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Abstract

Governments seeking to provide food assistance have a choice between providing in-kind food directly
to beneficiaries, or providing vouchers that can be used to purchase food on the market. To understand
the differences between these policies, the Government of Indonesia randomly phased in the transition
from in-kind delivery of subsidized rice to approximately equivalent vouchers usable to buy rice and
eggs across 105 districts comprising over 3.4 million beneficiary households. We find the transition led
to substantial changes in the allocation of aid in practice. The vouchers provided concentrated assistance
to targeted houscholds, who received 45 percent more assistance in voucher areas than in in-kind
districts. As a result, for households in the bottom 15 percent at baseline, poverty fell by 20 percent.
Vouchers also allowed households to purchase higher-quality rice, and led to increased consumption of
egg-based proteins. We find little effect on aggregate prices. Overall leakage from the program was not
affected, but the administrative costs of benefits delivery substantially falls. The results suggest that the
change from in-kind to vouchers led to substantial impacts on poverty through the way it changed how
programs were implemented on the ground.
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L. INTRODUCTION
Targeted food programs, which aim to provide nutritional assistance to the poor, are one of the
most common forms of social welfare programs in the world (The State of Safety Nets, 2019).!
There are two broad approaches to these programs. The first approach is an in-kind program, which
distributes a set amount of free or subsided foods to poor households. In developing countries,
India’s public distribution system and Egypt’s Baladi Bread program fall into this category
(Alderman, Gentilini and Yemtsov, 2018); similarly, the United States recently launched and
distributed more than 100 million food boxes under the “Farmers to Families Food Box” program.?
An alternative approach is a voucher program, which provides poor families with a voucher, or
increasingly a pre-filled electronic debit card, that can be used to purchase particular food items at
participating shops. One of the most famous of these programs is the United States’ “Food Stamps™
program, now known as the Supplemental Nutrition Assistance Program (SNAP), but these
programs are very common in developing countries, such as, for example, Egypt’s Tamween
Ration Cards or Sri Lanka’s Samurdhi program.

At some level, one might expect these programs to have similar outcomes: the government
can distribute a free gallon of milk to a poor household or distribute a voucher with which a
household can pick up a free gallon of milk, and in the end, a household will get a gallon of milk.
However, there are a number of theoretical reasons, grounded in basic price-theory, that
economists may expect these programs could lead to different outcomes. First, voucher programs
typically offer more flexibility for beneficiaries than a physically delivered in-kind food basket. If
a household would normally consume less of a particular type of food included in the in-kind
bundle absent the transfer, in-kind transfers could constrain their ultimate consumption decisions.
Vouchers, by contrast, could allow households to adjust the mix of items consumed, or even the
specific brands or quality mix within those items, to best suit their needs. Thus, depending on the
designs of two programs, one could observe different consumption choices, and ultimately
nutritional outcomes (see for example, Hidrobo et al 2014; Cunha 2014; Aker 2017; Gentilini
2016).

! Acknowledging the importance of foods assistance worldwide, the Nobel Peace Prize of 2020 was awarded to the
World Food Programme (WFP) "for its efforts to combat hunger, for its contribution to bettering conditions for peace
in conflict-affected areas and for acting as a driving force in efforts to prevent the use of hunger as a weapon of war
and conflict.”

2 See, for example, https://www.ams.usda.gov/selling-food-to-usda/farmers-to-families-food-box



Second, with in-kind food programs, the government intervenes in the market by supplying
the requisite quantity of the goods in question, whereas with a voucher-based program, supply is
left to the private market. If supply is elastic, this should not matter. However, with inelastic
supply, this could make a difference, since in-kind programs may feature a de-facto positive supply
shock, in addition to the positive demand shock common to both in-kind and voucher programs.
In particular, one may imagine that food supplies may be less elastic in remote and isolated areas
with limited transport capacity, in which case in-kind transfers could reduce prices relative to
voucher programs if the government is sourcing the in-kind food elsewhere and bringing it in
(Coate et al 1994; Cunha et al 2019). Third, in-kind programs could have important targeting
properties through self-selection into the programs (Nichols and Zeckhauser 1982; Currie and
Gahvari, 2008): often times the food provided in these programs is a type of food that richer
households may not particularly need a lot of, or of much lower quality, so much so that richer
households may choose not to avail themselves of these programs, ensuring that limited program
resources get to the poor.® The flexibility of voucher-based programs may mean that this type of
self-targeting is less effective.

However, in addition to these commonly cited reasons, these programs may differ for
another important, but less frequently discussed reason: the relative ability to administer these
programs on the ground as designed in theory could differ dramatically. In low state-capacity
environments, these differences may be first-order. There are a number of important administrative
differences. First, the logistical challenges of running voucher and in-kind programs are different.
On the one hand, it may be easier and cheaper for governments to refill electronic vouchers each
month rather than run a massive logistics operation, moving millions of tons of foods to the various
parts of the country. On the other hand, administering debit cards raises its own set of logistical
challenges: availability of cell-phones signals for debit card machines, challenges with PINs or
other authentication mechanisms (Banerjee et al 2020; Muralidharan, et al, 2020; Muralidharan,
2016), or even challenges in ensuring that debit cards reach the correct households. Second,

governments using vouchers may have more control over whether targeted beneficiaries actually

3 There is also substantially larger literature in economics studying the difference between cash, which is completely
flexible, and in-kind programs, as opposed to the question we focus on here of whether the in-kind assistance is
actually directly delivered or delivered via vouchers. See Currie and Gahvari 2008 for a review; some more recent
papers include Lieber and Lockwood (2019) on self-targeting within Medicaid in the United States; Hastings and
Shapiro 2018 on mental accounting and stickiness of in-kind transfers studying SNAP in the United States; and
Hidrobo et al (2014) examining cash versus in-kind in Ecuador.
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get their full benefits, since a debit card is hard to subdivide, whereas in-kind food stocks can be
divided by local government officials in whichever way that they choose in practice.* Finally,
overall leakage may differ in voucher programs: it may be easier to monitor the money as it is
directly transferred to the debit cards, whereas food can “fall off the truck” at various points in the
distribution process. On the other hand, it may be easier to fraudulently claim digital payments
than to abscond with tons of physical rice. In short, it is ultimately an empirical question as to
which of these programs can be more effective in redistributing to the poor, and to ultimately
affecting poverty rates.

To study the differences between in-kind food programs and electronic voucher programs
in a setting with imperfect state capacity, we conducted a unique policy experiment in Indonesia
in cooperation with the Indonesian government. Starting in 2017, Indonesia began a national
reform to replace its largest anti-poverty program—“Rastra” (an abbreviation of beRAS
sejahTeRA, or Rice for Welfare), an in-kind food program that delivered 10kg of free rice per
month to 15 million targeted households nationwide—with a voucher program, named “BPNT”
(Bantuan Pangan Non-Tunai, or Non-Cash Food Assistance), that aimed to provide the same
targeted households with a debit card that allowed them to purchase a similar value of rice and
eggs from any eligible private provider. The conversions were rolled out district by district, with
the districts staggered into waves, such that the government could have the funds and logistical
ability to switch over each set of districts. For the 2018 round of district conversions, 105 districts
were deemed ready to convert, but funds were only budgeted to cover for a fraction of these
districts. This allowed for random assignment, and 42 of these districts were randomly assigned to
receive the program over three waves in 2018, while the remaining 63 districts were assigned to
receive the program in 2019.

The enormous scale of this experiment — the 105 districts in the experiment have a
combined population of 53 million, or about 1/5 of Indonesia’s population, with over 3.4 million
beneficiary households—allows us to study how in-kind transfers compare to voucher programs
through the lens of both the price theory and administration in a real world setting at a large enough

scale to incorporate general equilibrium effects (Muralidharan and Niehaus 2017). To study these

4 There are, of course, many reasons why beneficiaries would not necessarily get their full voucher payment—they do
not receive the debit card, they get held up by local officials or stores to process their voucher, or other non-poor
community members or family members ask for a share given that the targeted household got a transfer—but the
technological nature of the voucher may make it easier ensure that targeted households receive their entitlements.
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issues, we use three primary datasets. First, we wrote a special module that was included in three
waves of the national social-economic survey (SUSENAS), which we use as well as use its detailed
consumption module. Second, we merged the SUSENAS survey with the administration targeting
database at the household level to both identify which households were to be targeted by the
programs, as well as to provide us with baseline characteristics of these households. Third, we
merged in pre-data from the village census (PODES) to provide additional baseline data and allow
us to measure heterogeneity by village characteristics.

We find that switching from in-kind transfers to vouchers led to a substantial change in the
allocation of aid. Whereas in-kind food aid was often subdivided and distributed to many
households in villages, vouchers were not. A similar amount of total aid was distributed in both
voucher and in-kind districts, but conditional on receiving benefits, a household received a subsidy
worth 83 percent more in voucher areas compared to in-kind areas. The share of households
receiving a transfer fell in voucher areas, but disproportionately among better-off households:
poorer households (at baseline) were 14 percent less likely to receive benefits in voucher areas,
whereas wealthier households (at baseline) were 50 percent less likely to receive benefits in
voucher areas. Combined, this resulted in a dramatic concentration of benefits among the poor:
poorer households (at baseline) as a group received 45 percent more assistance in voucher areas
than in in-kind districts. Interestingly, the better targeting in voucher areas occurred despite the
fact that the food was rated as higher quality in the voucher program, and aid was more fungible,
both reasons that the vouchers could have been more appealing to richer households. The
administrative benefits of being able to better enforce the targeting of the electronic transfers thus
swamped the self-targeting benefits of the poor quality of food in this context.

The increased concentration of benefits among the poor in voucher areas led to a large
reduction in poverty, despite the fact that some poor households did lose benefits. For households
in the bottom 15 percent at baseline, the share of households below the poverty line fell by 20
percent (4.3 percentage points). Thus, on net, by better concentrating benefits to targeted
households, the voucher program reduced poverty.

In addition to these first-order changes from increased concentration of assistance, we also
examine whether some of the more traditional price-theoretic mechanisms associated with the
switch to vouchers are present in this context. First, we observe some changes in types of food

consumed with the switch to vouchers. Almost all households consume more rice than what was



provided under the in-kind transfers — 97 percent of households in in-kind areas consume more
than the 10kg rice / month, and in fact, the mean household consumes about 32 kg rice/month.’
Given this, one would not expect a switch in the consumption bundle from a transition from the
in-kind program to the voucher program, which also allowed households to purchase eggs, since
households should have been unconstrained in their rice consumption and able to adjust on other
margins. Yet, the switch to vouchers led eligible households to increase their fotal consumption of
egg-based proteins, by about 4.5 percent. We do not observe changes in any other types of food,
including other proteins such as beef and chicken, suggesting that this is unlikely to represent just
an income effect. Instead, it appears that there is some type of stickiness from the types of food
included in the voucher programs. This suggest that governments seeking to improve nutrition can
potentially do so through the set of foods they chose to include or not include in vouchers, even if,
in fact, basic price theory says that unconstrained households could undo these constraints through
their other purchase decisions.®

One important concern is that voucher-based programs could lead to increases in prices
relative to in-kind programs, particularly in remote areas (Cunha et al 2019). This was an important
concern, especially given that, in some districts, the in-kind program represents on average about
6.2 percent of total rice consumption at baseline. On average, we do not find any change in rice
prices associated with the transition. This is true both overall, as well as in districts where the
transition represented a large negative supply shock, or in villages that are remote (as measured in
four ways, looking by whether a village has an asphalt road, a road that is passable in all seasons,
travel time from the village to the district’s capital, and the time to the subdistrict’s capital). Thus,
on net, the types of concerns raised by Cunha et al (2019) in their study of Mexican mountain
villages, whereby a switch from in-kind to vouchers could lead to substantial price effects, do not
generally seem to pose a challenge in this context.

Finally, we examine the administrative costs of the programs. The administrative costs are
low even for the in-kind program: the administrative costs are 4 percent of the benefits disbursed.

But, the vouchers are even lower: between 0.75 to 2 percent of benefits disbursed, depending on

5 The in-kind program actually provided a mean of only 3.9 kg of rice per month, since it was spread among so many
more beneficiaries. More than 99 percent of eligible households consumed more than 3.9 kg of rice per month, so the
in-kind program was likely binding for almost no one.

¢ This finding is reminiscent of the findings from Hastings and Shapiro (2019) that households have a higher marginal
propensity to consume food out of SNAP benefits than out of cash. Our findings suggest that even the #ypes of foods
consumed can be influenced by what is included in vouchers, even when this is not binding.
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what portion of the financial transaction infrastructure one apportions to the program relative to
other transactions. The voucher program was thus substantially less costly to administer, despite
the fact that it was more effective in delivering aid to targeted beneficiaries.

In short, switching from in-kind food delivery to vouchers made a real difference in the
lives of the poor, reducing poverty among the poorest households by about 20 percent. This change
was due to relative gains in program administration, as the vouchers resulted in a de facto
allocation that was much more concentrated among the poor, consistent with the de jure program
rules in both programs. The differences that occur due to differences in how these two programs
were implemented in practice — 1.e., the fact that the voucher-based program delivered
concentrated assistance to targeted beneficiaries, rather than being distributed much more widely
in local communities— swamped the differences in the programs that stemmed from more
traditional price theoretic explanations, such as the ability for households to have more choice in
spending or changes in aggregate prices.

The rest of the paper proceeds as follows. Section II describes the setting and research
design. Section III presents our findings the effect of voucher versus in-kind subsidies on the

delivery of assistance, consumption choices, prices and leakages. Section IV concludes.

II. SETTING, EXPERIMENTAL DESIGN, AND DATA

A. Setting

In 1998, during the Asian Financial Crisis, the Indonesian government launched a new program to
provide a safety net to poor households in the form of heavily subsidized rice, delivered directly
to poor beneficiary households through village and local governments.” With an annual budget of
US1.5 billion dollars, the subsidized rice program, called “Rastra,” aims to provide subsidized
food assistance to 15 million beneficiary households per month.® While the program has changed
slightly over time, in its current form, households are entitled to receive 10kg per month of free

rice per month, with a value of about Rp. 100,000 (US$8) / month, depending on market price of

7 Rastra is implemented by the lowest government administrative unit, known as a desa (village) in rural areas or
kelurahan in urban areas. Both desa and kelurahan refer to the 4" tier of local government in rural and urban areas,
respectively, below provinces, districts/cities, and subdistricts. We henceforth refer to these government units as
“villages” throughout the paper, but it is important to note that the program operates identically in both rural and urban
areas nationwide.

8 The program was launched in 1998 under the name Operasi Pasar Khusus (OPK, or Special Market Operations). It
was renamed Raskin (an abbreviation of beRAS misKIN, or Rice for the Poor) in 2002, and renamed Rastra in 2015.
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rice (~Rp 9,700 in our period). This is a substantial subsidy: it is about 6.5 percent of the poverty
line for family of 4.

In theory, to be eligible for Rastra, targeting is conducted through proxy-means testing
conducted by the central government, with the recipient list provided by the Ministry of Social
Affairs. The proxy-means test was computed by conducting a census of more than 28 million
households in 2015, which collected a variety of indicators that are predictive of the household’s
consumption level (assets, education, etc; see Alatas et al (2012) and Banerjee et al (2020) for
more details).” The National Team for the Acceleration of Poverty Reduction (TNP2K) combines
these indicators into a proxy means test score, and then computes percentiles of this score within
the entire population; we use this percentile-normed score throughout the paper. In general,
households with lower PMT scores are eligible for the program, with the precise cutoff varying by
district and urban/rural status. Furthermore, villages are allowed some minimal changes to the
recipient list through village meetings to replace households who have moved, died, or double-
counted. Excluded households can also apply to the Ministry of Social Affairs if they believe they
have been excluded from the proxy-means testing (Ministry of Social Affairs, 2018). According
to the 2018 official rules, villages are not officially allowed to subdivide the rice — benefit
recipients must receive the full 10kg.

Rice is procured by the government through the central logistics agency (BULOG),
typically stored at district-level warehouses, and then delivered to villages (often in 50kg sacks).
Local level officials are tasked with dividing the rice, and delivering it to beneficiaries on the list,
either at the village office, at neighbor distribution points, or door-to-door.

In 2017, the government began their largest social assistance reform in nearly 20 years —
removing Rastra and replacing it with a targeted voucher program. The government did this for a
variety of reasons. First, while there is a robust targeting procedure, it was not often followed in
practice, with many non-poor households receiving rice and many beneficiaries only receiving a
fraction of their entitlement (Banerjee et al 2018). It was believed that the voucher program could
reduce the improper inclusion of non-beneficiary households. Second, and related to the first point,

Rastra was known for having high levels of overall leakages—a fair share of the rice went missing

° To comprise the sample, the government first lists everyone on the previous targeting list and asks local leaders to
help update the sample list with poor and near-poor households (i.e. the goal is exclude richer households from the
list). In 2015, this resulted in 28 million households being surveyed on household composition and assets variables.
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(Olken 2006), and there was a belief that the switch to vouchers could reduce this leakage. Third,
the quality of Rastra rice was very low--dusty, full of rocks (Banerjee et al, 2019)—and while this
could have self-targeting properties, there was a belief that the move to vouchers could improve
program satisfaction by increasing rice quality. Finally, Indonesia has high levels of stunting, even
conditional on income levels (Cahyadi et al forthcoming), and there was a belief that the vouchers
could increase food diversity by allowing households to also purchase eggs.'®

The new voucher program was called Bantuan Pangan Non-Tunai (BPNT), or “Non-Cash
Food Aid.” In principle, program eligibility was the same as Rastra. Households received a
monthly voucher of Rp 110,000 per month onto a debit card that was issued to the female adult in
the household. The amount was chosen to be approximately equal to the value of the subsidized
Rastra rice.!!

Households could use the voucher for purchases of rice or eggs at a network for eligible
small shops, 1.e. shops which were registered as remote agents for the state-owned bank chosen to
implement the program in the district.!? The bank provided each agent with a debit-card reader
machine (EDC machine), which connected to the bank’s network over a cellular connection to
debit the amount from the household’s voucher account. The voucher could not be cashed out; it
could be saved for future months, but that was not always encouraged and rare in practice. The
government required banks to increase the number of agents, with a goal of 1 agent per 250
beneficiaries in every village, with a minimum of 2 shops in every village. While the agent network
did increase, and almost all villages had at least 1 shop, not all villages met the government

mandated standards (Banerjee et al, 2020). Agents were allowed to source rice and eggs from the

10 In fact, in 2020 (subsequent to the period we study here), the BPNT voucher program later morphed into a program
called Program Sembako, which allowed households to buy a much wider a variety foods, including carbohydrates
(rice, but also locally-prefererd carbohydraes such as corn or cassava), animal proteins (eggs, and also beef, chicken,
and fish), vegetable proteins (nuts, tofu, and tempeh), as well as fruits and vegetables.

! The Rastra rice was valued at 10kg * the market price of rice, which fluctuates around Rp 10,000. Since Raskin rice
is often delivered in neighborhoods or door-to-door, whereas BPNT is at one or two shops in the village, the BPNT
amount was slightly higher to compensate for slightly higher transportation costs borne by households. Given the
fluctuating price of rice, it is possible that food transfers provide some insurance against a price increase (see, for
example, Gadenne et all 2020), but in this setting, the government can easily adjust the BPNT value to compensate
for such macroeconomic shocks and, in fact, did exactly this in the recent COVID pandemic in which the benefit of
the BPNT was increased by 25% (which is outside of the time-frame that we study).

12 The debit cards were issued and administered by one of the 4 state-owned banks, Mandiri, BRI, BNI, and BTN. The
government assigned one bank to administer the program in each district. As such, they could only be redeemed at
agents of the designated bank.



private market as they saw fit, thought in practice there was pressure in some areas to source rice

from the government logistics agency.

B. Sample
The conversion from Rastra to BPNT was rolled out over approximately four years, as the
government had budget targets in place for the yearly conversion processes. The program was first
rolled out to 44 cities as a pilot in 2017. For the second phase, in 2018, the government first chose
a number of districts (e.g. primarily in East Java) to definitely be converted in 2018. It then ranked
all remaining districts by a readiness indicator; based on this indicator 105 districts were
potentially ready to be converted next. However, given the government’s budget—they planned
to convert the program for about 8.3 million beneficiary households total, including the ones that
were definitely chosen—they could not convert all 105 districts to BPNT in 2018.

Therefore, the government randomized which of the 105 districts would be treated in 2018,
and which ones would subsequently be treated in 2019 (see Appendix Figure 1). These 105
districts—spread across Indonesia’s diverse landscape—comprise our sample (see Appendix
Figure 2), encompassing about a fifth of Indonesia’s population, with a total population size of 53
million individuals and about 3.4 million targeted beneficiary households. Given the scope, as well
as the fact that these were real programs conducted by the government, this sample gives us a
unique opportunity to study both the general equilibrium effects and administration outcomes of

moving from an in-kind to a cash transfer program.

C. Randomization Process and Compliance
We randomized at the district level, as it is the level of administration for both the in-kind and
voucher programs. Forty-two districts were randomly chosen to be converted in 2018, while the
remaining 63 were scheduled to converted in 2019 (see Appendix Figure 1). The treatment districts
were additionally randomized to be converted in three waves: 10 districts in May 2018, 18 in
October 2018, and 14 in November 2018 (see Appendix Figure 3).

Note two aspects of the randomization. First, we grouped districts by geography, and then
stratified our sample based on this geographic grouping. Second, the government added a
constraint that it wanted the randomization results to come as close as possible to exhausting the

budget of 8.3 million households (including the districts that were chosen for sure, as well as
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randomly chosen districts). To accomplish this, in setting up the geographic strata, we reserved
the 20 districts with the smallest number of beneficiaries and put them in a special stratum. For
this last stratum, we randomized order of districts, and assigned districts to treatment until
assigning one more district (in randomized order) would have exceeded the 8.3 million total
budget. Therefore, while the probability a given district is treated is random, the treatment
probability in the holdout stratum is different than in other strata; to account for this, we include
strata fixed effects in all regressions. We also show below robustness results dropping this holdout
stratum entirely; results are very similar.

In practice, the randomization was followed almost exactly. All of the districts randomly
chosen to receive vouchers were converted to vouchers in 2018. Only 3 of the 63 districts
randomized to be converted later were in fact converted in 2018; given this small number, we

study the reduced form effect of being assigned to the vouchers (i.e., the intent to treat).

D. Data
In order to evaluate the experimental switch from in-kind transfers to the vouchers program, we
worked with the Government of Indonesia to design a special module to be added to the
SUSENAS, the Indonesian national household survey. The SUSENAS is a national representative
households survey, completed twice annually—a large wave in March covering about 300,000
households and a smaller wave in September covering about 75,000 households—by the
Indonesian Census Bureau (BPS). It is a repeated cross-section of households.

We use two waves of the SUSENAS for our main analysis: March 2018 and March 2019.
We focus on the March 2019 SUSENAS as our endline, as all of the districts randomly assigned
to vouchers had been converted before March 2019, whereas the districts randomly assigned to
later conversion had not (see timeline in Appendix Figure 3). The special module collected
questions on whether households received each program, how much they received from each
program, prices and quantities of subsidized rice and eggs, the quality of rice, and so forth. In
addition to the social protection module, we also analyzed the separate, detailed consumption
module normally administered in the survey, which not only allowed us to look at total household
consumption of different commodities (e.g. rice, eggs, cigarettes, etc), but also the household
poverty measures. Note that these two modules —the social protection module, which covers social

assistance, and the consumption module, which covers consumption from all sources — are distinct

11



sections of the survey. For all variables, we construct district * rural/urban averages of the same
variables in the March 2018 SUSENAS, which we merge in at that level as potential baseline
control variables.

The second data set we use is administrative data from the unified targeting database
(UDB). As described above, this database was constructed for targeting purposes in 2015, and
forms the basis of eligibility for both the in-kind and voucher program. The government merged
UDB variables into the SUSENAS data using each individual’s national identification number
(NIK), which is collected in both datasets; we then analyzed the de-identified version of this
merged data. The merge is important for two reasons. First, it allows us to independently identify
who in the SUSENAS is likely to be eligible for the program, since targeting was done by the
Ministry of Social Affairs using UDB data. Second, as the SUSENAS is a repeated cross-section,
we do not have household level baseline variables, which are useful to examine heterogenous
treatment effects and to absorb residual variation. The UDB variables, since they were collected
in 2015, give us baseline measures of household well-being (PMT percentile scores) for
heterogeneity analysis, as well as baseline family composition and assets that can be used as
potential control variables. In particular, the PMT percentile score is the predicted percentile of
the consumption distribution the household would be in, based on the household’s assets,
composition, etc. Finally, we merged the 2018 village census (PODES) to provide village-level
baseline control variables, as well as to be able to explore heterogeneity by baseline village

characteristics.!?

E. Experimental Validity

We examine potential differences between the in-kind and voucher districts in using baseline data
from the 2018 SUSENAS. We chose the variables for the randomization check in January 2019,
covering per capita consumption, caloric consumption and basic assets. In general, looking at the

differences in Table 1 across the variables considered, we find that treatment and control groups

13 The 2018 PODES was enumerated from May 2 — May 31, 2018. Since BPNT distribution in the first set of units
did not occur until the end of the month (starting May 25, 2018), and since PODES captures long-moving variables
such as population, infrastructure, and so on, we consider the 2018 PODES as baseline variables. (See
https://www.tribunnews.com/bisnis/2018/04/22/bantuan-pangan-non-tunai-tahap-2-cair-bulan-mei-2018-
penerimanya-nambah-2-juta). We present robustness results below that drop these as well as other control variables;
results are qualitatively similar.

12



appear balanced at baseline. Only 1 of the 11 variables is statistically significant, which is what

one would expect by chance, and the randomized inference p-value of a joint F test is 0.384).

I11. Results

Section III.A outlines the estimation strategy. We then begin by exploring the impact of switching
from the in-kind to voucher program on the delivery of assistance and poverty in Section III.B.
Section I11.C explores the impact on consumption choices, while Section III.D. explores the impact
on overall rice prices. Finally, section E explores the impact on leakages and administrative

program costs.

A. Estimation
We estimate the impact of the experimental switch from in-kind assistance to vouchers using

Equation 1:

Yhvds = .30 + ﬁlVOUCherds + X;lvdsy + Uy + €hvds (1)

where Yp,qs 1S the relevant outcome variable; Voucher,; is the randomization into the voucher
conversion in 2018; X},,,4s are control variables selected using a double LASSO (Belloni et al,
2014); and a; are strata fixed effects. The baseline controls fed into the LASSO include household
covaries from the UDB, village level covariates from the village census and district*urban/rural
averages of variables from the March 2018 SUSENAS. A full list of the control variables used as
input into the LASSO is shown in Appendix B. We estimate the intent to treat using the original
randomization results (only 3 of our control districts were treated during the study period, so
treatment-on-treatment models would be very similar). Standard errors are clustered by district, as
that is the level of randomization; we report randomization inference p-values in all tables (Young,
2019).

Following our pre-analysis plan, we differentiate results based on households that are likely
to be eligible subsidized assistance, and households unlikely to be eligible. To determine this, we
use the baseline proxy-means test (PMT) score each household received in 2015 in the unified
database (recall, as described above, that the PMT score is the household’s predicted percentile in

the national per-capita consumption distribution based on household assets and household
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composition). The Ministry of Social Affairs drew up the final list of eligible beneficiaries in each
district using this dataset as a basis. Since targeted was aimed at approximately households in the
bottom 30 percent of the population, following our pre-analysis plan we divide households into
two groups: those with a PMT score of 30 or below, and those who had either a PMT score above
30 or above or those who were not included in the UDB.!* We also examine several additional
cuts of the PMT score distribution, and in particular those who with a PMT score of 15 or below,
1.e. below the approximate poverty line.

While imperfect, the 2015 PMT score cutoff of 30 has strong predictive power both for
consumption/poverty levels and for program eligibility. Appendix Table 2 provides summary
statistics from the March 2018 SUSENAS data (i.e. the baseline household survey), separately for
the two main groups we analyze: those with PMT scores <= 30 (i.e. the approximate target group),
and those with PMT > 30 / those with no PMT score. The data reveal that households with PMT
scores <= 30 are substantially poorer on virtually all dimensions. In particular, for households with
PMT scores <= 30, average per-capita consumption is Rp. 689,000 / month; for those with PMT
score >= 30, average per-capita consumption is Rp. 1,116,000 / month — i.e., 62 percent higher.
Appendix Figure 4 plots this relationship as a bin-scatter, showing average baseline per-capita
consumption levels for households by PMT scores (in bins of 5). There is a very strong, nearly
linear relationship between PMT scores and mean baseline consumption levels. This is true within
the set of households who have PMT scores — households with a PMT score from 0-5 have mean
consumption of about Rp. 590,000 per month, compared to Rp. 940,000 or more for those with
PMT scores 40 and above. Households who were not included in the PMT process (shown as PMT
= 100 on the graph) have even higher average consumption, averaging almost Rp. 1,200,000 per
capita.

Appendix Table 2 also analyzes the relationship between PMT scores and a number of
other variables, including some not included in the PMT formula (i.e. poverty rate, own-flat screen

television) and variables included in the PMT formula (e.g. low-quality wall, floor, or roof

14 A full pre-analysis plan can be found at https://www.socialscienceregistry.org/trials/4675. We pre-specified the
regression in (1), as well as pre-specified the separation by baseline PMT score <= 30 or not. The primary outcome
variables specified in the pre-analysis plan are total subsidy received, self-reported quality of rice, and food
insecurity indicators. The ‘populated analysis plan’ (Banerjee et al 2020) for the primary outcome variables can be
found in Appendix C.
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material, ownership of refrigerators). Households with low PMT scores appear poorer on both sets
of variables.

The PMT cutoff that we use is also strongly associated with program eligibility: the
households in the PMT <= 30 are substantially more likely to have been officially eligible for the
Rastra program in 2017 (75 percent eligible for those with PMT <= 30, compared to only 5.7
percent for those with PMT > 30), and to have received the Rastra program in 2018 (71 percent
for those with PMT <= 30, compared to only 33.4 percent for those with PMT > 30). Given these
results, we interpret the split based on household pre-period PMT score as indicative of both

official program eligibility and overall poverty levels.

B. Delivery of Assistance and Poverty

Who gets assistance, and how much?

We begin by showing the impacts on the receipt of subsidized assistance. First, we examine the
average monthly value of assistance that households receive from either the voucher or in-kind
program, in Rupiah, averaged over the 4 months prior to the survey.'> For BPNT, we take the
average reported receipt in Rupiah; if the monetary value is missing in the survey but quantities
are available, we take the amount of rice and eggs reported, multiplied by the market rate of the
item in each rural or urban area of a given island/island group.'® We value rice received in-kind at
the market rate in each rural or urban area of the given island group, measured from the SUSENAS
consumption module. Note that households who received nothing from either program are
included with a value of zero.

Figure 1, Panel A begins by showing the treatment effect on value of the total subsidy
received non-parametrically. We break the households into bins based on household pre-period
PMT scores (i.e. PMT scores 0-5, 6-10, and so on, with those who do not have PMT scores —
typically the wealthy — assigned the maximum score of 100).

Switching from an in-kind program to vouchers greatly increased the ability of the
government to target aid to eligible households. Poorer households, as measured by having lower

baseline PMT scores, experience substantial gains in the total amount of subsidy received. The

13 Note that 1 USD averaged Rp. 14,000 during the period of this study.
16 By island groups, we refer to the main regions of Indonesia, i.e. these units are even larger than provinces, and much
larger than the districts which are the unit of analysis here. The island groups we use in our data are Sumatra, Java,
Kalimantan, Sulawesi, Maluku, Papua, and Bali/Southeastern Indonesia.
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gains are most pronounced for those with PMT scores of 20 or below, which corresponds to the
bottom 18 percent of the population. Households in the middle of the distribution received about
the same amount of subsidy on average. By contrasts, households at the top — i.e. those without
PMT scores (shown as PMT = 100, which are largely households that local communities saw as
too wealthy to be measured as possibly poor), saw the amount of subsidy they receive fall
considerably.

Table 1 presents the regression results from estimating equation (1) for total subsidy,
shown for all households (column 1), households with PMT scores <= 30 (i.e. targeted
beneficiaries), and PMT score > 30 (i.e. those not targeted).!” The key result is that the voucher
program reallocated aid towards those with low PMT scores, i.e. the poorer, targeted group.!'®
Specifically, as shown in Column 2, targeted households received about 45 percent more in
subsidy in voucher districts (Rp 13,234 additional per month on average, compared to Rp. 29,200
per month in in-kind areas; p < 0.001). Conversely, the vouchers led to a reduction in subsidy
received for those above 30. Those with PMT scores > 30 already received substantially less in in-
kind areas — only Rp. 9,161 on average — and this fell by 28 percent in voucher areas (p = 0.001).
Overall, the mean amount received in in-kind areas across all households was slightly higher in
voucher areas, by about 9% (column 1, p=0.087)."

This change came about because households who received the transfer received
substantially more in voucher areas, i.e. the aid was substantially more concentrated to the poor in
voucher areas. On the one hand, Figure 1, Panel B shows that the probability of receiving any aid
is lower for all groups in voucher areas compared to in-kind areas, regardless of their PMT score.
This difference in the probability of receiving any aid is smallest for those with the smallest PMT

scores, but more substantial for those with PMT scores above 30. Table 1, columns 4-6, show the

17 Table 1 examines outcomes in the March 2019 SUSENAS. The September SUSENAS also included part of the new
social protection module. It was a smaller wave in terms of both sample size and included questions (e.g. the quality
question was not included). Perhaps more importantly, only 10 of our 43 treatment districts were randomized to be
treated by the time of the survey, and so we would expect to have less statistical power. Nonetheless, if we run our
analysis only in September (defining as treated the 10 districts randomly selected to be treated prior to September), or
in the pooled September and March data, we find very similar results. See Appendix Table 3 and 4.

18 QOur results are remarkably robust to specification choices, such as dropping the controls selected via LASSO
(Appendix Table 5), dropping the holdout sample (Appendix Table 6), or winsorizing the subsidy outcome (Appendix
Table 7)

19 This likely represents the fact that, due to fluctuations in the market price of rice, at the time of our survey the market
price of rice was only Rp. 9,700/kg nationwide, so 10kg of in-kind rice would be valued at Rp. 97,000, compared to
Rp. 110,000 for the voucher. We explore more systematically whether this result represents a reduction in leakage
from the program in Section D below, and find that most likely it does not.
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results in a regression format. The probability of receiving any assistance falls 16 percent (10.5
percentage points; p< 0.001) in voucher areas for those with PMT scores <= 30; for those with
PMT scores > 30, the probability of receiving assistance falls by 49 percent (14.5 percentage
points; p<0.001).2° Thus, while everyone across the income distribution has a lower probability of
receiving the voucher program than the in-kind program, the reductions were much more
pronounced for those that were not targeted.

On the other hand, those who do receive assistance receive substantially more in assistance
in voucher areas. Column 7 of Table 1 shows that, conditional on receiving assistance of some
form, recipients in voucher areas received 84 percent more in voucher areas than in in-kind areas
on average over the previous 4 months (Rp 30,957 more; p<0.001). In particular, conditional on
receiving anything, recipients in voucher areas are substantially more likely to receive the full
amount they are entitled to. This pattern can be seen in Figure 2, which plots histograms of the
average amount received in the 4 months prior to the survey in both in-kind and voucher districts.
Panel A in Figure 2 shows all respondents with PMT score <= 30; Panel B shows only respondents
with PMT score <= 30 who received some transfers. What is remarkable are the 4 regularly spaced
spikes in Panel B. These correspond to households who received the full Rp. 110,000 transfer in
the previous 4 months, 3 of the previous 4 months, and so on. By contrast, recipients in in-kind
areas not only tend to receive substantially less on average, but they also do not show the clear
bunching we see in the voucher areas. In fact, in February 2019, 97 % of BPNT recipients who
reported their transfer amount received the full Rp.110,000, compared to only 18% of Rastra
recipients who reported receiving the full 10kg. Similar patterns can be seen in Panel A, which
shows all respondents.

Combined, these results show a clear pattern. In in-kind districts, assistance is subdivided
into much smaller amounts, so that the typical beneficiary receives only about 1/3 of the intended
transfer size. The additional funds are used to give many more households assistance, despite the
fact that this is explicitly against the stated rules. In voucher areas, this practice is substantially

less prevalent. Somewhat fewer households receive assistance, but those that receive assistance

20 The fact that households with low PMT scores were slightly less likely to receive assistance under the voucher
program may be in part a consequence of the fact that the PMT lists we use here for analysis are not the exact final
lists used for program distribution. As described above, the Ministry of Social Affairs made some revisions to the
initial targeting lists we use here before sharing them with local governments, but we were unable to obtain this data.
It is possible then that some of the households we observe not receiving the program were in fact ineligible
households according to the final Ministry of Social Affairs list.
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receive substantially more, and usually the full amount they were entitled to. In short, the voucher
program exhibited dramatically higher fealty to program design, and as a result, transferred
substantially more to those in the lowest percentiles of PMT scores.

One potential concern with this analysis is that the PMT scores do not fully capture true
consumption, and that the re-targeting that communities are doing in the in-kind program is
towards poor households excluded by the PMT bin (Alatas et al 2012). To examine this issue,
Appendix Figure 5 graphs the subsidy received by per capita consumption percentile bins, rather
than PMT bins. Note that since this measure is contemporaneous consumption (unlike our PMT
data, which 1s measured several years prior), we subtract out the value of subsidy received from
either the in-kind or voucher programs prior to calculating this graph. Appendix Figure 5 shows
the same pattern as our main results — the voucher program increases the amount of subsidy
received by the poorest households — particularly so for those in the bottom decile, but also for
those in the 20" and 30™ percentiles, and does so by reducing the amount of subsidy received by
wealthier households, particularly those in the 65" — 90™ percentiles of the per-capita consumption
distribution.

To further probe this issue, we look within the voucher areas, and compare households who
did and did not receive the program. We find that households who receive the BPNT voucher are
substantially poorer than those who do not. Remarkably, this is true even controlling flexibly for
the PMT score — households who receive BPNT are about 19 percent poorer than households who
do not, even holding PMT scores constant. This suggests that, to the extent there are local
deviations from the raw PMT scores in allocating vouchers, they go in the direction of including
poorer households.?!

There are several important differences in the mechanisms through which the two programs
were administered that may explain these differences. First, there is an important difference in the
divisibility of what was given out to beneficiaries. In the in-kind program areas, sacks of rice were
brought to local government warehouses, where they were then packaged into individual sized

portions and delivered to beneficiaries. This manual process affords little ability for central

2! These results are shown in Appendix Table 8. Columns 1-3 present results with no controls, with district fixed
effects, and controlling for dummies for each fine PMT score level (i.e., a dummy for each integer of PMT scores,
ie. 1, 2, 3, etc). Columns 4-6 present the same results, but with raw per-capita consumption as measured at endline
(i.e. not making any adjustment for program receipt). Panel A considers the entire sample and Panel B restricts to
households with PMT scores < 30.
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government oversight. By contrast, the voucher program used individualized debit cards, with the
intended recipient’s name pre-printed on the card (see Appendix Figure 6). A debit card is not
easily subdivided — the number of cards was fixed, and each card received the full transfer each
month electronically, so local officials could not easily reallocate a part of their value to other
beneficiaries.

Second, the administration of the program was switched from government officials to
banks and bank agents. We collected data on the types of actors that were involved in the
distribution of both programs through a phone survey to district governments. The results, in
Appendix Table 9, show that that the distribution points for the in-kind program in 88% of districts
are government-run, while in 99% of districts, the voucher program distribution sites are private
bank agents.?? Private agents may be less sensitive to political pressures than government officials
to distribute aid to those other than non-beneficiaries. Moreover, the designation of private vendors
as agents was run as part of a bank’s remote-bank-agent program. Those programs are governed
by banking regulations that also regulates other debit cards, which require banks to verify that
debit cards are issued to the person who is listed on the account (i.e. know-your-customer rules),
and require bank agents to verify that this person is indeed the person redeeming the card. The
move from a program administered directly by local governments, to a program effectively
administered by banks, may be a second reason for increased fidelity to distribution rules. It is
worth noting that the involvement of banks in issuing and managing debit cards is not unique to
Indonesia; JP Morgan Chase, for example, issues and manages SNAP electronic benefit debit cards
for US food assistance in 24 states, while other private debit card issuers manage them in all other

states.?

Quality and targeting
In addition to how much assistance people received, there is also a question of the quality
assistance people received. The poor quality of rice under the in-kind program was a frequent

complaint about the Raskin program, as well as other government-delivered programs more

22 Unfortunately, the SUSENAS did not ask recipients for the food subsidy program where they received their rice
(due to the fact that it was all being distributed through the government). However, the results for location of where
voucher recipients redeemed the voucher for food is confirmed in the SUSENAS data, where only 11 percent of
BPNT recipients stated that they received it at the government offices.

23 Data as of 20132; see http://www.g-a-i.org/wp-content/uploads/2012/10/GAI-Report-ProfitsfromPoverty-
FINAL.pdf
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broadly (Jacoby, 1997). Even though most rice consumed in developed economies like the United
States is of high quality, in Indonesia, rice has many quality grades, and lower-quality rice often
contains small stones, is off-color, has broken kernels, or smells bad, all of which are complaints
that have surfaced about the Raskin program (Banerjee et al, 2019).

The SUSENAS household survey module asked respondents about the quality of rice
received, on a 3-point Likert scale, which we transformed to percentiles between 0 and 1. The
question was asked identically for both the in-kind and voucher program recipients. On this scale,
column 8 in Table 1 shows that households rated the voucher rice substantially higher quality, by
about 37 percent. This suggests that the quality-adjusted amount of subsidy received by targeted
beneficiaries in voucher areas is even higher than the 45 percent increase discussed above. Putting
a monetary value on this quality improvement is challenging, but a back-of-the-envelope
calculation suggests that the quality-adjusted values of subsidy received by targeted households in
voucher areas may have further increased the amount of the transfer received by about 20 percent.?*

The quality improvements in the voucher program are likely related to the fact that sourcing
of the rice was more flexible. In the in-kind program, all rice was sourced and distributed by
BULOG, the government logistics agency. By contrast, in the voucher program, agents were able
to source rice where they see fit — which resulted in a very different sourcing pattern. Specifically,
a survey of agents conducted by the World Bank found that in the voucher program, 7.2 percent
of agents reported sourcing their rice only from the government (BULOG), 27 percent report a
mix of BULOG and the private market, and 65 percent reporting sourcing it entirely from the
private market.

The improvement in the quality of the assistance makes the improved targeting even more
remarkable. A common argument in favor of providing lower-quality food assistance is that the
low quality serves as a screening device, so that it can be better targeted to the poor (Nichols and

Zeckhauser, 1982; Besley and Kanbur, 1988). What is remarkable here, however, is that targeting

24 To compute the quality adjusted price, we take the point estimate from the subsidized rice quality results and
transform this into a z-score. That is, the quality improvements in Table 1 translate to an increase of 0.71 standard
deviations on the quality measure. We then calculate the rice price distribution paid by residents within each district-
urban area, which may capture heterogeneity in rice quality. Finally, we assign a monetary value of the quality
improvements equal to that number of standard deviations of the rice price (i.e. if the standard deviation of rice price
is Rp. 1,000/kg, and the quality measure in Table 1 represents 0.25 standard deviations, we would assign a price
equivalent of Rp. 250/kg). On average, this suggests that the quality improvements in Table 1 would be would be
worth an additional Rp. 1060 per kg. Appendix Table 10 shows that, when we used a quality-adjusted price
compared to a fixed price, the benefits of the voucher program for households with PMT <= 30 are about 20 percent
higher.
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improved despite the food being substantially higher quality. In this case, the improved
administrative process of the voucher program swamped whatever targeting benefits may have

been accruing from lower-quality in-kind rice.

Impacts on Poverty
The previous analysis showed that the vouchers channeled additional resources to the poorest
households, we next ask whether this effect was large enough to affect household poverty rates.

To examine this, for each household, we compute whether they are below the official
Government of Indonesia poverty line, which is set separately for rural and urban households in
each province. Since richer households are largely above the poverty line to begin with, one might
expect stronger results for those households who have lower PMT scores.

We therefore begin in Figure 3 by presenting the results non-parametrically, using the same
bin-scatters as above. As discussed before, baseline PMT score is strongly predictive of poverty
status, in both voucher and in-kind areas. About 27 percent of households with PMT scores 0-5
are below the poverty line in in-kind areas. This falls to 21 percent for households with PMT scores
5-10, about 16 percent for households in the next few PMT bins, and further at higher levels.

Figure 3 shows substantial reductions in poverty associated with the move from the in-kind
program to the voucher program. This is particularly apparent for the poorest households — poverty
rates fall by about 6.5 percentage points for households in the poorest group (baseline PMT score
0-5), and about 4 percentage points for households in the next-poorest group (baseline PMT score
5-10). This occurs both because more of these households were close to the poverty line to begin
with, and also because — as shown above — the impact of the transfer was the largest for these
groups.?

Table 2 shows the results for poverty in regression form. We show results for the full
sample (column 1), for households with PMT scores <= 30 at baseline (column 2), and for
households with PMT scores > 30 at baseline (column 3). In the remaining columns, we zoom in

further on the poor, restricting to households with PMT <= 25, <= 25, and so on.

25 Appendix Tables 11 and 12 further break down the impact on total subsidy received and rice quality by subgroup
as we zoom in on poorer households, as defined by baseline PMT status. As shown in Appendix Table 11,
Households with PMT scores 0-5 saw their mean subsidy increase by Rp. 19400 in voucher areas compared to
control (p<0.001), compared to Rp 13,324 for the entire group with PMT <= 30.
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The results confirm substantial reductions in poverty for those households with low PMT
scores. For the full sample of all households with PMT scores <= 30 at baseline, the share in
poverty in voucher areas fell by 12.7 percent (2.3 percentage point reduction from 18 percent in
in-kind areas, p = 0.134; column 2). As we focus our attention on households with lower PMT
scores, we see (as expected) higher poverty rates in the in-kind areas, and substantially larger
reductions in poverty in the voucher areas. For example, for households with PMT scores <= 10
at baseline — which approximately corresponds to the bottom 10 percent of the population (similar
to the overall poverty rate in the entire sample), we find a reduction in poverty of 22 percent (5.2
percentage point reduction from a mean of 23.7 percent in voucher areas, p=0.02). For the very
poorest — those with PMT scores 0-5 at baseline, we see a 24 percent reduction in the share of
households in poverty (6.5 percentage points, p=0.012).2° Appendix Table 15 shows similar
patterns in the voucher program for both the poverty gap and the squared poverty gap.

In combination, the results here suggest that the improved targeting of assistance in the
voucher program had a substantial impact: substantially more assistance to targeted households,
particularly for the very poor, which in turn led to a substantial reduction in the share of these

households below the poverty line.

B. Consumption choices

We now turn to understanding how the move from in-kind subsidies to vouchers affected the

patterns of consumption choices. Recall that the in-kind subsidy program only provided rice, where

the voucher program allowed for more flexibility by allowing households to also purchase eggs.

The government made this change as it wanted to encourage protein consumption in addition to

starches. Does this increased flexibility translate into changes in the patterns of consumption?
Before we turn to the experimental results, we first examine consumption patterns in the

in-kind areas. Theory would predict that if households are already consuming more rice than they

26 Since poverty is measured by per-capita consumption being below the relevant poverty line, these results are,
mechanically, coming from increases in consumption for households near the poverty line. We also examine
changes in mean consumption levels for each of these groups in Appendix Table 13, both in logs (Panel A) and
levels (Panel B). While we do not see any changes in mean consumption level for either the entire PMT <= 30 or
PMT > 30 samples, we do see increases in consumption when we zoom in on the poorest households. Households
with PMT <= 10 have 3.8 percent higher mean per-capita consumption (p=0.104); households with PMT < 5 have
5.4 percent higher mean per-capita consumption (p=0.034). We find qualitatively similar results examining changes
in CRRA consumption (assuming a coefficient of relative risk-aversion of 3), see Appendix Table 13 Panel C. We
find no observable impact on the food insecurity index (Appendix Table 14).
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would receive in the transfer, this would imply they were unconstrained by the fact that the in-kind
transfer was limited to rice. As such, one would expect that the switch from the in-kind transfer to
the more flexible voucher (where they can also choose to purchase eggs) would not affect
consumption patterns. That is, under a standard consumption model, if a household was consuming
more than 10kg of rice per month, it was doing so not because of the in-kind transfer of 10kg rice
per month, but because it’s optimal consumption of rice was above 10kg. As such, one would
expect households to consume the same consumption bundle regardless of whether they received
the transfers of rice in-kind of the more flexible vouchers.

Figure 4, Panel A plots out rice consumption in the in-kind areas, and shows that almost
everyone is consuming more than 10 kgs of rice. Examining households with PMT score below
than 30, we find similar patterns; in fact, only 3.3% of these households consume less than 10kgs
of rice. Moreover, in practice the in-kind program did not distribute 10kg to beneficiaries — as
discussed above, the typical beneficiary received only 3.9 kg of rice — and over 99 percent of
households with PMT scores < 30 consumed more than this amount of rice. These patterns are
similar among the poorest of the poor: for example, among households with PMT score of less
than 5, we find that households consume about 35kgs of rice on average (Appendix Table 16).
Thus, we would expect that the switch from in-kind to more flexible vouchers would not
mechanically affect consumption patterns, as virtually all households are unconstrained even under
the in-kind program.

Turning to our experimental results, we examine the effect of the conversion to the voucher
program on both consumption of both subsidized rice and eggs (Table 3, Panel A), and total
consumption of rice and eggs (Table 3, Panel B). Note that the total consumption measures come
from a completely separate module in the SUSENAS which ask about consumption of the food
product in question (as well as over 200 other consumption items) over the previous week from
all sources. Meanwhile, information on the subsidized consumption come from questions about
the Rastra and BPNT programs specifically. For eggs, we report the total egg protein consumption
in grams, which is the Indonesian government’s aggregated estimate totaling all different types of
eggs consumed (e.g. farmed chicken eggs, free-range chicken eggs, duck eggs, quail eggs).

Looking first at the bundle of subsidized food households receive, we see no change in
consumption of subsidized rice, either all households (Panel A, column 1) or those with PMT

below 30 (Panel A, Column 2). We do, however, observe that targeted voucher households
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consume more of their subsidy in the form of eggs. This is, of course, virtually zero in in-kind
areas, but increases to about 33 grams per month of eggs protein for households with PMT scores
<=30(p<0.001), and by a much smaller amount but still positive for households with PMT scores
> 30.

The key question is what happens to the patterns of tofal consumption, which we explore
in Panel B. We find no impact on total rice consumption for either of these samples.?’” However,
we do observe that eligible voucher households consume more total egg protein. Specifically, for
households with PMT scores <= 30, we observe an increase in total egg protein of about 4.3 percent
(9.3 grams, p-value 0.10). Combined with the estimates in Panel A, this implies that about 28
percent of the increase in subsidized egg protein consumed represented an increase in net
consumption.

Appendix Table 17 replicates the egg consumption results, by different cuts of the PMT
score, i.e. different poverty levels. Total egg protein consumption increases the most for poor; for
example those with PMT score below 10 experience a 8.3 percent increase (p= 0.056) while those
with PMT score below 5% experience a 11.51 percent (p = 0.035). The ‘stickiness’ of the transfer
increases as we look at poorer households — for households with PMT <= 10, the change in total
egg consumption is about 45 percent of the change in subsidized egg protein. For the very poorest
households — those with PMT < 5 — fully 59 percent of the increase in subsidized egg protein
represents a change in net consumption. These results imply that flexibility with the vouchers --
combined with the labelling for eggs -- may substantially affect real consumption decisions.

An important question is whether the change in egg consumption represents an income
effect for the set of households who received the larger subsidy, as opposed to some specific
‘stickiness’ coming from the set of goods included in the voucher. To examine this, we explore
consumption of a variety other food items, as well as “temptation goods” such as cigarette and
alcohol (Appendix Table 18). We do not observe systematic increases in other food consumption
(p-value of the joint test=0.232); if anything, there is a small reduction in salt consumption. We
find no observable change in cigarette consumption nor alcohol consumption. This suggests the

results we find on egg consumption really are coming from the fact that eggs, and only eggs, were

27 Appendix Table 16 replicates the rice consumption results by different cuts of PMT score, i.e. different poverty
scores. We find no observable difference in rice consumption even in the poorest groups (i.e. PMT score less than 10
or less than 5).
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added to the set of goods that the transfer could be used on, rather than a more general income

effect.

C. Prices

One benefit of this unique policy experiment is that given that the unit of randomization was at a
high geographic level — districts, with an average population of about 500,000 — we can measure
the general equilibrium effects of the switch to vouchers on overall prices in the district. Table 4
presents these results. We obtain rice prices from the SUSENAS consumption module; we focus
on prices reported by households not in the UDB and thus not eligible for the subsidy programs.

In column 1, we begin by looking at the overall impact of the voucher program on the price
of rice. Standard price theory predicts that reducing the subsidized rice supply and instead
increasing demand for private rice in shops could increase the price of rice more broadly, though
of course the magnitude of this would depend on the elasticity of supply of ice. While the
coefficient is indeed positive, it is small in magnitude and not significant (p-value of 0.296).

We, then turn to three forms of heterogeneity as laid out by theory. First, theory would
predict that the price effect would be smaller in rice producing districts, i.e. areas that had a large
supply of locally available rice; as shown in Column 2, however, we find no observable differential
effect of the voucher program based on rice production. Second, theory may predict that areas
where there the subsidized rice consumption is a large share of total rice consumed in the district,
prices may adjust more. However, in column 3, we find no observable differential effect of
treatment in districts with a larger share of baseline subsidized rice.?®

Finally, theory would predict that areas that are more remote may have larger price
adjustments, as they are more isolated markets and households have less options available to them
to purchase products. We explore three measures of village level remoteness: whether your village
has access to an asphalt road in Column 4, whether the road is always passable in Column 5,
whether your village is above median in the distribution of time to the district capital in Column
6, and whether your village is above median in the distribution of time to subdistrict capital in

Column 7. While the signs of the coefficients go in the predicted directions, we do not observe

28 We also examine these heterogeneity measures using alternative specifications, either examining continuous
measures (Appendix Table 19) or whether the area falls above the 75" percentile (Appendix Table 20). We observe
similar conclusions.
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impact (the p-value joint test across all four distance measures * treatment is 0.691).2% One possible
reason why we do not observe substantial price effects here (in contrast to Cunha et al (2019)) 1s
that rice markets in Indonesia are reasonably well integrated, leading to elastic supply of rice at

the local level.

D. Leakage and Administrative Program Costs

Finally, we explore the impact of the program on both leakage rates and the administrative
costs of running the program.

A key criticism of the administration of in-kind programs is that complexity of the food
distribution makes it hard to monitor, and so much of the food can “fall of the truck” (Banerjee, et
al 2018). In Table 5, we examine whether the vouchers reduced such leakage, by comparing the
actual subsidy received by households as measured by the SUSENAS survey with the intended
subsidy for each district.

We compute the fraction of subsidy received by households in three ways. In column 1,
we calculate subsidy as the sum of reported in-kind and voucher values received. In column 2, we
compute value the voucher subsidy based on the amount of eggs or rice purchased times the market
price of rice or eggs. If local agents were inflating prices charged, so that voucher households were
receiving less ‘real’ assistance than the nominal amount of subsidy would suggest, this would not
be counted as leakage in column 1, but would show up as a form of leakage in column 2. We do
this in case the prices paid at local agents are inflated. Finally, in column 3, we adjust the market
price of rice in BPNT to reflect the higher quality rice bought to allow for quality weighted
comparisons.**

In all cases, we compare this to the value of the intended subsidy received. We compute
intended subsidy for the in-kind districts by multiplying the official number of targeted
beneficiaries by 10kg of rice and then by the official procurement price of the Rastra Rice. To
compute the comparable measure for the voucher districts, we multiplied the number of official

targeted beneficiaries by the Rp 110,000 payment.

2% As Appendix Table 20 shows, we observe a positive and significant effect if your village falls above the 75"
percentile of the distribution of time to district capital (p-value of 0.029), suggesting that there may be some effect
on price in areas that are further isolated.

39 To compute the quality adjusted price, we take the point estimate from the subsidized rice quality results and
transform this into a z-score. Then we take the same z-score in the rice price distribution of each district-urban area.
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Overall leakage by this measure is high, but since it is possible that the level of this metric
is affected by aggregate reporting issues (Olken 2007), what is more relevant is whether this
leakage metric changes in response to the switch, holding measurement constant. We find that it
does not. As shown in Column 1, only about 59 percent of the overall intended subsidy reaches
targeted households, and the conversion to the voucher program has no impact on the intended
subsidy. If anything, as shown in Column 2, allowing prices to adjust by area, the voucher program
led to a decrease in total subsidy received, significant at the 5 percent level. Finally, adjusting for
quality of rice received, we also observed negative, but insignificant impacts of the conversion on
leakages.>!

We also examine the impact of the switch of from in-kind transfers to vouchers on the
administrative costs of running the program. We start by estimating the program costs for delivery
of in-kind benefits. We obtain the operating costs for the in-kind program from BULOG’s annual
report. Note, however, the that national government only facilitates delivery to the district or
subdistrict capital, and local governments are required to cover the costs of their own pick-up and
delivery; we obtain an estimate of these costs through a survey of the distributers (Banerjee, et al,
2019). These costs are summarized in Appendix Table 22. On net, the administrative program
costs for the in-kind delivery are about 4.1 percent of the total benefits.

The administrative costs of the voucher program are much less than the in-kind program.
There are two main costs. First, there is a cost of printing the debit card (Rp. 12,500 per person),
which we assume lasts three years since targeting is conducted every three years. Second, there is
the monthly rental cost of the EDC machines for the agents. Assuming that the agents only process
vouchers —and did not use the machines for other financial transactions—Appendix Table 22
shows that the total administrative costs would be 2.16 percent of the benefits dispersed, or about
half the size of the administrative costs incurred for in-kind benefits. Note, however, that a large
fraction of the agents existed prior to the voucher program, and paid rent on the machines for other
transitions, and so the marginal cost for them of processing the vouchers is minimal; in fact,
Banerjee et al (2020) experimentally shows that about 77 percent of agents already existed prior

to the program. Under the assumption that all existing agents would have had the machines in any

31Tt is possible that overall leakages could fall in districts that were better prepared to convert from in-kind to vouchers
(e.g. had a more established agent network, etc). In Appendix Table 21, we therefore estimate the effect of treatment
on leakages by whether the district scored higher or lower on the baseline readiness index. We do not find observable
evidence of heterogeneity by baseline readiness.
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case, but all new agents use the machines only for the voucher program, the administrative costs
would be 0.74 percent of the benefits disbursed or about 18 percent of administrative costs for the

in-kind benefits.

V. Conclusion

In this paper, we examine the results from an at-scale experiment to study the switch from an in-
kind social assistance program to a similar electronic voucher-based program. We find that, while
the programs are broadly similar, they led to dramatically different differences in outcomes
through the way the programs were administered in practice. Specifically, households with low
baseline predicted poverty scores — i.e. those households who were the intended beneficiaries of
both programs — received 45 percent more assistance in voucher areas compared to in-kind areas.
By contrast, benefits in the in-kind program were diffused much more broadly throughout the
population.

The voucher program’s substantially higher concentration of benefits among the poor led
to a reduction in poverty. For those households in the bottom 15 percent at baseline, the poverty
rate fell by 20 percent. This occurred despite the fact that the administrative costs of operating the
voucher-based program were less than half that of the in-kind program.

We also find evidence that the flexibility of the voucher program led to an increase in
consumption of egg-based proteins. This occurred despite the fact that households in the in-kind
program were unconstrained; that is, since virtually all households consume more rice anyway
than they receive in the program, basic price-theory suggests that these households could have
used the transfer amounts for rice and substituted other purchases towards eggs had they chosen
to do so. The fact that the vouchers allowed only rice and eggs, and it was specifically egg protein
consumption that increased, suggests that there is ‘stickiness’ in the consumption bundles allowed
in the voucher program. This type of stickiness is reminiscent of the findings of Hastings and
Shapiro 2018, who find the related result that the overall marginal propensity to spend SNAP
benefits on food is higher than the marginal propensity to spend cash transfers on food. We find
no changes in aggregate prices or in leakage.

On net, the results here suggest an important additional dimension for how to think about
vouchers vs. in-kind programs. While the economics literature has focused primarily on outcomes

grounded in price-theory — such as changes in the consumption bundle caused by either the
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mechanical budget constraint or mental accounting, or aggregate price changes— our results here
suggest that the differences in how these programs are administered may be a far more important
determinant of their relative effectiveness, at least in settings with imperfect administrative

capacity.
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1 Tables and Figures

Figure 1: Relationship between PMT Score and Subsidy Received
Panel A: Total Subsidy (1000s rp)
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Note: These figures graph the relationship between a household’s PMT score and, respectively,
their total subsidy received (Panel A) and an indicator variable for received subsidy (Panel B), by
treatment. PMT scores are binned in groups of 5, with those who have no PMT score grouped
with those with a score of 100. Markers are scaled by the number of households in each bin. Data
on outcomes are from the Match 2019 SUSENAS, while PMT data are from the Unified Targeting
Data Base.
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Figure 3: Concentration of BPNT Subsidy

Panel A: Households with PMT score <= 30
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Note: These figures graph the distribution of subsidy received, by treatment and PMT score cutoff.
The data are from March 2019 SUSENAS. The sample size in Panel A is 16,316, while it is 9,850
in Panel B.
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Figure 4: Relationship Between PMT Score and Poverty Status
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Note: This graph provides the relationship between whether the household is below the poverty
line and PMT score, by treatment status. PMT scores are binned in groups of 5, with those who
have no PMT score grouped with those with a score of 100. Markers are scaled by the number of
households in each bin. Data on outcomes are from the Match 2019 SUSENAS, while PMT data
are from the Unified Targeting Data Base.
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Figure 5: Total Monthly Rice Consumption (kg)

Panel A: All households in in-kind areas
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Note: This figure graphs the distribution of total rice consumed in kilograms in the
in-kind districts for all households (Panel A) and those who have a PMT score that
is below or equal to 30. The data are from March 2019 SUSENAS. The sample size
in Panel A is 39,612, while it is 9,763 in Panel B.
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Table 4: Experimental Difference between Voucher and In-kind Districts on Price

Measures of Isolation

Above Med. Above Med.
Main Effect Above Med.  Above Med. Asphalt  Road Always Time to Time to
Only Rice Area  Supply Shock Road Passable District Capital Subdistrict Capital
(1) (2) (3) (4) (5) (6) (7)
Voucher 140.536 47.892 77.643 162.536 207.561 58.970 157.657
(135.230) (209.150) (180.112) (118.115) (136.254) (150.040) (138.702)
[0.296] [0.816] [0.673] [0.184] [0.121] [0.689] [0.268]
Voucher x [Variable] 342.196 180.141 -114.831 -121.072 155.648 54.750
(276.173) (267.890) (166.264) (103.486) (119.427) (80.871)
[0.250] [0.541] [0.537] [0.242] [0.226] [0.546]
Observations 32343 31185 32343 32343 32343 32334 32334
Stratum FE Yes Yes Yes Yes Yes Yes Yes
Main Effect Included Yes Yes Yes Yes Yes Yes Yes
Double Lasso Yes Yes Yes Yes Yes Yes Yes
DV Mean (Control) 9478.508 9458.047 9478.508 9478.508 9478.508 9478.508 9478.508
[Variable] Mean 0.406 0.540 0.270 0.531 0.489 0.466

Note: This table examines the impact of the vouchers on market rice prices. Data are from the March 2019 SUSENAS, taken from
households that are not in the Unified Data Base. Measures of isolation data come from the 2018 PODES. Data on rice cultivation area
per capita come from the 2003 Agricultural Census. Rice Area per capita is calculated as the total area under rice cultivation in the district
divided by the population. Above median supply shock indicates whether the district has above median subsidized rice as a fraction of
total rice consumption in the district. Asphalt road indicates whether the roads leading to the main population center in the village are
paved. Road always passable indicates whether these roads are passable the whole year. Above median time to district capital indicates
whether the village’s distance to the nearest district capital is above the median. Above median time to subdistrict capital indicates the
same, but for the nearest subdistrict capital. Standard errors are clustered at the district (kabupaten) level and displayed in parentheses.
Randomization inference p-values are from 1,000 permutations of the treatment assignments. The randomized inference p-value for the
joint test for the supply variables (columns 2 and 3) is 0.587; The randomized inference p-value for the joint test for the distance variables
(columns 4 to 7) is 0.691.



Table 5: Experimental Difference between Voucher and In-kind Districts on
Leakage

Subsidy Received Subsidy Received
Subsidy Received / (Market Prices) / (Quality-Adjusted) /
Intended Subsidy  Intended Subsidy Intended Subsidy

(1) (2) 3)

Voucher -0.020 -0.059 -0.032
(0.031) (0.029) (0.032)
[0.533] [0.055] [0.351]
Observations 105 105 105
Stratum FE Yes Yes Yes
Double Lasso Yes Yes Yes
DV Mean (Control) 0.587 0.586 0.587

Note: In this table, we examine the subsidy received relative to the intended subsidy
to disburse, by treatment status. The data come from the March 2019 SUSENAS and
from administrative data. To compute the intended subsidy in an in-kind district, we
multiple the number of beneficiaries in the district by the 10kg rice disbursement and the
official procurement price of Rastra rice; in the voucher districts, we multiple the BPNT
beneficiaries in the district by the disbursement amount (Rph 110,000). We calculate
subsidy received in three ways: in Column 1, it is the sum of the value of any program
received; in Column 2, we adjust the voucher disbursement by the market price of rice
in the area; in Column 3, we adjust the voucher disbursement by the market price of
rice of higher quality rice. We used a double LASSO to choose the control variables (all
potential variables in the lasso are listed in Appendix B). Standard errors are clustered
at the district (kabupaten) level and displayed in parentheses. Randomization inference
p-values are from 1,000 permutations of the treatment assignments.
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Appendix

Appendix Figure 1: Randomization Design

Sample
105 Districts
3.4 million beneficiary HH
53 million total population
Voucher In-Kind
42 Districts 63 Districts
1.2 million beneficiary HH 2.3 million beneficiary HH
19 million total population 34 total population
Phase I Phase II Phase III
10 Districts 18 Districts 14 Districts
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Appendix Figure 2: Map of Experimental Districts
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Appendix Figure 3: Timeline

Phase II treated

Oct. 2018
Phase 111 First control
Phase I treated treated areas treated
May 2018 Now. 2018 June 2019
| | | | 1 | >
| | | | | |
Baseline SUSENAS SUSENAS
SUSENAS Sept. 2018 March 2019

March 2018



Appendix Figure 4: Relationship between PMT score at Baseline and Per Capita Con-
sumption

1200 -

1000 -

800~ @

Monthly Per-Capita Consumption (1000s rp)
L]

0 20 40 80 80 100

PMT Score Bin (Bin Size = 5)

Note: This graph provides the relationship between per capita consumption in 1000s of Rph and
PMT score at baseline. PMT scores are binned in groups of 5, with those who have no PMT
score are grouped with those with a score of 100. Markers scaled by number of households in each
bin. Data on outcomes are from the Match 2018 SUSENAS, while PMT data are from the Unified
Targeting Data Base.
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Appendix Figure 5: Relationship between Percentile of Consumption and Subsidy Re-
ceived

Panel A: Total Subsidy (1000s rp)

40-
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Panel B: Subsidy Receipt
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. » In-Kind
=
@ o~
c e @
= o)
.‘é" o @ ® 9
7] 5]
® 40- ® ® e —
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Ecl'l:) e e Q @
2 °
) @ g @
§ 20- e ®
o ® 2 @ ° ®

@
® 9
8] ® o
0- o
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Notes: This figure replicates Figure 1, plotting bins of per-capita consumption on the x-axis instead
of bins of PMT score. Data are from the March 2019 SUSENAS. See Figure 1 for details.
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Appendix Figure 6: Picture of BPNT Card

46



Appendix Table 1: Baseline Balance Check

Variable Control Mean Treated Mean
(1) (2)

Difference

3)

Log Monthly Per-Capita Consumption 13.658 13.678

Daily Per-Capita Calorie Consumption 2265.816 2275.096

Receive Rastra 0.410 0.330

HH Has 5.5kg LPG Gas 0.095 0.117

HH Owns Refrigerator 0.552 0.570

HH Has Air Conditioning 0.048 0.051

HH Has Landline 0.006 0.009

HH Owns Computer 0.148 0.162

HH Owns Car 0.095 0.111

HH Owns Flatscreen TV 0.093 0.104

HH Owns Land 0.791 0.747

0.007
(0.040)
[0.845)]

“15.246
(31.605)
[0.631]

-0.044
(0.026)
[0.144]

0.036
(0.016)
[0.038]

0.018
(0.024)
[0.515]

0.003
(0.008)
[0.702]

0.003
(0.002)
[0.210]

0.013
(0.011)
[0.271]

0.008
(0.008)
[0.284]

0.010
(0.010)
0.277]

-0.035
(0.028)
0.125]

N 105 105
F-statistic of joint orthogonality test

Conventional p-value

Randomization inference p-value

105
1.426
0.178
0.384

Note: This table provides a baseline balance check. All data come from the March 2018
SUSENAS, with district-level means computed using SUSENAS household weights. In
Column 3, we compute the difference in means conditional on strata fixed effects. Robust
standard errors are in parentheses. Randomization inference p-values—in brackets—are

from 1,000 permutations of the treatment assignments.
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Appendix Table 2: Baseline Summary Statistics, by PMT score group

p-value of
Variable PMT <=30 PMT > 30 difference
(1) (2) (3)
Per Capita Consumption (rp 1000s) 689.613 1116.125 0.000
(459.172) (872.613)

Poor Wall Material 0.150 0.070 0.000
(0.357) (0.255)

Poor Floor Material 0.736 0.519 0.000
(0.441) (0.500)

Poor Roof Material 0.029 0.019 0.000
(0.168) (0.137)

Own Flat-Screen TV 0.024 0.116 0.000
(0.152) (0.320)

Own Computer 0.036 0.178 0.000
(0.187) (0.383)

Own Refrigerator 0.321 0.594 0.000
(0.467) (0.491)

HH Head Higest Education Level is Post-Secondary 0.010 0.085 0.000
(0.098) (0.280)

HH Head Highest Education Level is High School 0.099 0.250 0.000
(0.298) (0.433)

HH Head Highest Education Level is Junior High 0.145 0.169 0.000
(0.352) (0.375)

HH Head Highest Education Level is Primary 0.647 0.446 0.000
(0.478) (0.497)

HH Head Does Not Have Primary School Education 0.100 0.050 0.000
(0.300) (0.218)

# HH Members 4.197 3.729 0.000
(1.726) (1.617)

# Children in HH 1.506 1.217 0.000
(1.202) (1.095)

Below Poverty Line 0.195 0.066 0.000
(0.396) (0.249)

HH Receives Rastra (Self-Report) 0.714 0.334 0.000
(0.452) (0.472)

HH Eligible for Rastra in 2017 (UDB) 0.754 0.057 0.000
(0.431) (0.232)

N 16348 48381

Note: Standard deviations in parentheses. Data come from the March 2018 SUSENAS, with the
exception of the official indicator for whether the household is eligible for Raskin in 2017 that
comes from the Unified Data Base. All means and standard deviations for SUSENAS variables
are calculated using the SUSENAS household weights.

48



'S[1ejop 10§ T O], 99 "'SYNHASNS 810¢ oquerdog oyy 10§ T o[qe], seyeordor o[qes ST, 210

THT°860TH 7620 9220 907°0  €9ZF8Z0T  869'89SFE  L0GL6S9T  ([omuop) wes|y AQ
SOA Sox SOA sox Sox SOA Sox osserT o[qno(g
SOx SOx SOA SOx Sox Sox Sox 4 wnjeilg
G9LS 96231 666 cEVIT v62T1 866¢ 8THIT SUOTYRAI0Sq ()

[000°0] [000°0] [000°0] [000°0] [050°0] [200°0] [z€20]
(791°8.8¢) (620°0) (¢€0°0) (0e0'0)  (P9z°0801)  (0€8°2¢01e)  (061°92ST)
06€"STVSE 6€1°0- IGT°0- TCT'0-  9€€68L3- PSS ITEET €69°¢Y91 IOYONOA
(2) (9) (9) (¥) (€) (¢) (1)
v 0 < LINd 0¢=>LNd 1V 08¢ <ILINd 0¢=>LINd v

(dx) Ap1sqng ApISqng aA1929Y (d1) Aprsqng reiog,

1e101,

ATuQ syuordoy

810¢ Ioqureydag 10 T 9[qE], jo uonedrday :¢ a[qe], xipueddy

49



'S[1e3op 10§ T ORI, 99§ 'SYNHASNS 6102 UPIRIN pue 8107 1oqueydeg oy Surjood ‘T o[qe], soyeot[dor 9[qey SIYL, 920N

706°66£6€ 7620 g0L°0 1070 181286 STG'61ECE  986°60L8T  ([013u0)) wea]y AQ
Sox SOA Sox SOA SOA Sox Sox osserT 9[qno(g
SOx SOx Sox Sox Sox Sox Sox . wnjeig
0Z1S% 29819 82£0% 87638 098T9 ¢ze0z T6T8 SUOTYRAIOS( ()
[000°0] [000°0] [000°0] [000°0] [200°0] [000°0] (920°0]
(967°020¢) (020°0) (020°0) (610°0)  (g60'1¢9)  (216°2€9LT)  (POSLT9)
T087T61E P10 901°0~ 9eT°0-  T86'€6CG-  GLZ'SSLET  €EL96TT IOYONOA
(2) (9) (¢) (¥) (€) (c) (1)
nv 06 < IINd 0¢=>IWNd IV 0¢<IWNd 0¢=>1LNd v
(d1) Aprsqng ApISqNG 9ATE9Y (d1) Aprsqng reiog,
1e107,

ATuQ syuardooy

SVNASNS Polood 10} T o[qe], jo uorjesrdey :¥ o[qel, Xipueddy

50



‘S[rejop [BUOINIPPE I0] T S[QEB], 99G 'ON[eA SUI[eSB( T} I0J [9A9] [BINI-UBRGIN JOLIISIP Y} Je o[qelIea juspusdep oY) Jo aSelase
9T[} SN oM ‘T0T4098-SS0ID pajyeadal © ST SYNHSNS oY% SV "SVNHSNS 8T0Z YOIBN 913} WoIj a[qeLrea juapuadap a1} Jo aureseq oY)
pUR $900J0 PoXT BJRI)S 9} OPNOUI A[UO A\ "SO[(RLIBA [OIJU0D USSOYD ()SSVY'T Y3 IMoyym T o[qe], sejeoridal a[qe) SIU], 210N

0£9°0 031°8169€ €62°0 699°0 €680  LTL'T9T6 Cec0026c  FIE9GHPT  ([o1puoD) wes]y A
ON ON ON ON ON ON ON ON osserT 9a[qno(g
SOA SOA SOA SOX SOX Sox SOX SOX Ad 8T0% "IRIN
SOX Sox SOX Sox SOX Sox SOX Sox . wnjeg

09261 GGEGT 99G6¥ 62€9T 96799 99G6¥ LT€9T 76799 SUOTYRATIS( ()

[000°0] [000°0] [000°0] [100°0] [000°0] [000°0] [000°0] ler1°0]

(0z0'0)  (608°6L7€) (220°0) (L20°0) (¢eo'0)  (L£0°€T19) (GLc99L1)  (8e8ThL)

V€20 632 CEVSE 6710~ €01°0- LTT0-  9LG'G6TE- TVETERET LT 0SET I9TONOA
(8) (L) (9) (5) §2) (€) (2) (1)

v v 0¢ < IINd 0¢=>IINd TV 0 <IWNd 0¢=>TINd v
Lypendy  (da) Lprsqng ApIsqng 91000y (dx) £prsqng reso,
001y [ej07,

ATu( squardooy

s[qerieA juapuado(] aulEseq oY} pue {4 elells ol A[uo Suipnpoul ‘1 a[qe], jJo uorjeorday :G a[qe], xipuaddy

o1



‘S[rejep [euoIyIppe 10j T o[qe], 990G ‘ordures [,NOTOH 2y} Surddoip 1 o[qe], sereordal a[qe) SIYJ, 270N

629°0 07C 16V9¢€ 00£°0 1.9°0 0070  TEL'LET6 766'8906  986'€9GPT  ([013u0D) wes]y A
Sox Sox SOx Sox SOx Sox Sox Sox osserT a[qno(J
SOx Sox SOx SoX SOx Sox SOX Sox . Wwnjyeig

TGTLT GOGLT TLTOF PRITT 6G8TG TLTOV daial LG8FC SUOTYRATIS( ()

[000°0] [000°0] [000°0] [000°0] [000°0] [000°0] [000°0] [901°0]

(020°0)  (£00°1G¥E) (120°0) (£20°0) (0200)  (£9.°229)  (1€5990Z)  (910°20L)

8020 €97°LG8TE 291°0- 80T°0- QFT0-  GL9'896T-  OFT'TGGET  TCSgIvT IPNOA

(8) (L) (9) () §2) (€) (2) (1)
nv nv 0¢ < IINd 0¢=>IINd TV 08¢ <IWNd 0¢=>INd v

Lypendy  (da) Lprsqng ApIsqng 91000y (dx) £psqng resor,

201y 1107,

ATuO syuardooy

srdures 1,NOATOH @Y} Surddoap ‘1 s[qef, Jo uorjeol[dey :9 o[qe], XIpuaddy

52



Appendix Table 7: Replication of Table 1, winsorized at the 0.5th and
99.5th percentile

Recipients Only

Total
Total Subsidy (rp) Subsidy (rp)
All PMT <= 30 PMT > 30 All
(1) (2) (3) (4)
Voucher 1364.387 13341.041 -2581.077 30944.225
(614.135) (1912.012) (550.537) (3127.384)
[0.076] [0.000] [0.001] [0.000]
Observations 66496 16329 49566 19356
Stratum FE Yes Yes Yes Yes
Double Lasso Yes Yes Yes Yes
DV Mean (Control) 14302.455 28916.967 9049.591 36635.563

Note: This table replicates Table 1 for the continuous outcome variables, winsorizing
them at the 0.5th and 99.5th percentile. See Table 1 for additional details.
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Appendix Table 9: Distribution points for the In-Kind
and Voucher Districts

Government Only Agent Only Both Other N
(1) (2) B @ 06

Panel A: In-Kind Subsidy Districts
87.8% 0.3% 1.9% 10.1% 52

Panel B: Voucher Districts
0.0% 99.4% 0.0% 0.6% 55

Note: This table tabulates government officials’ answers
about the Rastra/BPNT distribution point in their dis-
trict. Multiple officials are interviewed in some districts,
in which case responses are averaged at the district level.
Note that at the time of this survey, May-July 2019, some
districts were implementing both Rastra and BPNT si-
multaneously. Responses from 102 of the 105 experimen-
tal districts are reported.

55



"SuoIpeonIoads 91} UO S[IBIOP [RUOINIPPR I0] ¢ S[qR], PUR SO[(RLIBA SUIOJINO T} UO S[IB19P [RUOIPPR I0] T 9[qR], 99§ 9oLl [ NJH
Jo Ayrenb pojrodar 1oySIy o1} 10 JUNO0dOR 03 9011 I NI 10§ 0ot1d jos[rewr pajsnlpe ue sosn Apisqns [eqo) poisnlpe-Lrent) (83
1od ¢16T ydy pue oour jo 3y 1od €766 YdY) SYNHSNS 610 UoIe]y oyl ul sjuerdioel Apisquns-uou Aq pred ootid joyIewt ogeiose
oy} st oo11d poxy oy T, 9o11d jos[Iewl poxXy e Aq s830 pue 0oL pozIpisqns Surd[diynur £q pojenored st sootid poxy je Aprsqns [B)0],
"SO[(BLIBA QUIODINO 9} S8 APISqns [8}0) pajsnlpe-Ayrenb pue Apisqns [ej03 9o11d poxij Yitm nq ‘g d[qe], sojeoridol a[qe) STy, 270N

€0T°69€€€ 286°€00€E £99°2792¢ 796 T99TE 809°TEV0E 2ET 66068 091°L616  ([o1uo)) wea]N ACQ
Sox Sox SOX SoX Sox Sox Sox osserT a[qno(J
Sox Sox SOX Sox Sox Sox Sox . wnjeng
88.% 635G 90€8 TLOTT 90LET 87€9T 99G6¥ SUOTYLATIS( ()
[100°0] [000°0] [000°0] [000°0] [000°0] [000°0] [000°0]
(corzege)  (898'808%) (¥10°0852) (eLve1€ee) (067°9912) (L6L7TE6T) (09°69¢)
2ee L9191 LSOVTOLT 0610971 €egeTest 657" L0CTT 900°TFZTT R76°C8LT- IDPNOA

fiprsqng v10g, parsnipy-fiyyond) g 1ound

189°0L9€¢€ LLCTTCEE 6.8°9¢8¢€ TOT'T6LT€ 6€7°65950€ L96°0€¢6¢ 9L7'89g6  ([omuoD) wea]N A

Sox Sox SOX SoX Sox Sox Sox osserT a[qno(J
Sox Sox SOX Sox Sox Sox Sox . wnjeng
88.% 635G 90€8 TLOTT 90LET 87€9T 99G6¥ SUOTYLATIS( ()

(80070 [000°0] [000°0] [000°0] [000°0] [000°0] [000°0]
(ece629e)  (6L6'70LT) (ve8-€€42) (L6€°92T) (220°8902) (686 F¥8T) (¥86'29%)
60C°C88€ET ¥GR9GTHT 29C eEVTT 286°L9TTT £76°8566 6200716 Q7€ C6VE- IDTPNOA
(2914 pa1g) fipisqng [piog, :y [Pung

(L) (9) (¢) §2) (€) (2) (1)
mnv;EoﬂnvezmﬁnvezmomnvezmmmuvezmomuvHEQ%Aezm

s3urdnoar) TINd Aq ‘Apisqng [e}0], JO SUOISIOA djeuto)[y :0T 9[qe], xipuaddy

56



"S[IRJOP [BUOIJIPPR I0] g O[QBL, 99 O[(BIIBA SUWO0IINO oY) S8 APISqNS [8J01 YIIM INq ‘g 9[qR], sojeoridor d[qey SI], 920N

ereee GRTEE 9€L3¢ TVLIE GTe0e 1026¢ 2916 (foryuop) weaN A
SOA Sox SOA SOX SOX SOX SoX osser] o[qno(g
Sox Sox SOX SOX Sox Sox Sox . wnjeng
8817 874G G0es 0L0TT COLET LTEIT 99G6¥ N

[000°0] [000°0] [000°0] [000°0] [000°0] [000°0] [100°0]

(veeeo9e)  (619°09L%) (169°¢1G2) (¥6£'8922) (L0S'1212) (F€6°C161) (768°79%)

623G 00761 LG6'€086T 86€°CEELT 687°6S9GT VL9 TVEETT TS6VETET 89/,"864¢- I9TONOA
(L) (9) () §2) (€) (2) (1)

¢=>I1Nd O0I=>1INd ¢I=>1LNd 0¢=>I1LNd G =>I1LNd 0€=>I1Nd 0¢€<INd

sSurdnory LINd 4q ‘Apisqng 810, :IT 9[qeL XIpuaddy

57



"Suo19OYI0ads o1} U0 S[TRI9P [UOI)IPPR I0] ¢ 9[e], PUR SO[(RLIBA 9UIOIINO d1[} UO S[IRI9P [RUOI)IPPR I0] T d[qe], 998
"9[qRLIRA dUI0DINO AT} st mreISold I9T}I0 PIATIIAI OYM JSOT} IOJ SOW0IIN0 APISqNS [YIM INq ‘g d[qe], soyeordor a[qe) ST, 920N

099°0 659°0 259°0 259°0 6¥9°0 6¥9°0 ¥19°0 (foryuop) weaN A
SOA Sox SOA SOX SOX SOX SoX osser] o[qno(g
Sox Sox SOX SOX Sox Sox Sox . wnjeing
LG6T orse 964¢ I8TL 0.S8 066 8016 SUOTYRAIIS( ()
[000°0] [000°0] [000°0] [000°0] [000°0] [000°0] [000°0]
(¥20°0) (020°0) (810°0) (810°0) (610°0) (610°0) (620°0)
L02°0 112°0 8220 1220 €120 602°0 681°0 I9TONOA
figong) 200 g 1pund
TLOTTLYVT 910'9€LT¥ 68T ZOVST 123G 190G¥ 799 ISTH¥ 60C°668¢Y  L0g'€hTle  ([o1uo)) wesN A
SOA Sox SOA SOX SOX SOX Sox osser] o[qno(g
SOx Sox Sox SOx SOx SOx Sox . wnjeng
GL6T 7.8€ Zr9s 0€3L 7€98 2986 1€16 SUOTYRAIIS( ()
[000°0] [000°0] [000°0] [000°0] [000°0] [000°0] [000°0]
(¥89°601¢)  (120¥%8CH) (¥16°016¢) (¢12°2288) (LThaees) (920¢c0¢)  (198°€89¢)
AR RINTAS GRT'8LETE 656 7£CTE 968°2802¢ 8LE'S661E 112°2992¢  9ZT°0088% I9TONOA
fipisqng jof, Y jpund
(L) (9) (¢) (%) (€) (2) (1)
¢=>IINd O0T=>ILNd ST =>INd 0¢=>IWNd & =>INd 0&=>INd 0¢<INd

sSurdnoar) TINd Aq ‘squerdioay J0j sewodinQ Apisqng :gT o[qe], xipuaddy

58



‘suoryeoyroads oY)
UO S[TR}9P [RUOIIIPPR I0] g O[qR], 90§ AN JUIJe[No[ed 9109 YeIdILI JO SUOI[[IU 0} PIISATOD ST UOIdWNSUO)) "9[(RLIBA SUIODINO
o) se An (YY) UOISIoAR ISLI oAljR[al Jueisuod pue uolijduwmnsuod eiides Tod Yim Inq ‘g o[qe], seyeoridel o[qe) SIU], ‘920N

L2€°C- 191°¢- 700°2- 916'T- 098°T- G6LT- 900°T~ (foryuop) wealNy AQ
w@»\ﬁ w@xﬁ w@% m@% w@»% m®> w@xﬁ Omw@H EQSOQ
m®> ww\ﬁ w@»% w@»% w@»% m@»% m®> mwrm ESH&.E@
G8LT 924G €0es L9011 z0LET v2e91 99G6¥ SUOTYRATIS( ()

[0£0°0] [090°0] [c0T 0] [6£2°0] (98¢0 [28€°0] [v0%°0]

(¢11°0) (260°0) (180°0) (6L0°0) (920°0) (0L0°0) (€10°0)

1220 L6T°0 IGT°0 €01°0 zL00 €90°0 0£0°0 IOYONOA
(& fo a01ffa0)) uorsuzayy yswyy 20uw1Y) Ay VHYHD 0 1PUvd
£GG9F9 €TITL9 196769 0G8€ETL LLELTL ¥8GTTL 1629¢1T  (jomumo)) wesIN AQ
w@»\ﬁ w@xﬁ w@% m@% m@»% m®> w@xﬁ Omw@H EQSOQ
m®> m@xﬁ w@»% w@»% w@»% m@»% m®> mwrm ESH&.E@
8817 62GG L0€8 zL0TT L0LET 62€9T 8EG6T SUOTYRATIS( ()

[60T°0] (€22 0] (8210 [sg¢c0] [629°0] (1880 [627°0]

(619°TFFOT)  (896°0%0L1)  (Lg¥g62sT)  (99FFT6FT)  (G88°8¢671)  (L90°T6eST)  (066°9TEST)
199°6868¢ YSY 62912 9¢6'€TH1C 191°90€6 089'ST19 8L1°6GGT- 789°€8TV1 IOYONOA
ES uondwmnsuoy) vpdoy) 4og g 19UdJ
8FT el 76T €T L2871 eeeel 1€l 16€°¢1 G9L°€1 (Toryuop) wealN AQ
w@»\ﬁ w@xﬁ w@% m@% m@»% m®> w@xﬁ Omw@H EQSOQ
Sox Sox Sox Sox SOX SoX Sox o wnyens
8817 62GG L0€8 zL0TT L0LET 62€9T 99G6¥ SUOTYRATIS( ()

[7£0°0] [v0T1°0] [99T°0] [eze 0] [€22°0] [862°0] [799°0]

(¥20°0) (2z00) (020°0) (610°0) (610°0) (910°0) (L10°0)
¥50°0 8€0°0 0€0°0 €100 900°0 ¢00°0 L00°0 IOYONOA

:cﬁ&Eﬁmscb E.aab dod mo@ [V Pung
(L) (9) () §2) (€) (2) (1)
¢=>INd 0T =>JINd ¢SI=>IWNd 0¢=>INd ¢ =>INd 0¢£=>INd 0¢<INd

s3urdnoar) T INd Aq uonnduinsuo) eyude)) 10J €T 9[qel, Xipuaddy

59



"Suo19oYI0ads o1} U0 S[TRI9P [eUOI)IPPR

10] g O[qRI, 998 O[(BLIBA SUIOJJNO 9} S8 SIOJEIIPUI AJLINISSUI POOJ JO XOpUl Ue UM g ‘g o[qe], soyeordal o[qe} SIY], 970N

G010 10T°0 €010 z0T°0 z0T°0 2010 290°0 (foryuop) weoNy A
Sox Sox SOx SOX SoX Sox Sox osserT a[qno(J
Sox Sox SOX Sox Sox Sox Sox . wnjeng
9LL% c0G¢ 128 T20TT T79¢T 7Ge9T 0TV6¥ SUOTYRAIIS( ()

(6280 [112°0] [122°0] [029°0] (€880 [e12°0] [8€6°0]

(910°0) (€100) (210°0) (110°0) (010°0) (010°0) (500°0)

€00°0- €00°0 €00°0 900°0 z00°0 7000 100°0- IOYONOA
(2) (9) (g) (%) (€) (2) (1)

§=>INNd O0I=>1INd ¢I=>1IINd 0¢=>ILNd % =>I1Nd 0¢=>INd 0¢€ < ILINd

sSurdnoar) 1 JNd Aq si0jedipuy Aanossu] pooq :§1 o[qe], Xipuaddy

60



‘suo1yestyoads o} UO S[Teop
[eUOI)IPPR 10} g O[R], 99F "O[eLIBA dUIOIINO OY) Se SO A110A0d SATYRUIN R M Ing ‘7 d[qR], sojedrdal o[qe) ST, 90N

10100 0600°0 L2000 €L00°0 12000 99000 €200°0 (foryuo)) weoN AQ
SOA Sox SOA SOX SOX SOX SoX osser] o[qno(g
Sox Sox SOX SOX Sox Sox Sox . wnjeing
GLLT €0GG 9128 PEOTT G99¢T G8Z9T LEG6T SUOIYRATIS( ()

[L10°0] [110°0] [6T0°0] [860°0] [621°0] [9%1°0] [2£€°0]

(6100°0) (2100°0) (6000°0) (6000°0) (8000°0) (8000°0) (€000°0)
L£00°0- z€00°0- 9200°0~ L100°0- $100°0- z100°0- €000°0- IOPNOA

paupnbg dor) figuo00g :g jounJ

€970°0 T170°0 65€0°0 LE€0°0 ¥2€0°0 €000 8010°0 (foryuop) weoNy A
SOA Sox SOA SOX SOX SOX Sox osser] o[qno(g
SOx Sox Sox SOx SOx SOx Sox . wnjeng
8817 63GG L0€8 2LOTT LOLET 62€9T 99S6¥ SUOTYRAIIS( ()

(€200 [810°0] [L10°0] [22L0°0] (1110l 621°0] [202°0]

(L€00°0) (9%00°0) (0%00°0) (2£00°0) (£00°0) (€£00°0) (2100°0)

ze10°0- 2e10°0- 7010°0- ¥200°0- 2900°0- £600°0- GT00°0- I9TONOA

dvp) figuo00d Y UL

(L) (9) (¢) (%) (€) (2) (1)
mnvezmSnvezmﬁnvezmomnvezmmmnvezmomnvezgomAezm

surdnoar) LJNd Aq ‘SOLIOIN A}I8A0J SAIYRUId)[Y :GT O[qe], xipuoddy

61



O S[TRIOP [BUOIIIPPE I0] g J[QR], 99S ‘d[(BLIeA

‘suoryeoyroads o1y

QWI00INO 93} se uonduwnsuoo 9oL YIM Ing ‘g S[qr], sojeordor a[qe) SIyJ, 270N

69L°GE 8€6°€E 2e6°CE A4S 7E6'1E €79 1€ z0€°92 (foryuop) weaN A
SOA Sox SOA SOX SOX SOX SoX osser] o[qno(g
Sox Sox SOX SOX Sox Sox Sox . wnjeing
GRLT 028G €628 0S0TT 089€T €691 GEE6T SUOTYRAIIS( ()

[v220] (6970 [109°0] [6%°0] [902°0] [105°0] [zes 0]

(218°0) (L8¢0) (18¢°0) (1€9°0) (98%°0) (125°0) (¥62°0)
1€2'1- 186°0- 96¢°0- €6¢°0- 9€z°0- L6€°0- 720°0 I9TONOA

(6) 20wy 010, < [PULg
oFF'e 96¢°¢ L6¢e°¢ 053¢ vere 186°C LS6°0 (foryuop) weoNy A
SOA Sox SOA SOX SOX SOX Sox osser] o[qno(g
SOx Sox Sox SOx SOx SOx Sox . wnjeng
8817 63GG 90€8 TLOTT 90LET 82E9T 99G6¥ SUOTYRAIIS( ()

[zgL o] (80770 [z8¢°0] [069°0] (9720 [eLL0] [000°0]

(119°0) (e1£°0) (982°0) (Lvz0) (L2z0) (60z°0) (650°0)
vLT0 zTe0 z81°0 eI1°0 6,070 290°0 aTy 0- IOPNOA

(b3y) 201 pozipisqng Y jound
(L) (9) (¢) (%) (€) (2) (1)
¢=>IINd O0T=>ILNd ST =>INd 0¢=>IWNd & =>INd 0&=>INd 0¢<INd

sSurdnoar) LINd Aq ‘vorydumsuo)) 921y :9T 9[qe], xipuoddy

62



‘suoryesy1oads o) Uo
S[TR}OP TRUOIIIPPE IO ¢ 9[e], 909G "d[(RLIBA dUI02INO o1} st uorjdumsuod urejord §8o M Jnq ‘g o[qe], soyesrdar o[qe) ST, 270N

210°22% e1e'61e 670°GTT 9T1°GTT 079 ¥71% 0v0' 712 968'1¢¢  (101mu0)) wesN AQ
SOA Sox SOA SOX SOX SOX SoX osser] o[qno(g
Sox Sox SOX SOX Sox Sox Sox . wnjeing
GRLT 028G 2628 8FOTT 819€T 16291 VTe6T SUOTYRAIIS( ()

[ce00] [960°0] [050°0] [080°0] [160°0] [060°0] [206°0]

(Le1°6) (19°2) (L81°9) (L6L°G) (¥81°6) (¥9L7) (L80%)

8FG'GT PHS LT 9¢L 1 VLLTT L9101 6156 2950~ I9TONOA

(6) wivgoug bbsy o g jpung

¥2s0 7€9°0 82G°0 1960 9050 ¥87°0 G100 (foryuop) weoNy A
SOA Sox SOA SOX SOX SOX Sox osser] o[qno(g
SOx Sox Sox SOx SOx SOx Sox . wnjeng
VLLT €05¢ 1,28 0€0TT ceoeT 0L29T 2Ge6T SUOTYRAIIS( ()

[000°0] [000°0] [000°0] [000°0] [000°0] [000°0] [000°0]

(091°8) (866°9) (10£9) (928°G) (zerg) (8797) (€91°0)
€ceTy 698°6€ 656 LE 6£0°6€ AU 6TLCE z9g'e IOYONOA
(6) wpgoLd G5 pazipisqng (7 ppund

(L) (9) (¢) (%) (€) (2) (1)
mnvezmSnvezmﬁnvezmomnvezmmmnvezmomnvezgomAezm

s8urdnoar) TINd Aq ‘urejoid 38y :AT1 9[qel, xipuaddy

63



‘280’0 = anyea-d 90USISJUI POZIWIOPURI ‘€78’ T
= O19S19e)S- :9oUROYIUSIS 1599 JUIO[ "SIUSWUSISSe JUatIIeal) o} Jo suorjejnuriad (‘T WolJ aIe sonfea-d 9dULILJUI UoIyeZITIOpURY ‘sosoyjuared ul
pode[dsip pue [oao] (uojednges]) JOLIISIP O} I8 POI9ISI[D oIv SIOLIO pIlepue)s (g Xipuaddy UT PajsI] oIe 0SS o1[) Ul so[qeliea [e1uejod [[e) so[qerrea
[01910D 91} 9S00YD 03 OGSV’ P[qNOP ®© Pash apy ‘oseqejep 3urjeSIe], peyrun) o1} wolj awod eyep LINJ U} ‘SYNHASNS 6107 UYPIBJN WOI} 9uIiod
BYRP OUIODJNO O], 'WRIUI Y[} WIOIJ SUOIJRIAID PIepUR)S g] UeY) Iojeald onfes Aue doIp om ‘s9[qRLIRA 9UIOINO snonulpuod 10 “(0g => LINJ)
sployesnoy pajedre) 10j spoos uoryejdura) pue SWI) POOJ SNOLIRA I0] SIOLIISTP PULN-UI PUE ISYDONOA TU9MID( SOUSISJIP 9} SOUIUIRXD d[(e} SIY T, ‘970N

QEETROLT 6100  €F9°90T 8¥€°0 8GH 6619 662°0 2100 Y180 0€6°G (Tomyuop) wesy AQ
Sox Sox Sox SOx Sox SOx SOx SOx Sox 0sserT a[qno(J
Sox Sox Sox Sox Sox Sox Sox Sox Sox q wnjeis

26291 1L291 €629T 88791 16291 26291 88791 26291 €629T SUOTYLATIS( ()
[985°0] (8€9°0] [880°0] [190°0] [02L°0] [F#1°0] [20Z°0] [£06°0] [788°0]

(16€°€29) (7000)  (¥eve)  (8100)  (669°08€) (1T0°0) (200°0) (LT0°0) (e¥1°0)

864868 €00°0- 9€6°9- 00 09T°LLT- 020°0- €00°0- 2000 2300 IPNOA
(6) (8) (L) (9) (¢) ) (€) (2) (1)

(d1) sogporedry (1) Ionbry (8) 9reg  (8y) woy (di) YN (SY) weyory)  (8Y) Jeeog  ([) 11O Suroo)  (zo) redng

sp[oyesnoy pojasie],
10J ‘spoox) uorjeyduiay, pue uolipduinsuo)) pooj UO SIOLISI(] PU-U] PUe JISYINOA UOMID( 9DULISYI(] [ejuswiriadxy :QT 9a[qe], xipuaddy

64



"809°0 St (¥ P[qRI, WOIJ G pue j SUWnN[od pue
o[qe) SIY) WOIJ ¢ PUR § SUWIN]0D) SO[CRLIRA 9OURISIP oY} I0] 1897 Jutof oY) 10] anjea-d 90ULISJUI POZIUIOPURI
o} (171970 ST (¢ pue g summn(od) so[qerres Ajddns o) 10] 4803 quiol o1} 10] onjea-d 90USIJUI POZIIOPURI 1T,
"SO[(RLIRA 9OURISID PUR YOOUS O} I0J SO[RLIRA SNONUIIUOD SoSN g ‘f d[qr], sejeoridar o[qe) SIY], 20N

TT8°¢CT 80L°T¢ 670°0 076°09¢ RO\ [o[qeLreA|
80G'8LT6 80¢'8L¥6 80¢'8L¥6 LV0°'8GV6 80G'8LV6 (foryuo)) weolN AQ
SOA SOA Sox SOX SOX osserT a[qno(J
SOx SOx SOx SOx SOx popnouy 390 Urejy
Sox Sox Sox SOX SOX . wnjeig
veeee veeee ereee GRTTE erece SUOTIRAIIS( ()
[618°0] [821°0] le11°0] [022°0]
(veLT) (00°T) (6L1°G76L) (zeg0)
1€7°0- GI9'1 L67°6960T 00Z°0 [orqeLIeA] X IoyONOA
[761°0] [869°0] [99Z°0] [925°0] [962°0]
(860°€¥T) (zer6vI) (00£'19¢) (L8¢'Lve)  (0€TceT)
926°981 €08°GG PCE e8e- 926°GET 9¢S 07T IOYONOA
(c) ) (€) (2) (1)
eade) jotnsipqng  rejrde) gorgsyq yooyg A ddng  eary 901y ATuQp
09 QuWILT, 0} QW T, 100]J7 UreN

UOIYR[OS] JO SOINSBIJN

(serqerreA aouR)ISIP pUE }O0YS SNONUIIUO)))
921IJ UO SIOLIPSI(] PUD-U] PUEB JOYDINOA UdMId] 9OUISYI(] rejuswtiadxy :¢T o[qel, xipuaddy

65



99

Appendix Table 20: Experimental Difference between Voucher and In-kind Districts on Price (Above
75th percentile shock and distance variables)

Measures of Isolation

Above 75th Pct. Above 75th Pct.

Main Effect Above 75th Pct. Above 75th Pct. Time to Time to
Only Rice Area Supply Shock District Capital Subdistrict Capital
(1) (2) (3) (4) (5)
Voucher 140.536 217.400 69.657 56.963 140.708
(135.230) (181.223) (138.748) (142.097) (143.234)
[0.296] [0.211] [0.623] [0.655] [0.329]
Voucher x [Variable] -141.611 554.537 338.125 -0.200
(231.521) (487.630) (140.447) (98.789)
[0.598] [0.145] [0.029] [0.997]
Observations 32343 31185 32343 32334 32334
Stratum FE Yes Yes Yes Yes Yes
Main Effect Included Yes Yes Yes Yes Yes
Double Lasso Yes Yes Yes Yes Yes
DV Mean (Control) 9478.508 9458.047 9478.508 9478.508 9478.508
[Variable] Mean 0.145 0.238 0.236 0.257

Note: This table replicates Table 4, but uses indicator variables for above 75th percentile for the shock and distance
variables. The randomized inference p-value for the joint test for the supply variables (columns 2 and 3) is 0.659; the
randomized inference p-value for the joint test for the distance variables (columns 4 and 5 from this table and columns
4 and 5 from Table 4) is 0.200.



Appendix Table 21: Differential effect of readiness on leakage

Subsidy Received Subsidy Received
Subsidy Received / (Market Prices) /  (Quality-Adjusted) /
Intended Subsidy  Intended Subsidy Intended Subsidy

(1) (2) (3)
Voucher -0.015 -0.053 -0.029
(0.051) (0.047) (0.052)
[0.787] [0.284] [0.580]
Voucher x Above -0.021 -0.022 -0.015
Med. Readiness Index (0.059) (0.056) (0.061)
[0.747] [0.758] [0.840)
Observations 105 105 105
Stratum FE Yes Yes Yes
Double Lasso Yes Yes Yes
DV Mean (Control) 0.587 0.586 0.587

Note: This table examines the differential effect of the voucher as compared to the in-kind
transfers by baseline readiness index. The baseline readiness index comes from government
administrative data, and was used to decide which districts would be included in the exper-
imental sample. See Table 5 for additional details.
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Appendix Table 23: Local Politics (Village Level)

Protest Corruption New Village Head

Voucher 0.003 -0.000 0.012
(0.003) (0.001) (0.020)
[0.351] [0.895] [0.510]
Observations 20818 20818 20387
Stratum FE Yes Yes Yes
Double Lasso Yes Yes Yes
DV Mean (Control)  0.009 0.004 0.228

Note: This table explores the impact of the transition to the voucher
on village-level politics. The dependent variable in column 1 is a
dummy for whether the village experienced a protest in the past
year, in column 2 it is a dummy for any incident of criminal cor-
ruption reported in the past year, and in column 3 it is a dummy
for the installment of a new village head during the year. Obser-
vations are at the village level. Baseline versions (PODES 2018) of
the outcomes and a set of PODES 2018 covariates are included as
LASSO controls. Standard errors are clustered at the district (kabu-
paten) level and displayed in parentheses. Randomization inference
p-values are from 1,000 permutations of the treatment assignments.
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Appendix C Table 2: Subsi-
dized Rice Quality

All
(1)
Voucher 0.203
(0.020)
[0.000]
Observations 19260
Stratum FE Yes
Double Lasso Yes

DV Mean (Control)  0.630

Note: This table populates the
pre-specified analysis plan table
2. See Table 1 for additional de-
tails on the variable and specifi-
cations.

Appendix C Table 3: Food Insecurity Indicators

All PMT <= 30 PMT > 30

(1) (2)

(3)

Voucher 0.001 0.004 -0.001
(0.006) (0.010) (0.005)
[0.905] [0.713] [0.938]
Observations 66258 16254 49410
Stratum FE Yes Yes Yes
Double Lasso Yes Yes Yes
DV Mean (Control)  0.072 0.102 0.062

Note: This table populates the pre-specified analysis plan ta-
ble 3. See Table 3 for additional details on the variable and

specifications.
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