumer expenditures when restricting to comparable categories from the Personal Consumer
Expenditures (PCE) data produced by the Bureau of Economic Analysis (BEA). The PCE, among a va-
riety of sources, includes data on sales from retailers, and is less likely to be subject to underreporting
than consumer surveys like the CEX. Consequently, it is likely that the ORUS survey, like the CEX
survey, understates spending—particularly on irregularly purchased non-durable goods and durable
goods. In our discussion of the results in section 6 we present some versions of our estimates where
we scale up the results to reflect this underreporting of spending on surveys like the ORUS survey

and the CEX.

7The full 2023 CEX data have not been released as of the release of this paper. For this reason 2023 data are not included.
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5.1.2 Expenditure Results

Table 4 reports estimates of Equation 1 of the difference in outcomes between the treatment group
and the control group for total expenditures and detailed expenditure categories. We aggregate the
consumption surveys to the study year level and estimate these treatment effects for outcomes pooled
over the three years of the study using the weights described in section above.'® We winsorize expen-
diture items at the 99th percentile. Column (1) reports the control group mean and standard deviation
in parentheses for this pooled outcome. Column (2) then reports the treatment effect estimates. Stan-
dard errors are shown in parentheses below and the FDR-adjusted g values are shown in brackets
below the standard error. Statistical significance relative to a null hypothesis of no effect using tradi-
tional inference is shown using asterisks, while statistical significance after FDR adjustment is indi-
cated using daggers. Family outcomes are shown in bold, components within families are underlined,
and items within components are shown indented.!® Secondary,tertiary, and post-PAP outcomes are
shown in italics although, except for a few cases, these outcomes are reported in appendix tables.
This same layout is repeated in all of our main results in Tables 4 through 13 and in additional results
reported in Appendix Tables A4 through A15.2

Expenditure categories are ordered top to bottom by the control mean, with the largest spending
categories at the top of the table and the smallest spending categories at the bottom of the table. We
also classify these detailed expenditure categories into broader expenditure categories of non-durable
spending, durable spending, housing spending, and human capital expenditures. For reference, we
include an additional column describing the broad spending category of each detailed category.

Starting with the top of the figure, we see that overall total spending (the family outcome for ex-
penditures) rises by $310 per month over the course of the study—roughly 7 percent or 0.17 standard
deviations higher than the control mean. This estimate is precise; we can reject treatment effects of
smaller than $184 or greater than $435 per month and the g value is 0.001.

Our rich survey data allow us not only to estimate treatment effects on total spending, but also

to investigate the treatment effects on individual detailed spending categories that make up the total

18 As mentioned above, study year 1 is November 2020 through October 2021, study year 2 is November 2021 through
October 2022 and study year 3 is November 20222 through October 2023.

19No components are reported for families like expenditures with only one primary component that enters the family
because the component and the family point estimates will be identical

20Note that given the evidence that expenditure surveys like the ORUS survey and the CEX understate expenditures,
when we present results on the marginal propensity to spend in Section 6 we report both estimates based on the raw
estimates reported here and rescaled estimates reflecting underreporting by category.
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expenditures treatment effect. This more detailed picture of the spending effects of the transfer helps
us to understand how the allocation of cash transfers might differ from in-kind transfers. It also
allows us to classify how much of the change in spending is allocated to non-durable goods and
services versus durable goods and services, which helps us understand how much of the change in
expenditures is going towards current versus future consumption.

We report these detailed expenditures in the rows below the total expenditures family outcome.
Four patterns stand out in the these results. First, we estimate the largest treatment effects in dollar
terms for the three categories with the highest spending in the control group. Food and non-alcoholic
beverage consumption spending rises $67 per month (6.9 percent of the control mean), rent expen-
ditures increase by $52 a month (8.6 percent of the control mean), and car payment and insurance
expenditures rise $30 a month (8.2 percent of the control mean). Second, estimated treatment effects
are positive in almost every category, with the one exception of mortgage payments which fall $7 per
month. This negative effect on mortgage spending is very imprecisely estimated, reflecting the low
share of the sample which owns a home. Moreover, the positive estimated effects are typically fairly
precisely estimated and we can reject zero effect, with the exception of education expenditures, which
are a small share of spending at baseline. Third, the largest treatment effect in percent terms is loans
and gifts to family and charity, which rises almost 26 percent. Fourth, spending on “vice" goods, such
as alcohol, tobacco, drugs, and gambling do not rise notably more than other spending categories in
either dollars or as a percent of the control mean. In total, spending on these vice goods only rises by
about $13 per month, or a little over 1% of the total transfer.

Appendix Table A5 reports treatment effects aggregating these detailed spending categories into
the broader categories of non-durable goods and services spending (excluding housing), durable
spending, housing spending, human capital expenditures (such as education spending and child-
care spending), and other. The largest treatment effects are on non-durable goods excluding housing,
which rise by $143 per month, accounting for almost half of the total increase in spending. We find
similar increases of $46, $48, $41, and $43 for housing spending, human capital spending, durable

goods and services spending, and other spending, respectively.

5.1.3 Housing Unit and Neighborhood Mobility

These changes in spending patterns are leading to significant changes in some important household

consumption choices, such as mobility. During every monthly survey, people were asked whether
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or not they had moved since the last address they provided and, if so, what their new address was.
These questions allow us to construct a panel of place of residence for recipients throughout the study.
We geocode these locations to construct measures of changes in neighborhood, which we define as
changing census tracts. Table 5 reports the estimated treatment effects on household mobility across
housing units and neighborhoods. The family level outcomes for both measures is an index of two
components: the first component is an indicator for making the given type of move since the baseline
period, while the second component is a measure of interest and search activities related to the type of
move in question. Starting with the first panel of Table 5, we see that the housing unit mobility index
rises by 0.11 standard deviations. The standard errors are small enough to rule out small increases in
the housing unit mobility index, and the estimate is significant at the 0.1 percent level even after FDR
adjustment. This change in the index reflects both higher moving rates and higher housing unit search.
Moving housing units was 4 percentage points higher in the treatment group, or roughly 10 percent
higher than the control mean. This difference is significant at the 1 percent level after FDR adjustment.
The second component reports housing unit search interest and behavior. This component rose 0.12
standard deviations; this change is precisely estimated enough to allow us to rule out changes in the
housing search index of smaller than 0.06 standard deviations and is statistically significant at the 0.1
percent level after FDR adjustment. Whether or not someone was interested in moving housing units
rose 5 percentage points, looking to move housing units rose 4 percentage points, and whether or not
someone reported any active housing search behaviors rose 4 percentage points, while the number
of active search actions rose by 0.3 actions. These changes are all statistically significant with FDR
adjustment.

The second panel of Table 5 then reports the estimated effect of the transfer on neighborhood mo-
bility. We define neighborhood mobility as changing census tracts (using the 2010 US Census defini-
tions). We see that, like housing unit mobility, there is a substantial increase in neighborhood mobility.
The overall neighborhood index rises a precisely estimated 0.12 standard deviations. Like for moving
housing units, this is driven both by a rise in moving neighborhoods since baseline and the neigh-
borhood search and interest index. Moving neighborhoods relative to baseline rises somewhat more
than moving housing units—4.4 percentage points compared to 4.1 percentage points. This difference
is significant at the 0.5 percent level even after FDR adjustment. Turning to the second component
of the neighborhood mobility index, the neighborhood search index, we see that all elements of the

index rose 20 to 25 percent relative to their control means, with the share of households interesting
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in moving neighborhoods rising 6 percentage points, the share of households engaging in any active
neighborhood search behaviors rising 5 percentage points, and the number of active search behaviors
rising 0.1 actions. Combined, these increases in neighborhood move interest and search resulted in a
neighborhood search index that is 0.14 standard deviations higher than the control mean.

Appendix Table A15 presents results for a number of secondary outcomes that provide further
detail on the effect on different types of moves made by different respondents. In particular we see that
the share of people moving at least 2 miles from their baseline address rose about 5 percentage points,
while the share that changed jurisdiction or cities rose about 3 percentage points. These findings
suggest that the transfer is not just inducing people to move across neighborhood boundaries, but is
also causing people to move substantial distances from their baseline neighborhood.

In addition to allowing individuals to spend more on goods and services, cash transfers may
also permit individuals to work less and spend more on leisure. In a companion paper, Vivalt et al.
(2024), we estimate how the transfer affected labor market outcomes, including both individual and
household income. Vivalt et al. (2024)’s preferred estimates show that the transfer reduced individual
annual income by around $2000 and household annual income by around $3300 a year, which translate
into reductions in monthly income of $170 and $280 respectively.?! Consistent with our finding that
spending on essentially all categories of goods and services rises, this finding shows that households

choose to consume more leisure as well.

5.1.4 Expenditure Volatility

The greater stability of the monthly ORUS transfer may allow households to avoid fluctuations in
spending from month to month due to income or expenditure shocks. Table 6 reports estimates of the
effect of the treatment on the standard deviation of log regular monthly expenditures. We see that
the standard deviation of log monthly expenditures declines by 14 log points, or about 20 percent of
the control mean. In Appendix Table Al4, we see that that this decline in the standard deviation of
monthly expenditures is largely driven by a reduction in the standard deviation of non-durable goods

and services. These are precisely the expenses that would be easiest to adjust when negative shocks

2IThe estimated effects on self-reported total individual income and household income are somewhat larger, about -$2500
and -$4100 respectively. The estimated effect on individual income calculated by adding up sub-categories of individual
income, including using administrative unemployment insurance data for consenting households to estimate effects on
wage and salary income, is -$2000. Vivalt et al. (2024) argue that this calculated individual income is likely more accurate
and adjust treatment effect on self-reported household income by the ratio of the treatment effect estimate for calculated
individual income to self-reported individual income, i.e. —4100 X % ~ —3300.
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occur.??

5.2 Financial Health and Resilience

Changes in spending choices and consumption volatility may change financial health and resilience.
Table 7 presents estimates of the effects of the treatment on an index of financial resilience and its
component indices, which measure exposure to financial hardship, savings relative to income, self-
reported financial health, and financial resilience. Appendix Tables A1l report the individual items
for the financial health component, while Appendix Table A12 reports the individual items for the
financial resilience component. The family level index for financial health rises 0.05 standard devia-
tions. The estimates are precise enough to rule out effects smaller than 0.01 standard deviations and
are significant at the 2 percent level with FDR adjustment. The improvements in financial health are
driven by an increase in the share of participants with at least $100 in savings, decrease in reported
reliance on financial help from friends and family, and improvements in savings relative to income,
self-reported financial well-being, and the financial resilience index, which all rise from 0.03 to 0.11
standard deviations. Conversely, the index of financial hardship falls slightly (although insignifi-
cantly), indicating increased hardship. This increased hardship is driven by a greater incidence of
exposure to financial shocks but is partially offset by an imprecisely estimated decline in running out
of money between paychecks or before the end of the month.

We use the Consumer Financial Protection Bureau (CFPB) Financial Well-being Scale to measure
participants’ perceptions of their present and future financial health. While the overall financial health
score improves significantly in the first two years of the study and fades in year three, the largest
effects are observed on individual items related to respondents’ current financial circumstances. The
treatment group report increases in the extent to which they can handle a major unexpected expense,
give a gift for a wedding, birthday, other occasion without straining finances, and enjoy life because
of the way they manage money, as well as increases in the frequency of having money left over at
the end of the month. For other items focused on respondents’ longer-term financial circumstances,
such as level of confidence in retirement savings, concern that savings will not last, and extent to
which they are "just getting by financially," however, there is no effect. The short-term influx of cash
provided by the transfers reduces consumption volatility, improves financial well-being, and reduces

vulnerability in the short run, but it does not appear to reduce long-term financial anxieties—at least

22The consumption volatility measure uses the volatility of the core expense questions and does not add expenses from
the unexpected expenses module. The measure also does not rescale enumerated expense measures to match the Qualtrics
online survey expense measures as we do for the main expenditure measures and described in Appendix Section A.
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for the younger, low-income households in this study.

5.3 Household Balance Sheets

Treatment households can also use the transfer to change their borrowing and saving behavior, poten-
tially affecting the household stock of real assets, financial assets, and debt. In this section we present
results on how the transfer has affected household balance sheets. Table 8 presents our estimates of
the treatment effect on the asset side of the balance sheet, while Table 10 presents estimates of the
effect of the treatment on total debt. To provide additional information on changes in assets and debt,
we also present evidence on the treatment effect on homeownership in Table 9, vehicle ownership in
Appendix Table A7, and on minimum required debt payments in Table 11. Finally, Table 12 reports
how these changes in the household balance sheet have affected overall net worth. For all three of
these categories, we report assets and debts that are individually or jointly held by the respondent as
our preferred estimates. To provide a more complete picture, in Appendix Table A8 we report effects
on assets that are only individually held and assets that are owned by someone in the household, even

if they are not owned jointly by the respondent.

5.3.1 Asset Results

We collect data on assets through survey questions asked during the midline and endine, while we
receive information on debt, minimum debt payments, and delinquencies both through survey ques-
tions and credit history data from Experian. We ask participants about individual and household
savings, retirement, and investing accounts and the value of real estate holdings and business assets.
We also asked for the make, model, and year of any cars at least partially owned by household mem-
bers and estimate the value of the car using a database of vehicle valuations. Recipients are also asked
about the value of any cryptocurrency holdings.

Starting with the first panel of Table 8, which reports estimates of how the cash transfer has af-
fected the value real assets, such as cars, real estate, and business assets, we see that the estimated
effect on total real assets is near 0—about -$200, and imprecisely estimated. The estimated effect on
individual categories of assets are all less than $350 in absolute magnitude. For the value of vehicles
owned, the standard errors are small enough to reject positive effects larger than $800 or negative
effects larger than -$400, while for business assets we can reject positive effects larger than $2100 or
negative effects larger than -$1700. For other assets we can reject positive effects larger than $1000 or

negative effects larger than -$1200.
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The estimated effects on total real assets discussed above are imprecise; we cannot rule out in-
creases or declines in assets of less than $6000. Given the low share of households at baseline that own
real estate, the high variance of real estate valuations, and the null estimated effect on homeownership
which we describe below, there is unlikely to be a large treatment effect on real estate valuations and
their inclusion likely adds noise to the estimates. To investigate this, we also present results on the
effect on total real assets excluding real estate assets. We find a similarly small effect, -$11, but the
estimate is now much more precise. When excluding real estate we can rule out rises or falls in total
real assets of larger than $2500.

Respondents may be better able to report assets they individually hold rather than those they
jointly hold with their partner or others in the household. To investigate this concern, in Table A8
we also report the value of real assets and financial assets individually held by the study participant.
The pattern we see here is broadly similar, with a very imprecisely estimated decline in total real asset
values (although the magnitude is larger for the individually held assets), but a small and moderately
precisely estimated decline in asset values when real estate assets are excluded. In the case of individ-
ually held assets, we can rule out increases in asset valuations of larger than $1500 or decreases larger
than $2500.

These small estimated effects on the value of vehicles and real estate are confirmed by the es-
timates in Appendix Table A7 and Table 9, where we estimate the effect of the transfer on vehicle
ownership and homeownership. Starting with the vehicle ownership results, we estimate a positive
roughly 2 percentage point estimate for whether the participant individually or jointly owns a vehicle
and whether the household owns or leases a vehicle. The estimated effect on the household owning or
leasing a vehicle is significant without FDR p value adjustment but insignificant with it. In both cases,
we can reject increases in vehicle ownership of larger than 4 percentage points. These small estimated
effects on vehicle ownership are broadly consistent with the estimated effects on the value of owned
vehicles reported above. For example, if we assume the two percentage point estimate of the effect
on vehicle ownership is correct and the value of the average vehicle purchased was a $10,000 used
vehicle, then that would exactly imply the $200 effect on average asset valuations that we find. Even
if the average individual bought a much more expensive $30,000 vehicle, the implied change in the
average value of vehicle assets would be only $600, which is within our confidence interval.

Turning to Table 9, which reports estimated effects on homeownership, we see that, if anything,

homeownership declines in the treatment group relative to the control group, although this change
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is insignificant and we can’t rule out small rises of up to around 4 percentage points. Below the
main homeownership indicator we report several secondary outcomes that use alternative measures
of homeownership or the change in homeownership. In the first alternative measure, we use a more
expansive definition of homeownership that includes participants who indicated that they lived in
a household where someone within the household owned the home but that they were not on the
mortgage and did not share ownership of the home themselves. This measure generates a tighter zero,
allowing us to rule out rises in homeownership of more than 2.4 percentage points. We also estimate
small negative effects of the cash transfer on an indicator for becoming a homeowner, conditional on
being a renter at baseline, using both our base and more expansive definitions of homeownership
and are able to reject increases in homeownership among those who were renters at baseline of more
than 0.7 percentage points. The final two rows explore whether there have been changes in shared
homeownership and the number of people homeownership is shared with. Again, we estimate quite
small estimates that, if anything, imply a slightly negative relationship between receipt of the transfer
and homeownership. Combined, this evidence on vehicle and home ownership confirms our finding
that the treatment has no or modest effects on real asset values.

The second panel of Table 8 reports estimates of the effect of the cash transfer on financial assets,
including bank accounts, retirement accounts, investments, and cryptocurrency holdings. As with real
assets, all of these report results for the effect of the transfer on individually and jointly held accounts,
with the exception of cryptocurrency holdings for which we just asked about individual holdings.
Overall total financial assets rise by about $1000 for the treatment group relative to the control group,
although the standard error is large enough that we can’t reject financial assets falling by about $1000
or rising by about $3000. These estimated effects are driven by a roughly $800 rise in savings in
bank accounts, which is marginally significant without FDR adjustment but insignificant after FDR
adjustment. However, it is non-trivial in magnitude, representing an increase of roughly 12 percent of
the control mean. The total value of savings in retirement and pension accounts falls by about $400,
possibly reflecting the decline in employment during the transfer period documented in Vivalt et al.
(2024), but this effect is imprecisely estimated. Savings in other types of investment accounts increases
by almost $500, but the standard errors are large enough that we can’t reject the null hypothesis that
there was no change. We find small changes in the value of cryptocurrency holdings and we can reject
increases of more than $300 in the value of cryptocurrency holdings.

As with real assets, one concern is that individuals have better information about their own asset
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holdings or the transfer affects individual assets more than joint assets. This is particularly salient
given that the transfer is provided to the individual, not to the household. We investigate this possi-
bility in the second panel of Appendix Table A8, where we report estimates for financial assets that
are only individually held. We generally find large effects. Total savings held individually rise by
about $2200, although this change is not significant after performing the FDR adjustment. Half of this
increase is made up by an over $1000 increase in the value of individual savings in bank accounts,
which is significant at the 10% level after FDR adjustment and is economically large, representing an
almost 25% increase relative to the control mean. The estimated total change in other investments also
changes more for these solely individually held accounts, rising about $750, although this change is
not significant after FDR adjustment. These findings suggest either better measurement of individual
savings or, potentially, that participants preferred to increase their individually held savings rather

than their jointly held savings.

5.3.2 Debt Results

A large rise in unearned income could not only affect the assets side of the household balance sheet,
it could also affect the liabilities side if households decide to pay down or increase debt in response
to the cash transfer. Households may pay down debt in order to improve their net worth, save on
monthly payments, and improve their credit, or they may take out more debt if the transfer makes
them feel more able to afford the payments or down payment for a loan or if changes in other aspects
of their financial behavior result in greater access to credit.

For individuals who did not consent to link to administrative data, the endline and midline sur-
veys include questions about the total amount of outstanding debt in different categories (mortgage,
student loan debt, auto loan debt, credit card balances, and more) and about minimum monthly pay-
ments for outstanding loans. For those who did consent, we link cash transfer recipients and their
households to Experian data. We use the Experian data to construct measures of the individual’s total
outstanding debt and minimum monthly debt payments for the 87 percent of participants who con-
sented to share administrative data. We aggregate these quarterly data to the study year level. For
debt balances and monthly payments, we supplement these data with self-reported values of these
same variables for participants who did not consent to share administrative data. Because the house-

hold balance sheet questions were only asked in the enumerated surveys, our main specifications
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use both Experian and survey data only from baseline, study year two, and study year three.”> We
winsorize asset and debt items at the 99th percentile.?*

Table 10 reports the estimated effect of the cash transfer on debt. In our preferred estimates,
we combine credit bureau data from Experian on debt with survey question answers on debt for
individuals who did not consent to link to their credit records. The overall estimated effect on debt
is positive, with debt rising by almost $1800. However, the standard error is large enough that we
can’t reject falls in debt of as much as $2000. This rise in debt is driven in roughly equal parts by rises
in auto loan debt and mortgage debt. The change in auto loans of $800 is fairly precisely estimated
and moderate negative effects on auto debt are ruled out, although the estimate is not statistically
significant after FDR adjustment. The estimated effect on mortgage debt is imprecisely estimated,
and we can’t rule out up to $4000 increases in mortgage debt or $3000 declines. The transfer reduces
student loan debt by $200, although the standard error of $910 is large enough that we can’t reject
moderate rises or falls in student loan debt. Estimated effects on other types of debt are small, and the
standard errors are small enough that we can reject large increases or decreases. For example, we can
reject increases in credit card balances of more than $400 or decreases of more than $300.

As in the case of real assets, housing related debt substantially increases the imprecision of the
estimated effect on overall debt. Table A9 presents alternative measures of debt, including the esti-
mated effect on total debt excluding mortgage debt. Once mortgage debt is excluded, we see that the
total change in debt is smaller (roughly $500) and more precisely estimated, allowing us to rule out
rises in debt of more than $2500 or reductions in debt of more than $2000. Another concern with these
debt data are that self reports of debt balances may not be very accurate if people infrequently check
their balances. To investigate this concern, we also present estimates in this table on total debt and
the individual debt types using only the Experian data. Note that we do not include informal debt
in this set of debt variables because we only measure informal debt in the surveys. The picture of
the change in debt using just the Experian data is qualitatively very similar, although the quantitative
magnitudes are slightly higher. As before, we can reject debt reductions of more than about $2500.
Once we exclude mortgage debt from the Experian only measure, we can reject reductions in debt of
more than $1500.

The estimates of the effect of the treatment on total debt reported above suggest that households

23 As mentioned above, study year 1 is November 2020 through October 2021, study year 2 is November 2021 through
October 2022 and study year 3 is November 20222 through October 2023.
24We separately winsorize the survey and Experian data before combining them.
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did not use the transfer to pay down debt (on net). However, the estimates are noisy and could
potentially mask modest debt reductions. Moreover, even if households did not reduce debt on net,
they could have consolidated or restructured debt to reduce their required monthly payments. Table
11 reports the estimated effects of the cash transfer on minimum required debt payments, providing
further evidence of the effects of the cash transfer on debt obligations. Our preferred measure uses
Experian data as the primary outcome and relies on survey data for households with missing Experian
data and those who did not consent to link their credit histories. Starting with the first row, which
shows the component level outcome, we see that total minimum monthly payments on all loans rises
about $50, or 11% of the control mean. This is driven mostly by rises in monthly payments on vehicle
loans and leases, which rise $17 per month, and monthly payments on bank loans (including revolving
debt such as credit cards), which rise $21 per month. The effects on total monthly payments and
payments on vehicle loans are highly significant without FDR adjustment but insignificant with FDR
adjustment. We find student loan payments unchanged and can rule out more than modest rises
in student debt obligations. Mortgage debt obligations rise by $7 per month, but this estimate is
imprecise.

These estimates are quite consistent with the less precisely estimated rises in total debt presented
in Table 10. For example, total auto debt rose by about 17% of the control mean and monthly mini-
mum payments on auto loans rose by 16.5% of the control mean while both total student loan debt
and student loan debt minimum payments are unchanged. The notable exception is bank loans, for
which total debt only rises 6% (combining the total revolving credit and bank and credit union loans),
while minimum payments on such loans rise roughly 20%. This inconsistency may reflect differences
in the minimum payment requirements of the marginal loans, greater imprecision in estimates of to-
tal loan balances, or some other factor. Regardless, in combination with the evidence on total debt,
Table 10 suggests that households did not use the cash transfer payments to reduce debt obligations
and instead modestly increased such obligations, both in terms of total debt and required monthly

payments.

5.3.3 Net Worth Results

Table 12 presents estimates of how these changes in real assets, financial assets, and debt have trans-
lated into changes in total net worth. We compute total net worth as the sum of total real and financial

assets minus total debt. The bolded first row presents estimates of the effect of the cash transfer on
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our main measure of net worth, which includes real estate assets and mortgage debt. We estimate
that net worth declined about $1000 over the course of the study. This decline is roughly 4.5 percent
relative to the control mean of $39,000. The estimated effect on net worth is fairly imprecise, but the
standard errors are small enough that we can rule out increases in net worth above $5,600. Below this
main estimate, we present an alternative estimate excluding real estate assets and mortgage debt. This
estimate qualitatively similar and quantitatively somewhat larger, implying a roughly $2000 decline
in net worth.

One potential concern with these estimates is that, as discussed above, there is some imbalance in
net worth at baseline between the treatment and control group driven primarily by a small number
of observations with particularly high asset values in the control group. Our strategy uses LASSO to
choose a rich set of controls and the selected controls often include the baseline values of the depen-
dent variable, which ameliorates this concern significantly. Nevertheless, we explore the possibility
that this baseline imbalance may have affected our results in Appendix Table A10, which reports esti-
mates of the treatment effects of the cash transfer using two alternative approaches: median regression
and a differences-in-differences strategy. Column (1) repeats our estimates from our main specifi-
cation, Column (2) reports results using median regression, while Column (3) estimates difference-
in-differences results where we estimate the treatment effect by regressing outcomes on a treatment
indicator, an indicator for the data being from after the treatment, and the interaction of these two
variables. The different rows report results for different measures of net worth. The first row presents
results for our main estimates of net worth where we aggregate the item level estimates to components
(financial assets, real assets, and debt) and then aggregate these component level estimates to generate
an estimate of the effect on net worth. Unfortunately, median regression did not converge for some of
the individual items that make up the components, so we are unable to report the median regression
outcomes for this approach to computing net worth. To compensate for this, in the next row we re-
port estimates for a variable where we construct a net worth variable directly and estimate treatment
effects on that variable instead of aggregating treatment effect estimates on sub-components. For this
variable, we're able to compute all three robustness checks.” Finally, the third row reports estimates
using a measure of net worth that excludes real estate assets and mortgage debt. All three measures
use debt measures that combine the Experian and survey data.

Starting with the median regression estimates, we see that estimates using both the net worth

25Estimates for this variable differ slightly from estimates aggregating the item and component level treatment effect
estimates because of slight difference in how missing values are treated.
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individual variable and net worth excluding real estate assets and debt are -$1,000 and -$800, quite
close to our estimates using our main specifications of -$1,900 and -$2,100. Moreover, the median
regression estimates are more precise and we can rule out improvements in median net worth in the
treatment group of more than $1,400 and $800. Turning to the different-in-differences estimates, we
again find estimates quite close to those using our main specification. The family level treatment
effect estimate is -$700, very close to the main family level estimate of -$1,000. The estimate using
the individual net worth variable is -$1,000. Finally, the difference-in-differences estimates using the
net worth variable excluding real estate is $600. The standard error is small enough that we can
rule out positive effects of more than $4,800 and we cannot reject our main treatment effect estimates.
Combined, this evidence confirms our main finding that, at least over the course of the transfer period,
treatment households did not substantially increase their net worth.

The estimated effects on expenditures and household balance sheets above may miss part of the
treatment effect if irregular expenditures such as down payments are not reported or households have
difficulty remembering current financial asset balances.?® We investigate this possibility by survey-
ing participants after the transfer ended about financial outcomes over the full three year period of
the transfer. These estimates are reported in Appendix Table A4. The first row reports the estimated
treatment effect on the largest amount of savings held at any point during the program; we find that
the treatment increased the maximum savings by around $2400 during the course of the study. This is
somewhat larger than our estimate for the total effect on individual and jointly held financial assets of
positive $1000 and our estimate for the total effect on solely individually held financial assets of $2100.
However, this estimate is still qualitatively consistent with our broader findings that households saved
a relatively small portion of the total transfer. This higher maximum savings also suggests that par-
ticipants may have accumulated savings during the course of the program that they then spent before
the end of the program to cover unexpected expenses or other financial shocks. This is consistent with
the (noisy) time series estimates for net worth, where the estimated effect on net worth is positive in
year 2 of the study before becoming negative in year 3.

The next five rows then report the total amount of money during the program that was used
as a down payment to purchase a new home, spent on court costs, fines, and fees, taken from the

participant without permission, spent on home or apartment renovation costs, or given to others. All

26There is an unexpected expenses module that is incorporated into the expenditure figures, but some irregular expenses
may not be included by participants’ in their responses to these questions. For example, if a household makes a down
payment on a house or gives a onetime gift to a family member, these expenses may be expected despite the fact that they
are irregular and consequently may not be included by participants when they report unexpected expenditures.
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of these estimates are small in magnitude and insignificant with the exception of the amount of money
given to others; treatment participants spend an estimated $770 more than the control group over the
course of the program. This estimate is extremely close to the estimated monthly expenditures on net
gifts to charity, family, and friends, which totals to $792 when integrated over the full program. For
the other categories, the estimates are not only near zero, the standard errors are small enough to rule
out large effects. We can rule out treatment effects on down payments of over $1500, on the amount
paid for court costs and fines of over $100, the amount taken without permission of over $260, and the
amount spent on renovation costs of over $200. Combined, these results suggest that the treatment
did not have a substantial effect on these types of irregular, potentially large expenses listed in this
table, with the exception of money given to others. These findings confirm the picture portrayed by

our main expenditure and household balance sheet surveys.

5.4 Credit Access and Financial Behavior

The transfer to the treatment group may also change credit repayment and other financial behavior
because the increased unearned income may allow participants to more consistently make debt pay-
ments, take on more financial obligations in response to the transfer, and plan for the future more.
These outcomes may not be apparent in the household balance sheet because some behaviors, like
on-time payment, may have little influence on the overall household balance sheet. Small changes
in average savings and debt may also mask larger changes in other moments of these variables, such
as the share of people with some amount of liquid savings. We use a combination of survey data
and credit bureau records from Experian to understand how the cash transfer influenced the financial
behavior of participants. We use the Experian data to construct measures of the individual’s credit
delinquencies, credit scores, repayment history and other financial outcomes for the 87 percent of
participants who consented to share administrative data. We also ask survey questions on financial
health and resilience such as self perceptions of financial health, the largest unexpected payment the
recipients could make, and recent bill payments history.

We start with Appendix Table A13, which reports the estimated effect of the transfer on financial
behavior, including bankruptcies and foreclosures, credit utilization, and credit delinquencies. We
find no change in bankruptcies or foreclosures, although given the infrequency of this outcome our
standard errors are large enough that we can’t rule out moderate sized positive or negative effects.

Similarly, credit utilization in the past three months is also unchanged and our standard errors are
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small enough that we can rule out more than a 3 percentage point change in credit utilization in either
direction. The treatment does not appear to change measures from Experian on credit delinquencies:
estimated effects on having any delinquencies in the past 6 months, total balance past due in the past 6
months, number of derogatory trades in past 6 months, and current worst present status are all small.
The standard errors are small enough to rule out more than moderate improvements or deteriorations
in credit delinquencies.

These changes to borrowing, spending, income, and financial behavior (as well as the cash transfer
directly itself) could influence participants” ability to access credit. Table 13 uses credit bureau data
from Experian to estimate how the cash transfer influenced an index of credit access. The family
level index is composed of two primary elements: available credit limit in the past three months and
total credit limit in the past three months. These variables both rise, with the overall credit limit
rising almost seven percent, but both estimates are insignificant. Combined, this leads to a small 0.02
standard deviation rise in the overall index of credit access. We also report several other secondary
items to provide more information on the change in the respondents’ credit access. Credit scores rise
by about 6 points, or 1 percent of the control mean. This change, although modest, is statistically
significant with FDR adjustment. There is no change in whether or not the respondent has a credit
score or in proxies for the credit approval rate, revolving inquiries per trade in the last three months,
and total inquiries per trade in the past three months. Combined, these findings suggest that the
transfer allowed participants to obtain some gains in credit access on average, but these gains were

relatively small.

5.5 Treatment Effect Estimates Over Time

The pooled estimates presented above may mask temporal patterns in treatment effects that shed
light on the mechanisms driving our findings. Figures 4 through 7 present estimates of how treatment
effects for family level outcomes and selected key elements of these family outcomes evolved over the
course of the transfer.

Figure 4 shows how total spending and the broader spending categories evolved over time. The
tigure includes the baseline period and the black dots show how the control mean has evolved since
the baseline period, while the red dots show how the control mean plus the estimated treatment effect

for the given time period.?” 95% confidence intervals around the estimated treatment effect are shown

?7For study years 1, 2, and 3 we present estimates of the treatment effect using Equation 1. For the baseline period, we
present estimates of Equation 1 where we remove the the baseline value of the outcome from the LASSO selected controls
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in red. Starting with the first panel showing total spending, we see a fairly stable treatment effect
on total spending over time, starting around $270 in year 1 and rising slightly to over $330 by year
3. Spending in other categories is mostly stable as well, with the largest exception being housing
spending which rises from a treatment effect of only around $11 per month in year 1 to over $58 per
month by year 3. This rising treatment effect on housing spending matches a rising treatment effect on
mobility which will be discussed below and may reflect the time it takes for individuals to identify and
move to new housing units. Durable spending also exhibits some changes over time, with spending
rising from just over $23 per month in year 1 to over $61 per month in year 2, before dropping back to
around $34 a month in year 3. This pattern could reflect individuals saving up to make durable goods
purchases in the second year of the study and then, once those purchases are made, durable goods
treatment effects may decline.

Figure 5 shows how net worth and its three components, real assets, financial assets, and debt,
evolved over the course of the study for the treatment group and the control group. Financial savings
rise almost $2000 by survey year 2, but then the treatment effect declines to only around $500 by the
endline survey. Similarly, total real assets actually rise somewhat by year two but then decline to a
negative point estimate by year three. Debt follows a different pattern and steadily rises over the
course of the study, rising from $700 higher at midline to $1600 higher at endline. Combined, these
patterns result in net worth treatment effects that slightly rises by $1000 by year 2 but then fall to
roughly -$2800 by year three of the transfers. This pattern is consistent with households somewhat
building up their assets at the start of the transfers but then spending down those assets by the end of
the transfers.

Figure 6 shows how housing unit and neighborhood mobility evolved over the course of the study
for the treatment group and the control group. Because migration relative to the baseline survey is
not defined at baseline, we do not include estimates of the treatment control difference at baseline in
these figures. The first column reports estimates of the effect of the treatment on moving neighbor-
hoods within the past year, while the second column reports estimates of the effect of the treatment on
housing unit mobility. For both outcomes a few patterns stand out. First, the effect of the treatment on
absolute mobility is highest in the first two years of the study and then declines substantially in year
three (although the effect remains positive for both outcomes). Second, the effects on moving housing

units or neighborhoods relative to baseline rises over the cycle. This suggest that the transfers relax the

(if the baseline value was selected). We do this because because otherwise the controls would perfectly predict the outcome
in the baseline period.
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financial constraints preventing some households from changing housing units or neighborhoods at
baseline and that these households gradually move to new units and neighborhoods over the course
of the study.

Figure 7 reports the estimated treatment effects for the expenditure volatility and financial health
families over time. These figures only show the estimated treatment effect and not the control mean
over time. The black dot in these figures shows the estimated treatment effect and the red line shows
the 95% confidence interval. Expenditure volatility declines throughout the course of the transfer,
and the decline is actually higher in the final year. Financial health improves at the start of the study
but the effect decays to zero by the end of the study. This pattern suggests that the improvement in
financial outcomes is unlikely to be permanent. This is consistent with the results regarding net worth,

which imply that households have not substantially improved their long-run financial position.

5.6 Heterogeneous Treatment Effect Estimates

Appendix Figures A2 through A4 report heterogeneous treatment effect estimates by gender, college
degree holding, and whether household income at baseline was above or below the median for the
family and aggregate sub-category level outcomes for expenditures, household balance sheets, and
financial health and behavior measures.?® Given the smaller sample sizes, these estimates are less pre-
cise than our main estimates and were pre-registered as exploratory. However, a few patterns stand
out. First, for almost all outcomes the sign of the point estimates are the same across subgroups. The
main exceptions are net worth and real assets, where the original estimates were near zero already.
Second, there are signs of heterogeneity, particularly for households with below median income ver-
sus above median income. Households with incomes below the median at the time of enrollment
appear to experience a larger increase in financial assets, a greater decrease in consumption volatility,
and more improvements in financial health compared to the overall average and to households with
incomes above the median. Conversely, households below the median report worse access to credit
and larger increases in debt, though the estimates are not significant and the estimate on net worth is
positive due to the increase in financial assets. These analyses are exploratory—the estimates are im-
precise and in most cases we can’t reject a null of no treatment effect heterogeneity. Thus, they should
be interpreted with caution, but the point estimates are consistent with the effects being somewhat

larger for lower-income households within the sample.

ZNote that in Figure A4 the sign of expenditure volatility is reversed from in Table 6, so a higher value is less volatility.
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6 Discussion

In this section, we combine these results to understand how households allocated the cash transfer
to expenditures, income, savings, and their sub-components. Table 14 reports our estimates of how
treatment households allocated the $34,200 ($950 x 36) net transfer that they received over the course
of the study to different categories.”” The rows present the share of the transfer per month allocated to
nine different categories during the three years of the transfer: durables expenditures, non-durables
expenditures excluding housing, housing non-durables expenditures, human capital related expendi-
tures, income, financial savings, real assets, debt, and ur1e><plair1ed.30'31 Estimates of the effects of the
transfer on income come from Vivalt et al. (2024). The first column presents results based on our main
point estimates, while columns (2) through (4) present results with alternative assumptions of how to
allocate the unexplained portion of the transfer. Following the approach of some related papers such
as Fagereng et al. (2021), we refer to the share of the transfer allocated to these different categories over
the course of the program as marginal propensities to spend (MPX) or de-lever (MPD), respectively.
Note that an alternative approach to defining MPXs is as the MPX out of the share of the transfer that
is allocated to spending or leisure rather than savings (see e.g., Golosov et al. (2023)). We report results
for this alternative definition of MPX in Appendix Table A16. Given that we estimate that the transfer
had little effect on net worth, the MPXs implied by our alternative approach are quite similar to our
main estimates. 3233

Starting with column (1), we see that roughly 33 cents of each dollar of the transfer was spent on

higher expenditures, of which 23 cents went to non-durables (either housing or non-housing), 4 cents

2YWe multiply estimates of the monthly effect on different spending categories by 36 and annual earnings estimates by 3
to make this calculation. Recall that since the control group received $50/month, the difference in the transfer between the
two groups was $950/month.

30Note that in order to have all spending allocated to one of these categories, we use a slightly different categorization
approach than is used in Appendix Table A5. The most notable difference is that there is an “Other category" in the aggre-
gate groups in Appendix Table A5. This "Other" category in Appendix Table A5 includes expenditures on gifts to family or
friends and charity, an other category that includes unclassified expenditures, and debt payments other than mortgages or
car payments. For these calculations, we classify gifts to family and friends as non-durable expenditures, unclassified ex-
penditures as non-durable expenditures, and non-mortgage and car debt payments as human capital expenditures because
the majority of these expenditures are likely student debt payments. We think the other debt category is mostly student
debt payments because the control group mean for other debt payments is $108 per month and the control group mean for
required student debt payments is $68 per month.

31We exclude mortgage payments from non-durable housing expenditures because the mortgage payments (and other
data on real estate assets) is noisy and because our small estimated effects on homeownership make it unlikely that mortgage
payments were substantially affected by the transfer. Given the small estimated effect on mortgage payments of -$7, this
causes almost no change in the estimates.

32This approach to compute MPXs or MPCs out of the share of the transfer allocated to consumption and leisure rather
than savings is what is followed in Vivalt et al. (2024) for computing Marginal Propensities to Earn (MPEs).

3B These calculations ignore changes in tax rates that the earnings response to the transfer may generate.
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to durable goods, and 6 cents to human capital related expenditures. Households spent a further 29
cents of each dollar reducing earnings, i.e. consuming more leisure. About 3 cents of each dollar of
transfer was allocated to higher savings, but this is outweighed by the 1 cent of lower real assets and
5 cents of higher debt for each one dollar of transfer. Combined, these six categories explain 60 cents
of each dollar of transfer, while 40 cents are unexplained. Consequently, the numbers in this column
provide lower bounds on the marginal propensities to spend and de-lever but do not necessarily
reflect the full values.

There is considerable evidence that consumption surveys such as the one we conduct under-
state total spending (see e.g. Passero et al. (2015) and Bee et al. (2015) from the Christopher D. et al.
(2015) conference volume on consumption measurement). In Column (2), we present results where
we rescale our spending estimates to reflect the evidence that household consumption surveys tend to
under report total expenditures relative to sources that rely on data from retailers and administrative
data on purchases. For example, in 2022 the Bureau of Labor Statistics (BLS) estimated that overall
expenditures measured in the CEX were only 73% of total measured expenditures in the Personal
Consumption Expenditures data.>* Given the documented close match of the measured expenditures
in our surveys to demographically similar consumer units in the CEX in Table 3, these estimates of
underreporting in the CEX are a reasonable benchmark for our survey data as well. The reporting
differences between the CEX and the PCE vary by type of expenditure, with measured expenditures
on regular, salient payments like rent matching very closely, while more infrequent or less regular
purchases are reported less comprehensively in the CEX. We use estimates of the underreporting of
expenditures from the BEA to rescale our consumption estimates to reflect the general underreport-
ing of expenditures in surveys. We use separate rescaling factors for durable goods, human capital
expenses, non-durables (excluding housing), and housing non-durables.?® This increases the portion
of the transfer allocated to higher expenditures to 45 cents, leaving 29 cents still unexplained.

“ Columns (3) and (4) then make different assumptions of how to allocate the remaining 29 cents
in unexplained transfer. In Column (3), we assume that the true change in net worth is equal to the
upper bound of the our confidence intervals, which is roughly $5000. For simplicity, we assume the

additional net worth relative to our main estimates comes from financial savings. The remaining un-

HGee https://www.bls.gov/cex/cecomparison/data_comparisons_database.xlsx

$gpecifically, we use the ratio of PCE/CEX spending on all non-durable goods and services (1.35) to rescale non-durables,
the ratio of PCE/CEX spending for durable goods (1.81) to rescale durable goods, the ratio of PCE/CEX spending on non-
durable services (1.1) to rescale human capital expenses, and we do not rescale non-durable housing because survey reports
of rent payments tend to be quite accurate.
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explained transfer we assume was equally distributed among expenditure categories in proportion to
their respective treatment effects. The expenditures by category implied by this approach are quite
similar to what you would arrive at by taking the upper bounds of the confidence intervals of our
estimates and rescaling them by the ratio of CEX to PCE expenditures used above. In Column (4), we
present results assuming that the unexplained portion of the transfer entirely reflects missing expen-
ditures and apportion the spending in proportion to the spending categories’ share of total spending.

The results in Column (3) suggest that the MPX to spend on non-durables (including housing
services) was 0.38, the MPX on durables was 0.11, and the MPX on human capital-related expenses
was 0.07, while the MPD was -0.05. In Column (4), we estimate a MPX on non-durables of 0.50,
durables of 0.13 and human capital expenses of 0.11. Classifying human capital expenses as a semi-
durable good, we compute overall MPXs on durables of 0.18 to 0.24 and non-durables of 0.38 to 0.50,
and an overall MPX of 0.56 to 0.74. Using both sets of assumptions, the vast majority of the transfer
was used to increase expenditures or reduce leisure, rather than to increase net worth.

We can also compare our estimates of the effect of unearned income on food consumption and
compare these to estimates of the effect of SNAP on food consumption to help understand the extent to
which the effects of unconditional cash transfers differ from the effects of in-kind transfers. Assuming
that all food and beverage expenditures are consumed soon after purchase, our estimates imply a
marginal propensity to consume food (MPCF) of 0.07 to 0.16, depending on the extent to which we
adjust for unobserved spending.*® This range is below the estimated range of the effect of SNAP on
food spending, which ranges from around 0.16 (Hoynes and Schanzenbach (2009)) to 0.60 (Hastings
and Shapiro (2018)). Given that the lower end of estimated MPCF out of SNAP typically uses survey
data that may not be fully adjusted for underreporting and the higher end of the range uses retail
scanner data, our estimates are consistent with the general finding in the literature that MPCF out of
cash benefits is lower than the MPCF out of SNAP see e.g. (Fraker (1990), Hoynes and Schanzenbach
(2009), or Hoynes and Schanzenbach (2016)).%”

361Ne compute these bounds using our unadjusted estimate of the effect of the transfer on monthly food spending ($67)
divided by the size of the monthly transfer ($950) and by scaling up the unmeasured food spending by the amount that we
scale up overall non-durables spending in Column (4) of Table 14 (2.23).

37 Approximately 41 percent of study participants were receiving SNAP at the time of enrollment. Consequently, for these
study participants we are estimating MPCF conditional on also receiving SNAP.
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7 Conclusion

The effects of a number of policies, including cash transfers and other social insurance programs and
government stimulus and spending programs, depend on how households make consumption and
saving decisions in response to unexpected and expected changes in unearned income. Do households
save or consume unexpected increases in unearned income? How are such increases in unearned
income consumed?

We find that low-income households receiving large monthly cash transfers—over 40 percent of
the average household income of the sample at baseline—spend a large share of the transfer on a
combination of non-durable goods and services, durable goods and services, and leisure time during
the three years of the study. Although liquid savings do rise during the program, real assets are
mostly unchanged (driven by null effects on homeownership and very small positive effects on car
ownership and the value of vehicles owned). This suggests that low-income, young households have
marginal propensities to spend on non-durables out of unearned income of 0.38 to 0.50, marginal
propensities to spend on durables and semi-durables of 0.18 to 0.24, and marginal propensities to de-
lever out of unearned income of near zero. The lack of improvement in net worth described above,
combined with the small effects on credit access and null effects on credit delinquencies, bankruptcies,
and foreclosures, suggests that the transfer did not improve participants” long-run financial position.
Consistent with this, self reported financial health rises at the start of the transfer but this effect decays
to zero by year three of the transfer. These findings suggest that, at least for the young, low-income
households in our sample, large, temporary transfers may not generate persistent improvement in
financial outcomes.

Treated recipients concentrate their increased spending on the largest spending categories at base-
line: food, rent, and transportation. The category that rises most relative to the baseline level of spend-
ing is net gifts to family and friends. Spending increases on categories such as entertainment, alcohol
and tobacco, and other less essential spending items, but less so than the core expenses described
above. This concentration of spending on core expense categories suggests that policymaker concerns
that large portions of cash transfers will be allocated to vice goods or other non-core expenses may
be unfounded. At the same time, the unconditional transfer we study was not allocated in the same
proportions as particular in-kind transfers. For example, we estimate effects on food consumption of

roughly two to three times less than corresponding estimates of the propensity to consume food out
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of SNAP.

Households appear to make some new consumption commitments, such as moving to new hous-
ing units and neighborhoods and potentially taking on new debt obligations. Given the estimated
near zero effect on household net worth, an important open question is the extent to which house-
holds are able to maintain these consumption commitments or if they cause financial distress or need
to be unwound over time. More broadly, future research should investigate the drivers of the high
marginal propensities to spend and near zero marginal propensities to de-lever that we find among

young, low-income Americans.
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Table 2: Baseline characteristics by treatment arm

Treatment Control p-value

Demographic
Age 30.169 30.035  0.542
Male 0.328 0.319 0.627
Female 0.669 0.678 0.628
Non-binary/other 0.003 0.003 0.999
Non-Hispanic Black 0.295 0.305 0.554
Non-Hispanic Asian 0.036 0.038 0.790
Non-Hispanic White 0.473 0.463 0.597
Non-Hispanic Native American 0.020 0.025 0.428
Hispanic 0.220 0.214 0.694
Household Size 2.943 2.996 0.435
Any children 0.568 0.571 0.897
Number of children 1.435 1.398 0.558
Economic
Employed 0.578 0.586 0.675
Personal income ($1000s) 21.355 21.217 0.861
Household income ($1000s) 29.991 29.917 0.922
Under FPL 0.323 0.336 0.475
Total government benefits ($1000s) 5.378 5.290 0.735
Number of government benefit programs 1.982 2.018 0.571
HS Degree/GED or higher 0.953 0.939 0.100
Expenditures
Total monthly expenditures ($1000s) 3.015 2.968 0.425
Housing monthly expenditures ($1000s) 0.687 0.660 0.207
Non-durable goods/services monthly expenditures ($1000s) 1.486 1.473 0.656
Durable goods monthly expenditures ($1000s) 0.304 0.321 0.150
Human capital expenditures ($1000s) 0.411 0.391 0.423
Monthly net gifts or loans to family and charity ($1000s) 0.069 0.064 0.346
Monthly Debt Payments
Monthly minimum auto loan payments 87.048 88.557  0.817
Monthly minimum credit card and bank loan payments 81.035 71.303 0.297
Monthly minimum student loan payments 44.520 46.468  0.634
Monthly minimum mortgage payments 81.768 73.891 0.466
Monthly minimum total debt payments 285.461 275491  0.555
Monthly minimum total debt payments, excl. mortgage 217958  218.554  0.960
Any cars in household 0.752 0.754 0.881
Household Balance Sheet
Total cars in household 1.191 1.218 0.501
Total debt ($1000s) 29.448 28.840  0.745
Total debt excluding mortgage ($1000s) 21.310 20.469 0.516
Total HH real assets ($1000s) 25.554 28.791 0.214
Total HH financial savings ($1000s) 7.250 8.143 0.366
Net worth ($1000s) 3.943 8.798 0.078
Net worth excluding real estate assets & debt ($1000s) -6.500 -3.759 0.117
Financial Circumstances
HH savings as a share of income 0.051 0.057 0.498
Could pay unexpected $400 expense 0.388 0.386 0.910
Has at least $100 in savings 0.610 0.611 0.973
Financial well-being index (1-40) 17.040 16.904 0.657
Homeowner 0.127 0.137 0.467
Stayed in shelter, car, or other non-permanent housing 0.086 0.084 0.811
Any eviction/foreclosure in previous 12 months 0.008 0.006 0.471

Notes: This table reports the baseline characteristics of the study sample separately by those as-
signed to the treatment group who receive transfers of $1000 a month and those assigned to the
control group who receive transfers of $50 a month.
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Table 3: Comparison of Monthly ORUS Survey Expenditures to CEX Expenditures

ORUS Survey CEX Consumer Units Ages 20-40 in 2020
CEX + Income +

Income + Education +

CEX Weights Race Weights Educati(')n + Race
Weights
(1) (2) 3) (4)
2021 3,660 5,294 3,814 3,493
2022 4,069 5,661 4,151 3,916
Average 3,865 5,478 3,983 3,705

Notes: This table compares the average measured total monthly household expenditures in the
ORUS expenditure survey within the control group to average monthly consumer unit spending
in the CEX using different sets of weights to match the ORUS sample characteristics. Different
rows report the spending measures for different years.
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Table 4: Impact of Unconditional Cash Transfer on Monthly Expenditures

Category Control Mean  Effect N
0] @ (©)
Total Expenditures 3979 (1610)  310***TTT 2988
(64)
[0.001]
Food and beverage consumption Non-durables 967 (547) 67+ttt 2980
(20)
[0.005]
Rent expenditure Housing 602 (569) 52+t 2974
(23)
[0.031]
Car payment & insurance expenditures Durables 366 (292) 30+t 2987
(12)
[0.025]
Utilities, phone, cable, internet Non-durables 327 (192) 9 2979
@)
[0.119]
Health expenditures Human Capital 233 (256) 20*** 2987
(10)
[0.045]
Mortgage, home-insurance, and property tax expenditure Housing 204 (471) -7 2970
(18)
[0.264]
Childcare and expenditures on children Human Capital 189 (217) 2p#xtt 2988
©)
[0.030]
Non-durable transportation expenditures Non-durables 189 (134) 20#+ttt 2980
©)
[0.002]
Clothing, apparel, and personal care expenditures Non-durables 176 (137) 15+ttt 2980
©)
[0.008]
Alcohol, tobacco, marijuana, and gambling Non-durables 138 (175) 13+ 2980
@)
[0.071]
Household expenditures Durables 119 (128) 11+t 2987
©)
[0.031]
Debt payments (other than car/mortgage) Human Capital 108 (200) 10 2933
®
[0.119]
Gifts or loans to family and charity Non-durables 84 (143) 20+ttt 2979
®)
[0.002]
Vacations and trips Non-durables 80 (105) el 2987
Q)
[0.062]
Other expenses Non-durables 71 (129) 11t 2987
©)
[0.031]
Education expenditure Human Capital 66 (169) 5 2979
@)
[0.186]
Pet expenditures Non-durables 52 (75) 4 2987
(C)]
[0.106]
Recreation and entertainment Non-durables 51 (43) sttt 9977
@
[0.010]

Notes: This table reports estimates of Equation 1 of the difference in outcomes between the treat-
ment group and the control group for total expenditures and detailed expenditure categories. We
estimate these treatment effects for outcomes pooled over the three years of the study using the
weights described in Section 3.1 above. Column (1) reports the control group mean and standard
deviation in parentheses for this pooled outcome. Column (2) then reports the treatment effect
estimates. Standard errors are shown in parentheses below and the FDR-adjusted g-values are
shown in brackets below the standard error. Statistical significance relative to a null hypothesis of
no-effect using traditional inference is shown using asterisks, while statistical significant after FDR
adjustment is indicated using daggers. Family outcomes are shown in bold, components within
families are underlined, and items within components are shown indented.
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Table 5: Impact of Unconditional Cash Transfer on Housing Unit and Neighborhood Mobil-

1ty

Control Mean Effect N
) 2 ®)

Housing unit mobility index 0.105***™T 3000
(0.024)
[0.001]

Moved housing unit relative to baseline 0.433 (0.455)  0.041**tt* 2993
(0.016)
[0.010]

Unit Search Index 0.120%+1t 2848
(0.032)
[0.001]

Any active housing-search behaviors 0.252 (0.371)  0.039*+*ttt 2848
(0.014)
[0.004]

Number of active search actions 1.286 (2.400)  0.301**ttt 2848
(0.092)
[0.002]

Interest in moving housing units 0.365 (0.415)  0.054*+*ttt 2848
(0.015)
[0.001]

Looking to move housing units 0.254 (0.372)  0.039**+™t 2848
(0.014)
[0.034]

Neighborhood Mobility Index 0.117***** 3000
(0.024)
[0.001]

Moved neighborhood since baseline 0.390 (0.448)  0.044*+tt 2993
(0.016)
[0.005]

Neighborhood Search Index 0.136**ttt 2848
(0.033)
[0.001]

Any active neighborhood-search behaviors 0.221 (0.356)  0.049*=11T 2848
(0.013)
[0.001]

Number of active neighborhood-search actions ~ 0.410 (0.816)  0.104***™*T 2848
(0.031)
[0.001]

Interest in moving neighborhoods 0.320 (0.402)  0.057++*ttt 2848
(0.014)
[0.001]

Looking for a new neighborhood 0.223(0.357)  0.051***ttt 2848
(0.014)
[0.003]

Notes: This table reports estimates of Equation 1 of the difference in outcomes between the treat-
ment group and the control group on outcomes listed in the rows. We estimate these treatment
effects for outcomes pooled over the three years of the study using the weights described in Sec-
tion 3.1 above. Column (1) reports the control group mean and standard deviation in parentheses
for this pooled outcome. Column (2) then reports the treatment effect estimates. Standard errors
are shown in parentheses below and the FDR-adjusted g-values are shown in brackets below the
standard error. Statistical significance relative to a null hypothesis of no-effect using traditional
inference is shown using asterisks, while statistical significant after FDR adjustment is indicated
using daggers. Family outcomes are shown in bold, components within families are underlined,

and items within components are shown indented.
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Table 6: Impact of Unconditional Cash Transfer on Monthly Expenditure Volatility

Control Mean Effect N
O 2 3
Standard deviation of log monthly expenditures 0.71 (0.75) -0.14**+*%T 2834
(0.02)
[0.001]

Notes: This table reports estimates of Equation 1 of the difference in outcomes between the treat-
ment group and the control group on outcomes listed in the rows. We estimate these treatment
effects for outcomes pooled over the three years of the study using the weights described in Sec-
tion 3.1 above. Column (1) reports the control group mean and standard deviation in parentheses
for this pooled outcome. Column (2) then reports the treatment effect estimates. Standard errors
are shown in parentheses below and the FDR-adjusted g-values are shown in brackets below the
standard error. Statistical significance relative to a null hypothesis of no-effect using traditional
inference is shown using asterisks, while statistical significant after FDR adjustment is indicated
using daggers. Family outcomes are shown in bold, components within families are underlined,
and items within components are shown indented. Secondary items are shown in italics.
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Table 7: Impact of Unconditional Cash Transfer on Financial Health

Control Mean Effect
1) ()

N
®)

Financial Health (Family Index) 0.05****T¥
(0.02)
[0.004]
Financial Hardship (Component Index) -0.02
(0.03)
[0.133]
Number of recent financial shocks experienced by the participant 0.59 (0.93) 0.07**t
(0.03)
[0.059]

Sometimes or often runs out of money between paychecks or before end of month ~ 0.56 (0.41) -0.01

(0.02)
[0.326]

Savings as Share of Income (Component Index) 0.1ttt
(0.03)
[0.002]

Household savings as a share of income (excluding transfer) 0.08 (0.24)  0.03***tt*
(0.01)
[0.003]

Individual savings as a share of income (excluding transfer) 0.09 (0.25) 0.02%*tt
(0.01)
[0.025]

Additive index of self-reported financial health Likert scale outcomes 18.19 (7.43)  0.67***ttt
(0.19)
[0.002]
Financial Resilience (Component Index) 0.03*
(0.02)
[0.042]

2989

2951

2868

2894

2901

2863

2885

2898

2940

Notes: This table reports estimates of Equation 1 of the difference in outcomes between the treat-
ment group and the control group on outcomes listed in the rows. We estimate these treatment
effects for outcomes pooled over the three years of the study using the weights described in Sec-
tion 3.1 above. Column (1) reports the control group mean and standard deviation in parentheses
for this pooled outcome. Column (2) then reports the treatment effect estimates. Standard errors
are shown in parentheses below and the FDR-adjusted g values are shown in brackets below the
standard error. Statistical significance relative to a null hypothesis of no effect using traditional
inference is shown using asterisks, while statistical significant after FDR adjustment is indicated
using daggers. Family outcomes are shown in bold, components within families are underlined,

and items within components are shown indented.
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Table 8: Impact of Unconditional Cash Transfer on Assets ($1000s)

Control Mean  Effect
1) (2

3)

Total Real Assets (individual and jointly held) 62.3 (123) -0.2
(3.2)

[1.000]
Vehicles owned (individual & joint) 7.6 (9.3) 0.2
0.3)

[1.000]
Real estate owned owned (individual & joint) 49.3 (116.6) -0.3
(3.0)

[1.000]
Business assets (individual & joint) 2.2 (25.9) 0.2
0.9)

[1.000]
Other assets owned (individual & joint) 1.6 (12.0) -0.3
(0.4)

[1.000]
Total Financial Assets (individual and jointly held) 17.9 (47.2) 1.0
(1.1)

[1.000]
Total savings in bank accounts (individual & jointly held) 6.9 (15.5) 0.8*
(0.5)

[1.000]
Total savings in retirement/pension accounts (individual & jointly held) 8.6 (29.2) -0.4
(0.8)

[1.000]
Total savings in cryptocurrency (individual) 0.3 (3.7) 0.1
0.1)

[1.000]
Total savings in other investments and accounts (individual & jointly held) 2.0 (15.4) 0.5
(0.4)

[1.000]

2941

2939

2889

2936

2935

2939

2849

2936

2935

2937

Notes: This table reports estimates of Equation 1 of the difference in outcomes between the treat-
ment group and the control group on outcomes listed in the rows. We estimate these treatment
effects for outcomes pooled over the three years of the study using the weights described in Sec-
tion 3.1 above. Column (1) reports the control group mean and standard deviation in parentheses
for this pooled outcome. Column (2) then reports the treatment effect estimates. Standard errors
are shown in parentheses below and the FDR-adjusted g values are shown in brackets below the
standard error. Statistical significance relative to a null hypothesis of no effect using traditional
inference is shown using asterisks, while statistical significant after FDR adjustment is indicated
using daggers. Family outcomes are shown in bold, components within families are underlined,

and items within components are shown indented.
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Table 9: Impact of Unconditional Cash Transfer on Homeownership

Control Mean

1)

Effect
()

®)

Does the respondent own or share ownership in their residence  0.209 (0.388)

Does the respondent own their residence (more expansive definition) — 0.283 (0.436)

Became homeowner (previously renter) 0.032 (0.131)

Became homeowner (previously renter) more expansive definition 0.036 (0.137)

Number of people ownership is shared with 0.091 (0.318)

Homeownership shared 0.154 (0.347)

-0.009
(0.027)
[0.294]
-0.001
(0.012)
[1.000]
-0.004
(0.005)
[1.000]
-0.003
(0.005)
[1.000]
0.000
(0.010)
[1.000]
-0.007
(0.010)
[1.000]

2939

2940

2940

2940

2932

2937

Notes: This table reports estimates of Equation 1 of the difference in outcomes between the treat-
ment group and the control group on outcomes listed in the rows. We estimate these treatment
effects for outcomes pooled over the three years of the study using the weights described in Sec-
tion 3.1 above. Column (1) reports the control group mean and standard deviation in parentheses
for this pooled outcome. Column (2) then reports the treatment effect estimates. Standard errors
are shown in parentheses below and the FDR-adjusted g values are shown in brackets below the
standard error. Statistical significance relative to a null hypothesis of no effect using traditional
inference is shown using asterisks, while statistical significant after FDR adjustment is indicated
using daggers. Family outcomes are shown in bold, components within families are underlined,
and items within components are shown indented. Secondary items are shown in italics.
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Table 10: Impact of Unconditional Cash Transfer on Debt ($1000s)

Control Mean

@)

Effect
(2)

N
)

Total Debt (Survey + Experian) 41.1 (66.7)

Credit Card Balance (Survey + Experian) 24 (4.3)

Auto Loans (Survey + Experian) 4.7 (8.8)

Mortgages (Survey + Experian) 15.2 (48.7)

Student Loans (Survey + Experian) 17.0 (35.7)

Unpaid Medical Bills (Survey + Experian) 0.6 (2.4)

Credit Union and Bank Loans (Survey + Experian) 1.4 (5.1)

Informal loans 0.6 (3.8)

1.8
(1.9)
[1.000]
0.1
(0.1)
[1.000]
0.8%*
(0.3)
[0.394]
0.9
(1.6)
[1.000]
0.2
(0.9)
[1.000]
0.0
(0.1)
[1.000]
0.2
(0.2)
[1.000]
0.1
(0.1)
[1.000]

2981

2976

2915

2975

2895

2979

2895

2937

Notes: This table reports estimates of Equation 1 of the difference in outcomes between the treat-
ment group and the control group on outcomes listed in the rows. We estimate these treatment
effects for outcomes pooled over the three years of the study using the weights described in Sec-
tion 3.1 above. Column (1) reports the control group mean and standard deviation in parentheses
for this pooled outcome. Column (2) then reports the treatment effect estimates. Standard errors
are shown in parentheses below and the FDR-adjusted g values are shown in brackets below the
standard error. Statistical significance relative to a null hypothesis of no effect using traditional
inference is shown using asterisks, while statistical significant after FDR adjustment is indicated
using daggers. Family outcomes are shown in bold, components within families are underlined,

and items within components are shown indented.
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Table 11: Impact of Unconditional Cash Transfer on Minimum Monthly Debt Payments

Control Mean

(1)

Effect
2)

N
)

Monthly Payments on All Loans (Survey + Experian)

Monthly Payments on Vehicle Loans and Leases (Survey + Experian)

Monthly Payments on Bank and Credit Card Debt (Survey + Experian)

Monthly Payments on Student Loans (Survey + Experian)

Monthly Payments on Mortgages (Survey + Experian)

Monthly Payments on All Loans, Excl. Mortgages (Survey + Experian)

454 (597)

127 (213)

124 (334)

68 (138)

130 (386)

345 (414)

50**
(24)
[0.109]
17%*
©)
[0.120]
21
(14)
[0.229]
4
(6)
[0.490]
7
(15)
[0.547]
37**+
17)
[0.090]

2979

2917

2895

2893

2983

2979

Notes: This table reports estimates of Equation 1 of the difference in outcomes between the treat-
ment group and the control group on outcomes listed in the rows. We estimate these treatment
effects for outcomes pooled over the three years of the study using the weights described in Sec-
tion 3.1 above. Column (1) reports the control group mean and standard deviation in parentheses
for this pooled outcome. Column (2) then reports the treatment effect estimates. Standard errors
are shown in parentheses below and the FDR-adjusted g values are shown in brackets below the
standard error. Statistical significance relative to a null hypothesis of no effect using traditional
inference is shown using asterisks, while statistical significant after FDR adjustment is indicated
using daggers. Family outcomes are shown in bold, components within families are underlined,

and items within components are shown indented.
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Table 12: Impact of Unconditional Cash Transfer on Net Worth ($1000s)

Control Mean  Effect N
1) () ©)
Net worth -1.0 2981
(3.4)
[0.344]
Net worth excluding real estate 5.8 (70.6) -21 3000
(2.6)
[1.000]

Notes: This table reports estimates of Equation 1 of the difference in outcomes between the treat-
ment group and the control group on outcomes listed in the rows. We estimate these treatment
effects for outcomes pooled over the three years of the study using the weights described in Sec-
tion 3.1 above. Column (1) reports the control group mean and standard deviation in parentheses
for this pooled outcome. Column (2) then reports the treatment effect estimates. Standard errors
are shown in parentheses below and the FDR-adjusted g values are shown in brackets below the
standard error. Statistical significance relative to a null hypothesis of no effect using traditional
inference is shown using asterisks, while statistical significant after FDR adjustment is indicated
using daggers. Family outcomes are shown in bold, components within families are underlined,
and items within components are shown indented. Secondary items are shown in italics.
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Table 13: Impact of Unconditional Cash Transfer on Credit Access

Control Mean Effect N
@ 2 ®)
Credit Access (index) 0.02 3000
(0.03)
[0.288]
Available Credit Limit Past 3 Months (Experian) 7659.63 (14230.52)  100.69 2512
(466.00)
[1.000]
Credit Limit Past 3 Months (Experian) 8342.28 (15545.12) 607.19 3000
(485.00)
[1.000]
Credit Score (Experian) 630.21 (90.82) 6.28**t 2494
(2.52)
[0.099]
Has Credit Score (Experian) 0.81 (0.38) 0.01 3000
(0.01)
[1.000]
Revolving Inquiries per Trade Past 3 Months (Experian) 0.40 (0.42) -0.00 2512
(0.01)
[1.000]
Total Inquiries per Trade Past 3 Months (Experian) 0.25(0.32) -0.01 2512
(0.01)
[1.000]

Notes: This table reports estimates of Equation 1 of the difference in outcomes between the treat-
ment group and the control group on outcomes listed in the rows. We estimate these treatment
effects for outcomes pooled over the three years of the study using the weights described in Sec-
tion 3.1 above. Column (1) reports the control group mean and standard deviation in parentheses
for this pooled outcome. Column (2) then reports the treatment effect estimates. Standard errors
are shown in parentheses below and the FDR-adjusted g values are shown in brackets below the
standard error. Statistical significance relative to a null hypothesis of no effect using traditional
inference is shown using asterisks, while statistical significant after FDR adjustment is indicated
using daggers. Family outcomes are shown in bold, components within families are underlined,
and items within components are shown indented. Secondary items are shown in italics.
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Figure 1: Open Research Unconditional income Study Timeline

RECRUITMENT

AUG 2019 - AUG 2020

ENDLINE SURVEY

APR - JUL 2023

RANDOMIZATION

OCT 2020 MIDLINE SURVEY
APR - JUL 2022
2019 2020 2021 2022 2023
ENROLLMENT & MONTHLY TRANSFER DISTRIBUTION
BASELINE SURVEY NOV 2020 - OCT 2023
OCT 2019 - OCT 2020

MONTHLY SURVEYS AND APP ACTIVITIES
NOV 2019 - DEC 2023

Note: This figure shows the timeline of ORUS participant enrollment, randomization, transfers, and data collection.
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Figure 2: Randomization Structure

MAILERS FreshEBT BANNER FACEBOOK ADS
87% of sample 12% of sample 1% of sample

o ..
...............
----------
........
LY .o
................
.........

ELIGIBILITY SCREENER / ADMIN DATA CONSENT
43,385 completed

14,573 eligible individuals
RANDOMIZATION #1

Attempt Enrollment

................................... n=6133
ENROLLMENT / BASELINE DATA COLLECTION
Not in Study n=3,000
n = 8,440 RANDOMIZATION #2
Treatment Control
Group Group
n =1,000 n=2,000

Note: This figure shows the flow of recruitment and randomization in the ORUS study.
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Figure 3: Response Rates by Survey
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Note: This figure reports response rates by survey separately for the treatment group ($1000 per month) and the control
group ($50 per month).
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Figure 4: Expenditure Treatment Effects Over Time

Consumption Variables by Treatment Status
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Note: This figure reports estimated treatment effects and control means by time period for overall consumption and major
consumption categories without the post-transfer time period). The figure includes the baseline period. The black dots
show how the control mean has evolved over time while the red dots show how the control mean plus the estimated
treatment effect for the given time period. For study years 1, 2, and 3 we present estimates of the treatment effect using
Equation 1. For the baseline period, we present estimates of Equation 1 where we remove the the baseline value of the
outcome from the LASSO selected controls (if the baseline value was selected). We do this because because otherwise the
controls would perfectly predict the outcome in the baseline period. 95% confidence intervals around the estimated
treatment effect are shown in red.
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Figure 5: Treatment Effects Over Time for Household Balance Sheet Components
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Note: This figure reports estimated treatment effects and the control mean by time period for net worth and the
components of net worth. The figure includes the baseline period. The black dots show how the control mean has evolved
over time while the red dots show how the control mean plus the estimated treatment effect for the given time period. For
study years 1, 2, and 3 we present estimates of the treatment effect using Equation 1. For the baseline period, we present
estimates of Equation 1 where we remove the the baseline value of the outcome from the LASSO selected controls (if the
baseline value was selected). We do this because because otherwise the controls would perfectly predict the outcome in the
baseline period. 95% confidence intervals around the estimated treatment effect are shown in red.
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Figure 6: Housing Mobility Treatment Effects Over Time
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moving neighborhoods. The black dots show how the control mean has evolved over time while the red dots show how
the control mean plus the estimated treatment effect for the given time period. The treatment effect estimates come from
estimating Equation 1. 95% confidence intervals around the estimated treatment effect are shown in red.
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Figure 7: Treatment Effects Over Time for Financial Outcomes Families
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Note: This figure reports estimated treatment effects by time period for different financial outcomes families. The black
dots show the estimated treatment effect and the red line shows the 95% confidence interval.
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The Impact of Unconditional Cash Transfers on Consumption
and Household Balance Sheets: Experimental Evidence from
Two US States

Appendix

Alexander Bartik Elizabeth Rhodes David Broockman Patrick Krause Sarah Miller
Eva Vivalt

In this appendix, we provide additional details about the study design, present results for addi-

tional outcomes, and present robustness checks of our main results.

A Expenditure Data Further Details

In this section, we describe some of the details of the construction of the expenditure data in more

detail.

A.1 Housing Costs Panel

We construct a monthly panel of individual housing costs. Specifically, as described in Section 4 above,
each month participants were asked a set of “trigger modules" that asked questions about changes in
contact information and current address, , and there were changes an additional set of questions were
asked. In the case of the move module, these questions included new address, whether they rented,
owned, or were "just staying" at the residence, what was the reason for their move, what was the
monthly rent + utilities payment (if renting), and, if the home had been purchased, what the purchase
price had been and how large of a down payment they had made. Given that these trigger modules
were asked every month and survey response rates were very high, this allows us to construct a close
to monthly panel of individual addresses over time. In order to do this we assumed that a participant
lived at a given address until they either reported a new address, or did not respond to any research
activities in a given year. To apply the cost of housing to all months where a participant lived at a
given residence, we prioritized the housing cost data gathered in the enumerated surveys when avail-
able, and utilized data from the onlinetrigger modules when not. To do this if an residence was first
provided in a onlinesurvey or other means, we backfilled the cost information for that address when
it was available from subsequent SRC surveys. For example, if a participant moved from residence A

(where they lived at the time of the baseline survey) to residence B in study month 14, then answered
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an enumerated midline survey in month 20, and continued to live at that residence through monthly
24; we applied the housing cost reported at baseline for all months lived at address A (1-13) and hous-
ing cost reported at midline for all months lived at address B (14-24). There are a small number of
cases where an individual moves to a new address, but then never completes an enumerated survey
for that address, either because they move to a different address before they complete their next enu-
merated survey or because they never complete an additional enumerated survey. In these cases we
used the information provided in the Qualtics to estimate either the monthly rent (excluding utitlities)
or mortgage payment to align with the other expenditure data. For mortgages, we assume partici-
pant’s take out 30-year fixed rate mortgagse and estimate their monthly mortgage payment using the
reported total purchase prices, down payment amount, and the average 30-year fixed rate mortgages
rate that month from Federal Reserve Bank of St. Louis data to estimate the monthly mortgage pay-
ment .>® We then scale up this mortgage payment by 1.3 to reflect the fact that the monthly mortgage
payment question in the enumerated survey asks about mortgage payments as well as property taxes
and home insurance. For rent, if the participant provided total cost of rent and utilities we leveraged
responses from other participants to back out the utilities piece. To accomplish this we subtracted the
median utility payment amount by quantile of total rent + utilities (split by state to account for higher

cost of energy in Texas compared to Illinois).

A.2 Making Online and Enumerated Survey Expenditure Measures Comparable

Our expenditure data comes from both enumerated and quarterly online surveys. While there is
significant overlap between the two survey modules, there are notable differences. First, the quarterly
online survey was designed to be shorter and to focus on expenditures that could have high variability.
Therefore this module asked more limited set of expenditure questions, most notably not including
questions on housing costs and asking some questions in more aggregated categories, relative to the
enumerated expenditure surveys. Second, the enumerated surveys allow the respondent to choose
their own lookback period for each expenditure category (weekly, monthly, or yearly) whereas the
quarterly online survey have a pre-determined lookback period for each expenditure category (weekly
for food expenditures, monthly for childcare, etc...). Third, while the enumerated surveys asked about
usual expenses, the online surveys asked for spending in the specific lookback period (last week or
last month).

We made the expenditure data more comparable in these different surveys using the following

38Data is available here: https://fred.stlouisfed.org/series/MORTGAGE30US
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procedure. First, for questions not asked in the online survey we applied the responses from the enu-
merated survey in that study year, or in the case of housing costs the value from that month in the
housing panel. Second, for questions asked in weekly terms in the online surveys(spending on food,
alchohol, tobacco/marijuana, and public transportation) we rescaled to the enumerated survey re-
sponses, with a scaler specific to survey question and lookback period. This was designed to account
both for differences in lookback period as well as "usual” vs. specific, assuming that responses to the
more specific and shorter lookback period questions were a more accurate representation of spending
levels. To generate the scaler we compared monthly spending responses from the online and enumer-
ated surveys by question, participant and study year; then using the mean ratio of spending between

two survey methods to rescale.

A.3 Unexpected Expenses

Some unexpected expenses, such as car or home repairs, will not be included in responses regard-
ing usual expenses (midline and endline) and will also likely be missed in questions about recent
expenses (online surveys). To capture these expenses, approximately every quarter in the online sur-
veys we also asked questions about any major unexpected expenses over the previous quarter. In
order to incorporate this information in our measures of monthly spending we did the following. We
assigned these different unexpected expenses to one of the following detailed expenditure categories
(car, household, health, children, pets, vacation, or other), and if participant indicated that the total
unexpected expenses were split across more than 1 category, the total amount was evenly split among
the categories. We then generated the average monthly unexpected expense spending for each cate-
gory in a study year and added that to all non-missing survey responses for a given category within

the survey year.

B Deviations from Pre-Analysis Plan

We made a small number of deviations from the pre-analysis plan, based on feedback we received on
the study, to correct ambiguities or errors in the pre-analysis polan, or because study or data collection
procedures changed during the course of the study or because we decided upon further reflection that

an alternative procedure was superior. These changes are listed below:

¢ These changes were made and posted to the Pre-Analysis Plan after transfers began, but before

midline data had been received:
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- Following Guess et al. (2023), we indicated that we would construct g-values that control
the False Discovery Rate (FDR) rather than constructing p-values that controlled the Family

Wise Error Rate (FWER) as we had originally specified.

— In the original pre-analysis plan, we said that when pooling results across time periods for a
particular item that we would impute the item using the treatment-group specific mean for
each missing time period and then pool across all time periods, including the imputed time
periods. An observation would be considered non-missing for an outcome if there was
data for at least one time period. We modified the pre-analysis plan to instead construct
pooled outcomes for an item using the average of the non-missing time period for that
respondent. As in the original approach, an observation is considered non-missing for an
outcome if there was data for at least one time period. Results are extremely similar using

both approaches.

¢ These changes to the posted PAP were made after the transfers began and after midline data

was received but before endline data was received:

— We clarified that the primary measure of housing unit and neighborhood mobility would
be relative to the baseline address. This was always the intention of the pre-analysis plan

but the language was ambiguous in the original version.
¢ These changes were made after the end of the transfers:

- In the assets results reported in Table 8, Figure 5, and Appendix Figure A3 we used the to-
tal individually and jointly held financial savings and assets rather than solely individually
held savings and assets We report results for individually held savings and asset in Ap-
pendix Table A8. We did this to make sure that the financial and real asset outcomes more
closely correspond to the concept covered in the expenditure data (will covers all house-
hold spending) and the debt data (the experian credit histories include all debt obligations
that the individual is listed on, regardless of whether or not it is jointly or individually held.
Making the concept closer to individually and jointly held than individually held). The re-
sults using only individually held financial and real assets are quite similar to those using

individually and jointly held assets.

— We followed a slightly different procedure for cleaning the expenditure data to make the
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enumerated and qualtrics survey estimates more comparable, fully incorporate informa-
tion on housing costs generated by our monthly trigger module, and make the measures
more comparable with the post-transfer surveys which are ongoing but for which we will
presents results in the future. The changes we made to the expenditure data cleaning pro-

cedure are as follows:

+ Rent and mortgage costs were not reported in the qualtrics surveys, but only in the
SRC surveys. However, we have additional information about housing and location
decisions that we instead use to construct a much more detailed panel of information
on housing costs over time. This procedure is described in Appendix Section A. We
use this panel dataset to provide a monthly rent or mortgage payment measure in the
expenditure data for each quarterly qualtrics surveys, even though they the quarterly

qualtrics surveys do not ask about rent.

+ We use a slightly different procedure to rescale the expenditures measures to make
the qualtrics and enumerated survey expenditure measures comparable. The qualtrics
questions ask a more limited set of expenditure questions, most notably not including
questions on housing costs and asking some questions in more aggregated categories.
In the Pre-Analysis Plan, we specified that we would construct an alternative mea-
sure that scaled up the SRC numbers by choosing a scaling factor that minimized the
mean squared deviation between the SRC and qualtrics expenditure numbers for dif-
ferent categories. However, as described above, our trigger modules allowed us to
construct a more temporally granular data on housing expenditures that that we could
plug into the quarterly qualtrics expenditure measures. Additionally, the reporting in
more aggregated categories did not seem to generate significantly different estimates
of spending for quarterly and enumerated surveys. Instead, differences in lookback
period frequencies between qualtrics and the enumerated surveys for more frequently
purchased products seemed to generate larger differences in measured expenditures.
We use the procedure described in Appendix Section A to adjust the expenditure mea-
sures for differences in the lookback period between the enumerated surveys and the
quarterly qualtrics surveys. The estimates are very similar to those using the originally

specified rescaling procedure.

+ We combined the Clothing and Apparel primary expenditure category with the Per-

73



sonal Care primary expenditures category because these categories are combined on

the post-transfer surveys and we want to make the primary expenditure categories

comparable.
Figure A1: ORUS Study Counties
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Figure A2: Heterogeneous Treatment Effects for Total Expenditures and Major Categories
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Note: This figure reports estimated heterogeneous treatment effects by subcategory for components of the consumption
family.
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Figure A3: Heterogeneous Treatment Effects for Household Balance Sheet Components
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Note: This figure reports estimated heterogeneous treatment effects by subcategory for components of the savings
(household balance sheet) family.
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Figure A4: Heterogeneous Treatment Effects for Financial Outcome Related Families
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Note: This figure reports estimated heterogeneous treatment effects for the expenditure volatility, credit acces, and
financial health families. Note that the sign of expenditure volatility in this figure is reversed from in Table 6, so a higher
value is less volatility.
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Figure A5: QQ-plot of treatment probability against Bernoulli distribution with one third
success probability
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Note: This figure compares the distribution of treatment assignments (quantiles plotted on x-axis) to what we would
expect from a random one-third probability of assignment (quantiles plotted on y-axis). A Kolmogorov-Smirnov test fails
to reject the null hypothesis that these distributions are the same (p=0.5226).

78



"SeXa], pue SIOUI[[] Ul paa1asaid jou 10 paarasard azom sjjouaq 1oleuwr yorym smoys a[qe) ST, :S9I0N

aredonred o3 91qIdrPe 10N aredonred o3 91qrdre 10N ISS

SSI}I[LD0] ISJO 10§ PajddjFe sem ANIqI3I[d “AJLIoyny
“I9JsueI) Ysed ay} Aq pajoajye sem ANIQrayg ursnoy 03eoryD) 10§ ANTIqIST[o 109JJe J0U PI(J | 90Ur)SISSY SUISNOL]

}JouRq 9y} JO Junowre Y} pue ANqrdre Surururia)ap
jo sasodind a3 10§ SWOdUT pauIEaUN PIIIPISUOD
SeM JI9JsueI) 9y} JO Junowre Jururewal ayj ng

INV.L 309Jye jou prp 1ayrenb 1ad 0pe$ 3s11q pajoajge Jou sem Aiqiiyg ANVL

}JouRq dY} JO Junowre ay} pue ANqrdp Surururialap
jo sasodind sy 10 SwodUT pauTEdUN PIIIPISUOD
seMm JI9jsuer) 9y} JO Junowre Jururewal ayj yng

‘dVNS 109j3e Jou prp 1aprenb 1od 0pg$ 111 padagye jou sem Liqdnyg dVNS
padajye jou sem Liqudnyg pajagye Jou sem Liqidyg PIEdIPIN
sexay, STOUI[[] JJousg

Sj1JouURg JO UOND10I] IV d[qeL

79



Table A2: FDR Tiers

Pooled Across Mid- Pooled Across

Estimates At

line/Endline and Midline/Endline Each Time
Monthly Surveys Surveys Only Period
Family KO KO K3
Primary Components K1 K1 K3
Primary Items K2 K2 K3
Secondary Items K3 K3 K3
Tertiary Items K3 K3 K3
Heterogeneous treatment effects K3 K3 Not calculated
Any post-PAP tests K4 K4 K4
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Table A3: Baseline median characteristics by treatment arm

Treatment Control p-value

Economic
Household income ($1000s) 28.425 27.521 0.239
Total government benefits ($1000s) 2.888 2.772 0.601
Expenditures
Total monthly expenditures ($1000s) 2.822 2.798 0.687
Housing monthly expenditures ($1000s) 0.692 0.675 0.493
Non-durable goods/services monthly expenditures ($1000s) 1.364 1.330 0.284
Durable goods monthly expenditures ($1000s) 0.208 0.210 0.849
Human capital expenditures ($1000s) 0.180 0.163 0.224
Monthly net gifts or loans to family and charity ($1000s) 0.013 0.008 0.206
Monthly Debt Payments
Monthly minimum auto loan payments 0.000 0.000 1.000
Monthly minimum credit card and bank loan payments 0.000 0.000 1.000
Monthly minimum student loan payments 0.000 0.000 1.000
Monthly minimum mortgage payments 0.000 0.000 1.000
Monthly minimum total debt payments 90.000 100.000  0.431
Monthly minimum total debt payments, excl. mortgage 79.000 80.000 0.962
Household Balance Sheet
Total HH real assets ($1000s) 4.045 4.159 0.808
Total HH financial savings ($1000s) 0.700 0.900 0.129
Total debt ($1000s) 9.812 9.608 0.844
Total debt excluding mortgage ($1000s) 8.054 7.920 0.883
Networth ($1000s) -0.002 0.000 1.000
Networth excluding real estate assets & debt($1000s) -0.468 -0.562 0.843

Notes: This table reports the median baseline characteristics of the study sample separately by
those assigned to the treatment group who receive transfers of $1000 a month and those assigned
to the control group who receive transfers of $50 a month. Median characteristics are reported for
the continuous variables in Table 1.
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Table A4: Impact of Unconditional Cash Transfer on Post-Transfer Recall Questions

Control Mean Effect N
1) (2) ®)
Largest amount of savings held at any point during program 6768 (14827)  2372*TT 2190
(589)
[0.002]
Total amount used as a down payment to purchase a home since baseline 1335 (10486) 377 2938
(553)
[0.256]
Amount of money participant paid for court costs, & fines/fees 357 (1181) 1 2351
(46)
[0.447]
Amount of money taken without permission 461 (3219) 18 2369
(120)
[0.430]
Total amount spent on home/apt renovation cost 757 (4866) -140 2929
(160)
[0.200]
Amount of money the participant gave to others 1002 (2839)  766**tTt 2398
(118)
[0.001]
Money disputes or pressures has caused conflict 0.31 (0.46) -0.04*t 2374
(0.02)
[0.085]
Conflicts over money negatively affect well being 0.56 (0.95) -0.04 2373
(0.04)
[0.245]
Felt pressured to give money to or pay expenses for others 2.55 (0.65) 0.01 2378
(0.03)
[0.467]
Any money was taken without participants permission 0.21 (0.41) -0.04*+1t 2378
(0.02)
[0.025]

Notes: This table reports estimates of Equation 1 of the difference in outcomes between the treat-
ment group and the control group on outcomes listed in the rows. We estimate these treatment
effects for outcomes pooled over the three years of the study using the weights described in Sec-
tion above. Column (1) reports the control group mean and standard deviation in parentheses
for this pooled outcome. Column (2) then reports the treatment effect estimates. Standard errors
are shown in parentheses below and the FDR-adjusted g values are shown in brackets below the
standard error. Statistical significance relative to a null hypothesis of no effect using traditional
inference is shown using asterisks, while statistical significant after FDR adjustment is indicated
using daggers. Family outcomes are shown in bold, components within families are underlined,
and items within components are shown indented. Secondary items are shown in italics.
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Table A5: Impact of Unconditional Cash Transfer on Aggregate Expenditure Categories

Control Mean  Effect N

) ) ©)

Non-durable goods and services expenditures 1944 (805)  143**TTT 2087
(30)
[0.001]

Housing expenditures 809 (582) 46*t 2964
(23)
[0.050]

Human capital expenditures 485 (409) 48+t 2988
(17)
[0.011]

Durable goods expenditures 484 (346) 41111 2987
(14)
[0.009]

Other expenditures 264 (284) 43+ttt 2987
(11)
[0.001]

Notes: This table reports estimates of Equation 1 of the difference in outcomes between the treat-
ment group and the control group on outcomes listed in the rows. We estimate these treatment
effects for outcomes pooled over the three years of the study using the weights described in Sec-
tion above. Column (1) reports the control group mean and standard deviation in parentheses
for this pooled outcome. Column (2) then reports the treatment effect estimates. Standard errors
are shown in parentheses below and the FDR-adjusted q values are shown in brackets below the
standard error. Statistical significance relative to a null hypothesis of no effect using traditional
inference is shown using asterisks, while statistical significant after FDR adjustment is indicated
using daggers. Family outcomes are shown in bold, components within families are underlined,
and items within components are shown indented. Secondary items are shown in italics.
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Table A6: Impact of Unconditional Cash Transfer on Charity and Help Given and Received
Details

Control Mean  Effect N
1) (2) 3)

Charity expenses 41 (108) 74t 2974
4)
[0.084]
Gifts or loans given to others (excluding charity) 28 (66) 13+ 2968
)
[0.001]
Gifts or loans received 35 (115) 3 2969
(5)
[0.267]
Net gifts or loans to others (excluding charity) -7 (127) 10t 2970
)
[0.070]

Notes: This table reports estimates of Equation 1 of the difference in outcomes between the treat-
ment group and the control group on outcomes listed in the rows. We estimate these treatment
effects for outcomes pooled over the three years of the study using the weights described in Sec-
tion above. Column (1) reports the control group mean and standard deviation in parentheses
for this pooled outcome. Column (2) then reports the treatment effect estimates. Standard errors
are shown in parentheses below and the FDR-adjusted g values are shown in brackets below the
standard error. Statistical significance relative to a null hypothesis of no effect using traditional
inference is shown using asterisks, while statistical significant after FDR adjustment is indicated
using daggers. Family outcomes are shown in bold, components within families are underlined,
and items within components are shown indented. Secondary items are shown in italics.
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Table A7: Impact of Unconditional Cash Transfer on Vehicle Ownership Details

Control Mean Effect N
@) 2 )
Value of All Cars Owned by HH 9921.569 (1.1e+04) 217.853 2939
(362.000)

[1.000]
Dummy if household owns/leases a car 0.783 (0.372) 0.024* 2940

(0.012)

[0.374]
Dummy if participant individually or jointly owns ANY vehicles 0.618 (0.439) 0.016 2934

(0.015)

[1.000]
Number of vehicles owned individually or jointly by the participant 0.856 (0.792) 0.000 2934

(0.025)

[1.000]
Number of vehicles leased by participant’s household 0.174 (0.385) 0.003 2939

(0.014)

[1.000]
Number of vehicles owned by participant’s household 1.107 (0.959) -0.030 2939

(0.030)

[1.000]
Total number of vehicles owned & leased by participant’s household 1.280 (0.970) -0.020 2939

(0.029)

[1.000]

Notes: This table reports estimates of Equation 1 of the difference in outcomes between the treat-
ment group and the control group on outcomes listed in the rows. We estimate these treatment
effects for outcomes pooled over the three years of the study using the weights described in Sec-
tion above. Column (1) reports the control group mean and standard deviation in parentheses
for this pooled outcome. Column (2) then reports the treatment effect estimates. Standard errors
are shown in parentheses below and the FDR-adjusted g values are shown in brackets below the
standard error. Statistical significance relative to a null hypothesis of no effect using traditional
inference is shown using asterisks, while statistical significant after FDR adjustment is indicated
using daggers. Family outcomes are shown in bold, components within families are underlined,
and items within components are shown indented. Secondary items are shown in italics.
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Table A8: Impact of Unconditional Cash Transfer on Assets Individual Estimates ($1000s)

Control Mean  Effect N
@) @ 0
Total value participant’s assets 43.2 (89.0) 2.1 2941
(2.4)
[1.000]
Value of vehicles owned (participant) 6.3 (7.6) 0.1 2934
0.3)
[1.000]
Value of real estate owned (participant) 34.5 (85.8) -1.8 2888
(2.2)
[1.000]
Value of business assets (participant) 1.6 (18.9) -0.1 2936
(0.6)
[1.000]
Total savings held individually 12.3 (31.3) 2.1 2939
(0.9)
[0.151]
Bank accounts not jointly held 4.3 (10.5) 1.0%T 2849
(0.4)
[0.064]
Other investments and accounts not jointly held 1.2 (10.5) 0.8* 2937
0.3)
[0.192]
Retirement/pension accounts not jointly held 6.4 (20.7) 02 2908
(0.6)
[1.000]

Notes: This table reports estimates of Equation 1 of the difference in outcomes between the treat-
ment group and the control group on outcomes listed in the rows. We estimate these treatment
effects for outcomes pooled over the three years of the study using the weights described in Sec-
tion above. Column (1) reports the control group mean and standard deviation in parentheses
for this pooled outcome. Column (2) then reports the treatment effect estimates. Standard errors
are shown in parentheses below and the FDR-adjusted g values are shown in brackets below the
standard error. Statistical significance relative to a null hypothesis of no effect using traditional
inference is shown using asterisks, while statistical significant after FDR adjustment is indicated
using daggers. Family outcomes are shown in bold, components within families are underlined,
and items within components are shown indented. Secondary items are shown in italics.
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Table A9: Impact of Unconditional Cash Transfer on Alternative Debt Measures ($1000s)

Control Mean  Effect N
) 2 ®)
Total Debt Excluding Mortgages (Experian + Survey) 26.0 (39.3) 0.5 2981
(1.0
[1.000]
Total Debt Balances (Experian) 36.2 (61.9) 29 2512
(2.7)
[1.000]
Credit Card Balance (Experian) 2.6 (4.4) -0.0 2512
(0.2)
[1.000]
Auto Loans (Experian) 4.8 (8.8) 0.8** 2512
(0.3)
[0.424]
Mortgages (Experian) 13.9 (46.2) 1.5 2512
(1.7)
[1.000]
Student Loans (Experian) 17.7 (36.1) -0.3 2512
(1.0
[1.000]
Credit Union and Bank Loans (Experian) 1.5 (4.9) 0.2 2512
(0.2)
[1.000]
Total Debt Excluding Mortgages (Experian) 21.7 (32.7) 1.6 2512
(1.5)
[1.000]

Notes: This table reports estimates of Equation 1 of the difference in outcomes between the treat-
ment group and the control group on outcomes listed in the rows. We estimate these treatment
effects for outcomes pooled over the three years of the study using the weights described in Sec-
tion above. Column (1) reports the control group mean and standard deviation in parentheses
for this pooled outcome. Column (2) then reports the treatment effect estimates. Standard errors
are shown in parentheses below and the FDR-adjusted g values are shown in brackets below the
standard error. Statistical significance relative to a null hypothesis of no effect using traditional
inference is shown using asterisks, while statistical significant after FDR adjustment is indicated
using daggers. Family outcomes are shown in bold, components within families are underlined,
and items within components are shown indented. Secondary items are shown in italics.
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Table A10: Impact of Unconditional Cash Transfer on Net Worth Robustness Checks

Main Estimate Median Regression DD Regression

@ @ ®)

Net Worth Family-Level Estimate (Survey & Experian Data) -1.0 (3.4) - -0.7 (3.2)
Net worth individual item (Survey & Experian Data) -1.9 (3.3) -1.0(1.2) -1.0 (3.2)
Net worth excluding real estate (Survey & Experian Data) -2.1(2.6) -0.8 (0.8) 0.6 (2.1)

Notes: This table reports alternative approaches to estimating the treatment effect of the effect
of unconditional cash transfers on net worth. Column (1) reports estimates of Equation 1 of the
difference in outcomes between the treatment group and the control group on outcomes listed
in the rows. We estimate these treatment effects for outcomes pooled over the three years of the
study using the weights described in Section above. Column (2) then reports median regression
estimates of the treatment effect. Column (3) reports differences-in-differences estimates of the
treatment effect. The first row presents results for our main estimates of net worth where we ag-
gregate the item level estimates to components (financial assets, real assets, and debt) and then
aggregate these component level estimates to generate an estimate of the effect on net worth. Un-
fortunately, median regression did not converge for some of the individual items that make up
the components, so we are unable to report the median regression outcomes for this approach to
computing net worth. To compensate for this, in the next row we report estimates for a variable
where we construct a net worth variable directly and estimate treatment effects on that variable
instead of aggregating treatment effect estimates on sub-components. For this variable, we're able
to compute all three robustness checks. Estimates for this variable slightly differ from estimates
aggregating the item and component level treatment effect estimates because of slight difference
in how missing values are treated. Finally, the third row reports estimates using a measure of net
worth that excludes real estate assets and mortgage debt. All three measures use debt measures
that combine the Experian and survey data. Standard errors are shown in parentheses next to the
point estimate. Statistical significance relative to a null hypothesis of no effect using traditional
inference is shown using asterisks. Inference for robustness check is not FDR adjusted.
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Table A11: Impact of Unconditional Cash Transfer on Self-Assessed Financial Health Index

Control Mean  Effect N
@ 2) ®)

Additive index of self-reported financial health Likert scale outcomes 18.19 (7.43)  0.67***TT 2898
(0.19)
[0.002]

T am behind with my finances. 2.22 (1.05) 0.08**t 2896
(0.03)
[0.020]

My finances control my life. 1.84 (1.06) 0.03 2896
(0.03)
[0.212]

I am securing my financial future. 1.71(0.95)  0.09*tt 2897
(0.03)
[0.007]

I am just getting by financially. 1.95 (0.88) -0.01 2894
(0.03)
[0.347]

Giving gift for wedding, birthday, other occasion would put strain on finances for month 2.01 (0.99) 0.15**1tT 2896
(0.03)
[0.001]

I could handle a major unexpected expense. 1.39 (0.99) 0.07+t 2897
(0.03)
[0.029]

I have money left over at the end of the month. 1.72 (1.04) 0.07tt 2896
(0.03)
[0.031]

I can enjoy life because of way I am managing my money. 1.70 (0.84) 0.09***ttt 2897
(0.02)
[0.003]

Because of financial situation, I feel like I will never have things I want in life. 2.11(0.97) 0.07+*tt 2897
(0.03)
[0.033]

I am concerned that the money I have or will save wont last. 1.55 (1.03) 0.02 2895
(0.03)
[0.263]

Notes: This table reports estimates of Equation 1 of the difference in outcomes between the treat-
ment group and the control group on outcomes listed in the rows. We estimate these treatment
effects for outcomes pooled over the three years of the study using the weights described in Sec-
tion above. Column (1) reports the control group mean and standard deviation in parentheses
for this pooled outcome. Column (2) then reports the treatment effect estimates. Standard errors
are shown in parentheses below and the FDR-adjusted g values are shown in brackets below the
standard error. Statistical significance relative to a null hypothesis of no effect using traditional
inference is shown using asterisks, while statistical significant after FDR adjustment is indicated
using daggers. Family outcomes are shown in bold, components within families are underlined,
and items within components are shown indented. Secondary items are shown in italics.

89



Table A12: Impact of Unconditional Cash Transfer on Financial Resilience Index

Control Mean Effect
€)) (2

®)

Financial Resilience (Index) 0.03**
(0.02)

[0.042]
How long respondent could make ends meet selling assets or borrowing 3.27 (2.07) -0.02
(0.06)

[0.400]

The extent to which the respondent relies on financial help from others 4.79 (0.58) 0.04*
(0.02)

[0.054]

Whether or not the respondent has at least $100 in savings 0.71 (0.41) 0.03*t*
(0.01)

[0.030]

The largest emergency expense that the respondent could cover 2664.42 (6833.86) 124.21

(229.00)

[0.356]
How confident participant is about retirement savings 2.48 (0.91) -0.02
(0.03)

[0.267]

How long the respondent could make ends meet using savings 2.45(1.92) 0.03

(0.06)

[0.356]

2940

2920

2935

2849

2914

2932

2923

Notes: This table reports estimates of Equation 1 of the difference in outcomes between the treat-
ment group and the control group on outcomes listed in the rows. We estimate these treatment
effects for outcomes pooled over the three years of the study using the weights described in Sec-
tion above. Column (1) reports the control group mean and standard deviation in parentheses
for this pooled outcome. Column (2) then reports the treatment effect estimates. Standard errors
are shown in parentheses below and the FDR-adjusted g values are shown in brackets below the
standard error. Statistical significance relative to a null hypothesis of no effect using traditional
inference is shown using asterisks, while statistical significant after FDR adjustment is indicated
using daggers. Family outcomes are shown in bold, components within families are underlined,

and items within components are shown indented. Secondary items are shown in italics.
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Table A13: Impact of Unconditional Cash Transfer on Financial Behavior Components:
Bankruptcies, Delinquencies, and Credit Utilization

Control Mean Effect N
@) 2 ®)
Bankruptcy and Foreclosure (Index) 0.00 2512
(0.04)
[0.479]
Any Bankruptcy Past 24 Months (Experian) 0.01 (0.08) -0.00 2512
(0.00)
[0.408]
Any Current Foreclosures (Experian) 0.00 (0.01) 0.00 2512
(0.00)
[0.498]
Any Bankruptcies Past 24 Months or Current Foreclosures (Experian) 0.01 (0.08) -0.00 2512
(0.00)
[0.464]
Credit Utilization Past 3 Months (Experian) 55.79 (37.04) 0.02 2512
(1.55)
[0.564]
Delinquencies (Experian Variables) -0.02 2977
(0.02)
[0.275]
Any Delinquencies Past 6 Months (Experian) 0.13 (0.22) -0.01 2512
(0.01)
[0.521]
Balance Past Due Past 6 Months (Experian) 274791 (4885.74)  20.32 2512
(209.00)
[0.819]
Trades Derogatory (Number) Past 6 Months (Experian) 0.47 (0.73) -0.01 2512
(0.03)
[0.630]
Current Worst Present Status (Experian) 2.94 (2.25) -0.03 2512
(0.10)
[0.671]

Notes: This table reports estimates of Equation 1 of the difference in outcomes between the treat-
ment group and the control group on outcomes listed in the rows. We estimate these treatment
effects for outcomes pooled over the three years of the study using the weights described in Sec-
tion above. Column (1) reports the control group mean and standard deviation in parentheses
for this pooled outcome. Column (2) then reports the treatment effect estimates. Standard errors
are shown in parentheses below and the FDR-adjusted g values are shown in brackets below the
standard error. Statistical significance relative to a null hypothesis of no effect using traditional
inference is shown using asterisks, while statistical significant after FDR adjustment is indicated
using daggers. Family outcomes are shown in bold, components within families are underlined,
and items within components are shown indented. Secondary items are shown in italics.
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Table A14: Impact of Unconditional Cash Transfer on Expenditure Volatility Additional Out-
comes

Control Mean Effect N
O 2) ®)
Standard deviation of log monthly expenditures 0.71(0.75)  -0.14***T*F 2834
(0.02)
[0.001]
Standard deviation of log monthly human capital expenses 1.69 (1.00) -0.05 2833
(0.03)
[0.163]
Standard deviation of log monthly non-durable goods and services expenses 0.58 (0.73) 01411t 2834
(0.02)
[0.001]
Self-assessed extent of month-to-month variation in household’s expenses 1.61 (0.48) 0.02 2911
(0.02)
[0.153]

Notes: This table reports estimates of Equation 1 of the difference in outcomes between the treat-
ment group and the control group on outcomes listed in the rows. We estimate these treatment
effects for outcomes pooled over the three years of the study using the weights described in Sec-
tion above. Column (1) reports the control group mean and standard deviation in parentheses
for this pooled outcome. Column (2) then reports the treatment effect estimates. Standard errors
are shown in parentheses below and the FDR-adjusted g values are shown in brackets below the
standard error. Statistical significance relative to a null hypothesis of no effect using traditional
inference is shown using asterisks, while statistical significant after FDR adjustment is indicated
using daggers. Family outcomes are shown in bold, components within families are underlined,
and items within components or families are shown indented. Secondary items are shown in ital-
ics.
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Table A15: Impact of Unconditional Cash Transfer on Secondary Mobility Outcomes

Control Mean

(1)

Effect
(2

N
®)

Moved housing units in the past year

Moved neighborhoods in the past year

Moved 2mi (driving) from previous address

Moved 2mi (driving) from BL address

Moved 2mi (as crow flies) from BL address

Moved 2mi (as crow flies) from previous address

Moved jurisdiction/city since baseline

Moved jurisdiction/city from previous address

Miles moved within labor market since baseline

Miles moved within labor market since previous address

Average importance of family-related reasons for moving

Average importance of financial-related reasons for moving

Average importance of job-related reasons for moving

Average importance of location-related reasons for moving

0.244 (0.298)

0.218 (0.284)

0.194 (0.273)

0.322 (0.418)

0.306 (0.412)

0.184 (0.268)

0.252 (0.400)

0.139 (0.239)

1.965 (5.069)

0.716 (2.424)

3.314 (1.578)

3.406 (1.448)

2.564 (1.484)

3.496 (1.418)

0.015
(0.010)
[0.228]

0.015
(0.010)
[0.174]

0.021***
(0.010)
[0.075]

0.047***H
(0.015)
[0.012]

0'049***1"%'?
(0.015)
[0.010]

0.021***
(0.009)
[0.071]

0.032**t
(0.014)
[0.075]

0.009
(0.009)
[0.309]

0.055
(0.172)
[0.571]

0.084
(0.142)
[0.463]
-0.016
(0.081)
[0.641]
-0.065
(0.078)
[0.417]
-0.098
(0.078)
[0.282]

0.077
(0.071)
[0.325]

2993

2993

2993

2993

2993

2993

2993

2993

2993

2993

1360

1359

1359

1359

Notes: This table reports estimates of Equation 1 of the difference in outcomes between the treat-
ment group and the control group on outcomes listed in the rows. We estimate these treatment
effects for outcomes pooled over the three years of the study using the weights described in Sec-
tion above. Column (1) reports the control group mean and standard deviation in parentheses
for this pooled outcome. Column (2) then reports the treatment effect estimates. Standard errors
are shown in parentheses below and the FDR-adjusted g values are shown in brackets below the
standard error. Statistical significance relative to a null hypothesis of no effect using traditional
inference is shown using asterisks, while statistical significant after FDR adjustment is indicated
using daggers. All items in this table are secondary and are shown in italics.
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