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Abstract

We study the optimal shape of agricultural input subsidies. We cross-randomize
subsidy rates for small and for large input quantities in Mozambique. Increased
subsidy rates for small quantities increase payouts to poorer farmers, but divert
farmers from large quantities. Increased subsidy rates for large quantities in-
crease production 36% by increasing input use among more marginally produc-
tive farmers. Subsidies overcome both informational and financial constraints.
We derive and estimate sufficient statistics to quantify how planner preferences
over productivity, transfers, and equity shape optimal subsidies. Under plausible

preferences, the most uniform rate we test is preferred.
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1 Introduction

Among the wickedmost problems in development economics is the persistence of
low agricultural yields, which go hand in hand with low levels of modern input use.
In developing countries, multiple market failures constrain productive investments
in modern agricultural inputs (Udry, 1999; Karlan et al., 2014; Jones et al., 2022).
These constraints have motivated large expansions of input subsidy programs in
many African countries, increasing input use and partially closing yield gaps (Carter
et al., 2021). Yet, during these expansions, input-adjusted agricultural productivity in

Africa has fallen (Wollburg et al., 2024).

One hypothesis that explains this finding is that the shape of input subsidies has
caused the wrong farmers to increase their input use. Many input subsidy programs
offer a high subsidy rate on a fixed quantity of inputs. If farmers with low baseline
input use also have low marginal returns (the “wrong” farmers), such designs may
induce inefficient increases in input use (Duflo et al., 2011; Suri, 2011; Diop, 2025).
While policymakers would ideally increase input use by the “right” farmers, those
with high marginal returns, marginal returns are challenging to observe. An alter-
native is to leverage self-targeting, reshaping input subsidies by changing subsidy
rates across input quantities. This shifts which farmers increase input use and could

increase agricultural productivity if these farmers are the right ones.

In this paper, we experimentally manipulate the shape of agricultural input subsi-
dies by cross-randomizing increased subsidies on small and on large quantities of
inputs across 1,280 households in northern Mozambique. We estimate both distri-
butional incidence and impacts on agricultural productivity: inappropriately shaped
agricultural input subsidies may be doubly ineffective, redistributing subsidy payouts

regressively and reducing productivity.

Our experiment is embedded in the rollout of a new agricultural input subsidy tech-
nology, the eVoucher. As in many countries in Africa, cereal yields in Mozambique
remain stubbornly low and are associated with low fertilizer use. This suggests the
possibility of high returns to increasing the use of modern inputs, and motivates the

eVoucher program. In contrast with paper vouchers often used in subsidy programs,



eVouchers enable farmers to choose from multiple possible redemption values at dis-
tinct subsidy rates and from a flexible menu including tools, seeds, fertilizer, and

pesticides. The eVouchers were redeemable at enrolled agrodealers.

To induce self-targeting, eVoucher eligibility was broad and three redemption values
were offered with distinct prices. The Default subsidy schedule allowed farmers to
choose between a 90% subsidy for a Small quantity of inputs (pay 400 MZN for 4,000
MZN of value), an 82% subsidy for Medium (pay 1,200 for 6,500), or a 62% subsidy
for Large (pay 4,200 for 11,000)."

We cross-randomize one season of additional subsidies for smaller and larger input
quantities, making use of the eVoucher technology. We randomize four experimental
arms across up to 8 farmers within each of 187 villages, 1,280 farmers in total. One
quarter of farmers were assigned to Default, and serve as our reference group. One
quarter of farmers were assigned to Reduced Small/Medium, a 300 MZN reduction in
the price of Small (pay 100 for 4,000) and Medium (pay 900 for 6,500). Reduced
Small/Medium involves near-free distribution of Small. One quarter of farmers were
assigned to Reduced Large, a 2,600 MZN reduction in the price of Large (pay 1,600
for 11,000). With an 85% subsidy for Large, subsidy rates under Reduced Large are
approximately uniform across the three quantities. Finally, one quarter of farmers
were assigned to Reduced All, combining Reduced Small/Medium and Reduced Large

for price reductions for all three quantities.

We collect detailed data on household characteristics and agricultural production in
two rounds of household surveys, one baseline and one follow-up referencing the
experimental season. We merge these data with administrative data on eVoucher

redemptions during the experimental season and two subsequent years.

Our central finding is that reshaping input subsidies comes with an equity—efficiency
tradeoff. Our experimental results reveal that farmers who purchase larger input

quantities are more marginally productive. In addition, these farmers are descrip-

We discuss the interpretation of these package sizes in additional detail in Section 2.2 and 2.3. In brief,
the value of and subsidy on the Large package are similar to the vouchers for a fixed input package
studied by Carter et al. (2021) in central Mozambique. These are much smaller than the package sizes
for input subsidy programs for which resale, a possibility with nonlinear or targeted subsidies, is
commonly observed (Diop, 2025).



tively richer. Relative to input subsidy programs with a high subsidy rate on a xed
guantity of inputs, a more uniform subsidy rate across input quantities maximizes

productive ef ciency but is strongly regressive.

We begin our analysis by showing that farmers respond to experimental variation
in the shape of input subsidies in a manner consistent with theory. Subsidies for a
given quantity increase demand for that quantity, while inducing substitution away
from adjacent quantities. We also nd no evidence of resale, storage, or crowd-
out in response to the additional subsidies, so productive impacts are informative
about the marginal returns to additional inputs. In addition, the average farmer
redeeming Large had 44% higher predicted baseline consumption than the average

farmer redeeming the Small package: subsidizing larger quantities is regressive.

Turning to productive impacts, we nd that Reduced Large increased total agricul-
tural production by 36%. We conduct a “compliers” analysis: 19% of farmers shift
into Large and these compliers are 77% more productive under Default than the
average farmer under Default, so our estimate corresponds to a 102% increase in
production among compliers. This estimate is statistically indistinguishable from the
80% increase estimated by Carter et al. (2021) for a similarly sized input package, and
implies high returns to agricultural inputs for these farmers—conceptually, the right

farmers.

In contrast, Reduced Small/Medium and Reduced All had no impacts on agricultural
production, despite increasing input use. Reduced Large therefore increased input

use by more marginally productive farmers on average.

Impacts on pro ts are similar to impacts on production, as productive impacts are
large relative to impacts on inputs and labor. While consistent with existing work
on agricultural inputs (Du o et al., 2008; Carter et al., 2021), this need not hold in

general for productive technologies (Jones et al., 2022).

Are the Reduced Large compliers more marginally productive because of fundamen-
tals, or simply due to increasing returns to scale in input quantity? We show that our
productive impacts, and demand for Large, are concentrated among row-planting

farmers. The productive returns to inputs are low absent row planting (Beaman



et al., 2013), but row planting is also challenging to learn and adopt (Cefala et al.,

2025a,b). This suggests productive heterogeneity underpins our ndings.

The large effects of Reduced Large on pro ts are inconsistent with pro t maximiza-
tion; we provide evidence that farmers underestimate the productive impacts of in-
puts and learn from experience. We estimate the impacts of additional subsidies on
input quantities in the two years after they were withdrawn. Reduced Large has
persistent impacts on redemption of Large, consistent with learning. A back-of-the-
envelope calculation suggests experiencing Large increases willingness to pay by 62%.
However, these long-run impacts of Reduced Large on redemption all but vanish for

poorer farmers: nancial constraints may also limit adoption.

Our results reveal an equity—ef ciency tradeoff, as farmers using more inputs are
richer yet more marginally productive; we develop a simple quantitative framework

to assess this tradeoff. We begin with farmers that may not fully internalize the pro-
ductive impacts of inputs, consistent with our nding that farmers learn from experi-
ence. The social planner therefore values both increasing farmers' perceived surplus,
which farmers maximize when choosing inputs, and also any uninternalized impacts
of inputs on farmers' production; our modeling approach closely follows existing
work on optimal taxation with internalities (Allcott et al., 2019; Farhi and Gabaix,
2020). In this framework, we derive three suf cient statistics to rank treatment arms
by their marginal value of public funds (Finkelstein and Hendren, 2020; Hendren
and Sprung-Keyser, 2020; Hahn et al., 2025): impacts on subsidy payouts and equity-
weighted impacts on production, which we directly estimate, and equity-weighted
perceived surplus, which we nonparametrically bound. Our approach extends nat-
urally to complementary work that estimates demand and treatment effects from
experimental variation in extensive margin prices (e.g., Ashraf et al., 2010; Cohen
and Dupas, 2010; Berry et al., 2020; Mahmoud, 2025) and, as in this paper, intensive
margin price schedules (Abubakari et al., 2024; Dizon-Ross and Zucker, 2025).

We apply our quantitative framework to derive three key results on the tension be-
tween increasing transfers to poorer farmers, achieved by subsidizing smaller quan-
tities, and increasing agricultural production by richer farmers, achieved by subsidiz-

ing the larger quantities. First, when the planner views farmers as fully optimizing,



Reduced Small/Medium is preferred to Reduced Large, as subsidizing smaller quan-
tities targets poorer farmers. Second, when a weight is placed directly on productive
impacts that re ects our observed impacts on learning, the planner prefers Reduced
Large. Third, there are no planner preferences under which Reduced All is both pre-
ferred to Reduced Small/Medium and to Reduced Large. While agricultural input

subsidies can be an effective policy, they are in fact doubly ineffective when inappro-

priately shaped.

Contributions to Literature. This paper most centrally contributes to a literature on
the underadoption of productive technologies in development economics (reviewed
by, e.g., de Janvry et al., 2017; Magruder, 2018; Suri and Udry, 2022). Underadoption
in our context is stark, as we study a highly productive technology with near-zero
baseline adoption. Subsidizing underadopted productive technologies is an obvious,
albeit costly, remedy; this paper conceptually and empirically explores subsidy shape
in the context of agricultural inputs, complementing work that considers other design
features including timing (Du o et al., 2011), exibility (Bushong et al., 2025), and
facilitated resale (Diop, 2025).

The equity—ef ciency tradeoff we document is consistent with a diverse body of evi-
dence in development economics nding the largest productive impacts from target-
ing investments in ways that reach the less poor (e.g., Hussam et al., 2022; Banerjee
et al., 2025; Cingano et al., 2025; Haushofer et al., 2025). We replicate this nding by
targeting with prices in the context of agricultural input subsidies, complementing

evidence from Beaman et al. (2023) on selection into agricultural loans.

Our results also complement work on factor misallocation in agriculture, which nds
that land and labor allocations are substantially more equal than productively ef -
cient allocations (Adamopoulos and Restuccia, 2014; Foster and Rosenzweig, 2022);
among the input subsidies we test, those that maximize dispersion of input usage also
maximize productive impacts. A related literature additionally highlights an impor-

tant role of selection into, and out of, agriculture in explaining links between struc-
tural transformation out of agriculture and agricultural productivity growth (Lewis,
1954; Lagakos and Waugh, 2013; Adamopoulos et al., 2022); through this lens, our

ndings imply the shift towards more productively ef cient agricultural input sub-



sidies complements the selection that accompanies structural transformation (Diop,
2025).

2 Setting and Experiment

2.1 Agriculture in Northern Mozambique

We study the rollout of a new agricultural input subsidy technology, the eVoucher, in
10 Districts in Nampula and Zambezia Provinces in northern Mozambique. Average
cereal yields are approximately 0.8 tons per hectare, in the second quartile of the re-
gion and far below the global average of 4.2 tons per hectare (Appendix Figure E1a).
Agronomic evidence, including from Mozambique, suggests large productivity gains
to modern inputs: appropriately applied inorganic fertilizer to crops planted with im-
proved seeds (Du o et al., 2008; Goujard et al., 2011)? Fertilizer use in Mozambique
is in the second quartile of the region and an order of magnitude below agronomic

recommendations (Appendix Figure E1b).

Mozambique's very low fertilizer use suggests high returns to increasing adoption of
modern inputs. Several African countries have managed to increase modern input
use and cereal yields in the last decade (Appendix Figures E1c and E1d). These in-
creases are attributable in part to input subsidy programs (Carter et al., 2021). How-
ever, simply increasing fertilizer use is unlikely to have positive returns for every
farmer. Agronomic practices matter: farmer-led agronomic trials have found low re-
turns to adoption of pre-planting fertilizer conditional on adoption of post-planting
fertilizer for maize in Kenya (Du o et al., 2008), and low returns to adoption of
fertilizer for rice farmers who do not row plant in Mali (Beaman et al., 2013). In
Mozambique, agronomic trials have found high returns to deep application of fertil-
izer pre-planting when combined with improved seeds (Goujard et al., 2011), a tech-
nique that requires farmers to row plant. Consistent with this agronomic evidence,
an experimental evaluation of subsidies for a package of improved seed and fertil-
izer in Mozambique found high productive and economic returns among a selected

group of farmers (Carter et al., 2021).

Suri (2011) reviews agronomic evidence of returns to adoption of improved seeds and inorganic fertil-
izer.



Multiple constraints may limit adoption of modern inputs in Mozambique. ° First,
while fertilizer and improved seeds must be purchased before planting, primary sea-
son crops are harvested approximately 6 months after planting. Credit constraints
may prevent farmers from borrowing out of harvest revenues to nance expenditures
before planting. Second, search and transport costs to purchase inputs can be sub-
stantial (Aggarwal et al., 2024). Third, 38% of our sample reports that they do not
row plant. Row planting is skill-intensive and costly to adopt, and is required for
deep application of fertilizer (Cefala et al., 2025a,b). Fourth, farmers may be uncer-
tain about or underestimate the productive impacts of fertilizer and improved seeds
(Carter et al., 2021).

2.2 Agricultural Input Subsidies

Agricultural input subsidies are an intuitively appealing, albeit costly remedy to un-
deradoption of modern inputs. If demand for agricultural inputs is downward slop-
ing, subsidizing agricultural inputs will increase their adoption. Yet, as subsidies do
not directly address the underlying market failures that limit adoption, they may not

increase input use by farmers with the highest returns to inputs.

An evolving understanding of the bene ts and limitations of agricultural input subsi-
dies has led to multiple waves of their redesign in sub-Saharan Africa. From the 1960s
through the 1980s, many African countries implemented large input subsidies with
government import and distribution. These programs were inef ciently managed
and failed to reach poorer farmers, and as a result most were phased out under struc-
tural adjustment (Morris et al., 2007; Jayne and Rashid, 2013; Holden, 2019). Starting
in the 2000s, a second generation of input subsidy programs has worked through
private input suppliers and aims to increase pro ts while also reaching poorer farm-
ers (Morris et al., 2007; Carter et al., 2021). With these objectives in mind, a typical
second-generation program involves distribution of vouchers to eligible farmers that
can be redeemed for a xed package of chemical fertilizer and improved seeds at

local agrodealers (Jayne and Rashid, 2013).

Suri and Udry (2022) more exhaustively review constraints that limit adoption of productive agricul-
tural technologies in Africa.



Recent work has highlighted limitations of the design of second-generation input sub-
sidy programs. First, while eligibility criteria are speci ed with the intent of reaching
poorer farmers and farmers with higher returns to additional inputs, these eligibil-
ity criteria are rarely followed in practice (Pan and Christiaensen, 2012; Jayne et al.,
2018). When eligibility criteria were well enforced in a smaller-scale program, Carter
et al. (2021) nd large productive impacts of input subsidies. Second, subsidizing a
xed package may distort choices and exclude smaller-scale farmers. While packages
aim to cover a typical farm, their sizes are calculated from recommendations based
on model farms rather than representative farmers for whom optimal fertilizer use is
much lower (Du o et al., 2008). As a result, input packages are inef ciently large for

all but a small fraction of farms. *

2.3 The eVoucher

The eVoucher, implemented by FAO in Mozambique, shares many features with the
agricultural input subsidy programs described in Section 2.2. This includes a pre-
vious generation of the input subsidy program we study, implemented in central
Mozambique and studied by Carter et al. (2021). Farmers receive an input voucher
from FAO extension agents during a registration campaign. The voucher can be re-
deemed for agricultural inputs at agrodealers certi ed and supported by FAO, or
sales agents employed by the agrodealers. As in an increasing number of agricul-
tural input subsidy programs, farmers receive an eVoucher card (Appendix Figure

A1) rather than a paper voucher. >

We highlight two key differences between the eVoucher and the second-generation
input subsidy programs described in Section 2.2. First, as eligibility criteria for these

programs are rarely followed in practice, the eVoucher features minimal targeting cri-

Du o et al. (2008) nd 120kg/ha maximized farmer pro ts in Kenya, and larger quantities in fact de-
crease pro ts. Recent studies of second-generation input subsidy programs included 100kg of fertilizer

in Malawi (Kumar et al., 2025), 100kg in Tanzania (Pan and Christiaensen, 2012; Giné et al., 2022), and
400kg in Zambia (Diop, 2025). For an average farm in their samples, these correspond to 146kg/ha
in Malawi, 155kg/ha in Tanzania, and 135kg/ha in Zambia. In contrast, the median redemption we
observe of the largest package we study included 100kg of fertilizer, corresponding to 67kg/ha for
an average farm. Carter et al. (2021) nd large productive impacts of an input subsidy program in
Mozambique that provided a xed package with 100kg of fertilizer.

Digital vouchers redeemable at private shops have been shown to improve implementation delity
relative to in-kind distribution (Banerjee et al., 2023).



teria: all agricultural households with no government of cials were eligible. Second,
as input packages in these programs are too large for many farms yet appropriately
sized for others, the eVoucher offers a menu of packages and prices with the aim of

leveraging self-targeting.

Menu. The eVoucher offers farmers the choice between three package sizes—
“Small”, “Medium”, and “Large”—with a decreasing subsidy rate, as summarized

in Table 1. Farmers who choose Small pay 400 MZN for 4,000 MZN of inputs, a 90%
subsidy rate. Farmers who choose Medium pay 1,200 MZN for 6,500 MZN of inputs,

a 82% subsidy rate and a 68% marginal subsidy rate. Farmers who choose Large pay
4,200 MZN for 11,000 MZN of inputs, a 62% subsidy rate and a 33% marginal subsidy

rate.

Table 1. Input Subsidy Schedule under Default

Package Value (MZN) Price (MZN) Subsidy rate

Small 4,000 400 90.0%
Medium 6,500 1,200 81.5%
Large 11,000 4,200 61.8%

Registration. At the start of each agricultural season, FAO extension agents register
farmers in communities targeted for the eVoucher. A photograph of the registration
process is presented in Appendix Figure A2a. Extension agents rst work through lo-
cal informants to organize a community meeting during which they register farmers.

At registration, each farmer receives their eVoucher card and is informed of the menu
of packages and prices. Farmers select their preferred package, and can revise their
package choice through the extension agent. Extension agents use a tablet to register
the farmer and their package choice, and photograph the farmer for veri cation in

case the farmer loses their eVoucher card.

Redemption. At any point during the agricultural season, farmers visit an
agrodealer or their sales agent to redeem the eVoucher. A photograph of the redemp-
tion process is presented in Appendix Figure A2b. The agrodealer or sales agent rst
scans the farmer's eVoucher card in their sales app on an NFC-enabled phone, and
con rms the farmer's registered package and subsidy. The farmer then chooses and

receives agricultural inputs up to the value of the package, and pays the agrodealer

10



or sales agent the package price. The agrodealer or sales agent reports the redeemed
inputs into their sales app and con rms redemption. FAO transfers subsidy payouts,
calculated from the resulting receipts, to the agrodealer's bank account on a monthly

basis.

Inputs. Farmers choose from four broad categories of inputs. First, improved seeds
certied by FAO. Seeds could be open-pollinated or hybrid varieties, imported or
from local seed multipliers, and covered a range of crops. Second, inorganic fertilizer,
50kg sacks of NPK and sometimes urea. Third, tools. Farmers faced tool-speci c caps
on the number they could purchase, with caps on hoes (5) and machetes (2) often
binding. And fourth, pesticides, although these represent a negligible fraction of
purchases. Each agrodealer proposes to FAO prices of inputs, and the speci ¢ inputs
they will make available, before the start of each season, which are then registered

into the sales app.

2.4 Timeline, Sampling, and Data

Timeline.  Our experimental evaluation of the impacts of the shape of agricultural
input subsidies is embedded in a broader experiment cross-randomizing the rollout

of Farmer Field Schools (FFS) and eVouchers across communities (AEARCTR-008721,
Christian et al., 2023). We present a timeline of data collection and eVoucher imple-
mentation across agricultural seasons in Figure 1. We conducted an initial listing of
all households in each community between August and November 2020, recording
basic household characteristics. We conducted a baseline survey from July to Decem-
ber 2021 covering the 2020 secondary and 2021 primary agricultural seasons, and a
follow-up survey from July to September 2023 covering the 2022 secondary and 2023

primary agricultural seasons.

Sampling. In each community, we sampled up to 12 households for our baseline
survey, oversampling households identi ed by extension agents as likely to be in-
terested in participating in an FFS.° 8 of these households were randomly assigned,

strati ed on FFS-interest, to be prioritized by extension agents for eVoucher registra-

6 We excluded from our sample households who were not eligible for the eVoucher, that is non-
agricultural households and households with a government of cial.
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tion in eVoucher-assigned communities. The additional subsidies we analyze in this
paper were randomized across priority-assigned households in eVoucher-assigned

communities, and all analysis restricts to this sample.

eVoucher implementation.  eVoucher registration reached all 192 eVoucher-assigned
surveyed communities in advance of the 2022 secondary season. The experimental
additional subsidies, which we describe in Section 2.5, were implemented during

registration in advance of the 2023 primary season.’

Data (Survey). Our analysis of agricultural production focuses on outcomes mea-
sured during our baseline and follow-up household surveys. We describe details
on the construction of all variables from both our household survey and adminis-

trative data in Appendix B. Each survey round covered basic household character-
istics, including a member roster and an asset module, knowledge and adoption of
agricultural practices, and detailed agricultural modules. © The agricultural modules
captured seasonal crop production, agricultural labor, input purchases, and agricul-
tural sales. All analysis of impacts on agricultural outcomes uses the 2023 primary

season’

Data (Administrative). In analysis of the impacts of additional subsidies on input
demand, we use administrative data on eVoucher registration and redemption. For
each redemption, the data include the agricultural season, the package redeemed
(Small, Medium, or Large), and the quantities and prices of inputs redeemed. We
group inputs redeemed into four categories: improved seeds, inorganic fertilizer,

insecticide and pesticides, and equipment.

In 111 of the 192 communities, the implementation of the eVoucher began in advance of the 2021
secondary season. We also randomized additional subsidies during the 2022 primary season, but
low registration rates yielded a small registered sample (362 households) and survey data referencing
this agricultural season is not available, so we do not analyze their impacts. 2022 primary season
registration and the assigned additional subsidy during the 2022 primary season are balanced across
our experimental arms.

In Section 3.5, we estimate heterogeneity in effects with respect to adoption of row planting. We nd
that baseline- and follow-up-reported row planting are very weakly correlated, suggesting concerns
with our baseline measure of row planting, and as a result our heterogeneity analysis uses follow-up-
reported row planting. This could introduce bias if additional subsidies affect decisions to row plant;
we test for endogeneity of row planting in Supplementary Appendix Table F1 and fail to reject no
endogeneity of row planting to additional subsidies.

We additionally included questions on stated beliefs about the returns to agricultural inputs and
willingness to pay (both stated and, in a random subsample during the baseline, revealed preference)
for agricultural inputs. In practice, we nd these measures at both baseline and follow-up are poor
predictors of input demand, and we therefore do not use them in our analysis.

12
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Figure 1. Timeline
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2.5 Experimental Design

We cross-randomize additional subsidies for Small and Medium, and Large, during
the 2023 primary season across farmers within our survey sample in each community.
We present the four resulting experimental subsidy schedules in Figure 2. Our refer-
ence group is the Default subsidy schedule, described in Section 2.3. Under Reduced
Small/Medium farmers' prices of Small and Medium are reduced by 300 MZN relative
to under Default, from 400 MZN and 1,200 MZN to 100 MZN and 900 MZN, respec-
tively. Under Reduced Largethe farmers' price of Large is reduced by 2,600 MZN
relative to under Default to 1,600 MZN. Under Reduced All farmers receive both
sets of price reductions. In almost all communities, our survey sample comprised 8

households, 2 of which we assigned to each of the four experimental arms. 1%-1*

During the eVoucher registration campaign prior to the 2023 primary season, the ex-
tension agent assigned to each community was provided with one envelope for each
farmer in the experimental sample in that community. The name of each farmer
was printed on their envelope. Extension agents were instructed to rst identify the

farmer, and then open the envelope to read the farmer a script on the eVoucher. The

English-translated contents of the envelope are presented in Figure 3; only the printed

Before dropping not Registered households, our baseline survey sample comprised 1,538 households
in 192 communities: 1 community with 6 households, 2 communities with 7 households, 183 commu-
nities with 8 households, and 6 communities with 9 households.

We also randomized our four experimental arms across an additional up to 8 households per com-
munity, who we did not survey as discussed in Section 2.4. We report impacts of additional subsidy
assignment on package choice (observed in administrative data) when we include these households in
Appendix Table E1. Relative to Table 2, estimates are qualitatively similar but slightly more precise.

13



copayments and subsidy values were varied across the four experimental arms. Ex-
tension agents were then instructed to register farmers under their preferred package;
registration is non-binding and costless to farmers. To ensure experimentally consis-
tent registration, farmers were only eligible in the eéVoucher digital platform to be

registered under their experimentally assigned subsidy rates.

Figure 2. Experimental Design

Value Price Reduced Value Price
Default 2288 . ;g% Small/Medium g’ggg 388
329 HH's 11’,000 4’,200 323 HH's 11’,000 4,200
Reduced Value Price Reduced Value Price
Large 4,000 400 A” 4,000 100
. 6,500 1,200 . 6,500 900
305 HH's 11,000 1,600 323 HH's 11,000 1,600
3 Results

3.1 Empirical Strategy

We estimate the impact of the experimentally assigned agricultural input subsidy
schedules described in Section 2.5. As subsidy schedules were randomized across
households (“farmers”) strati ed by community, we estimate impacts conditional on
community xed effects. For precision, we additionally control for the baseline (2021

primary season) value of the outcome when it is available.

We restrict our analysis sample to registered farmers, as neither farmers nor exten-
sion agents were aware of the experimentally assigned subsidy until the registration
process had started. We present evidence that registration is not endogenous, and

this restriction does not affect internal validity, in Section 3.2.

We estimate impacts relative to the Default subsidy schedule in the following speci -

cation

Yi; = bSMReduced Small/Medium ; + b" Reduced Large,

+ bAl Reduced All; + gy + dYip + #; (1)
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Figure 3. Experimentally Assigned Envelope with Offered Subsidy Rates

(a) Default (b) Reduced Small/Medium

(c) Reduced Large (d) Reduced All




12

where Yj; is the outcome of interest of farmer i in period t. gy are community
xed effects, and Y; g is the baseline value of the outcome. Our analysis focuses
on the impacts of Reduced Small/Medium ( bSM), Reduced Large ('), and Reduced
All (bA"), relative to Default. As assignment probabilities to each subsidy schedule
were identical across randomization strata, linear regression recovers unbiased es-
timates of treatment effects (Goldsmith-Pinkham et al., 2024). We cluster standard
errors at the farmer level, following the recommendation by De Chaisemartin and

Ramirez-Cuellar (2024) for small-strata experiments with one observation per unit-

of-randomization.

3.2 Experimental Validity

We implement three tests of experimental validity: no differential sampling, in-

sample balance, and no differential attrition.

First, as our analysis sample conditions on registered farmers, we test for and nd no
evidence of differential registration in Appendix Table E2. This is consistent with the
implementation of the experiment, as households and extension agents did not learn

households' assigned subsidy schedule until immediately after registration.

Second, we consistently fail to reject that household characteristics are balanced at
baseline with respect to assigned subsidy schedule in Appendix Table E3.*? Across

66 tests, we reject balance at the 10 percent level for only 5 tests, as one would ex-
pect under random assignment. 3 of the tests that reject are for balance on asset
index; in Supplementary Appendix Table F3, we show our main results are robust to

controlling for asset index.

Third, we nd no evidence of differential attrition in Appendix Table E4. Average

attrition is low, at only 2% in our analysis sample.

We also test for balance in the full baseline sample in Supplementary Appendix Table F2, with quali-
tatively identical results.
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3.3 Input Demand (“First Stage”)

We begin by describing input choices under the Default subsidy schedule: takeup is
high, and farmers take advantage of the exibility over both the value and types of
inputs. First, 60% of registered farmers “redeem?”, that is purchase inputs through the
eVoucher. This is substantially higher than the 41% redemption observed in Carter
et al. (2021) in Mozambique, and substantially lower than 95% redemption observed
in Kumar et al. (2025) in Malawi, both for a xed input voucher for input quanti-
ties and at prices in between Medium and Large. Second, farmers appear to respond
strongly to the higher prices of larger quantities of inputs: 40% redeem Small and 17%
redeem Medium, while just 3% redeem Large. Paying 400 MZN for 4,000 MZN of in-
puts, that is choosing Small under Default, is desirable for a majority of farmers, and
the availability of this option may be responsible for high takeup. In contrast, paying
3,000 MZN for an additional 4,500 MZN of inputs, that is shifting from Medium to
Large under Default, appears prohibitive for most farmers. Third, farmers redeem a
mix of inputs. 52% is used for improved seeds, 14% is used for inorganic fertilizer,
and 33% is used for equipment. In Appendix Figure E2, we show average value re-
deemed of equipment is relatively constant across package sizes, while average value

redeemed of inorganic fertilizer sharply increases across package sizes.

We next present the impacts of additional subsidies on input demand, in both Figure
4 and Table 2.

Intuitively, additional subsidies increase demand for additionally subsidized quan-
tities, by inducing substitution away from adjacent quantities. First, Reduced Large
increases redemption of Large by 19.5pp. Substitution is primarily from Medium

( 9.4pp), with weaker evidence of substitution from Small or non-redemption. Sec-
ond, Reduced Small/Medium increases redemption of Small and Medium by 9.4pp.
Substitution is primarily from non-redemption ( 7.8pp), as few farmers redeem
Large under Default. Third, under Reduced All, additional subsidies for smaller
and larger input quantities substitute, with partially offsetting effects. Relative to
Reduced Small/Medium, Reduced All increases redemption of Large by 15.7pp, by
inducing substitution away from Small and Medium ( 16.4pp). In contrast, relative

to Reduced Large, Reduced All increases redemption of Small and Medium by 7.9pp,
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Figure 4. First Stage

by inducing substitution away from Large (  5.4pp). As a result, the impacts of Re-
duced All on redemption of smaller and larger input quantities are in between those

of Reduced Small/Medium and Reduced Large.

Our estimates of input demand imply that increasing subsidies for smaller input
guantities can have non-monotonic impacts on input demand. Most strikingly, rel-
ative to Reduced Large, Reduced All decreases redemption of Large. Additional
subsidies for smaller quantities impact choices through both an “inclusion” margin,
wherein farmers are induced to shift from non-redemption to Small or Medium, and
a “diversion” margin, wherein farmers are induced to shift from Large to Small or

Medium (Mountjoy, 2022).

When we estimate productive impacts in Section 3.4, we interpret productive impacts
(or lack thereof) as attributable to changes in input use and any complementary re-
optimization. In Appendix Table E5, we nd no impacts of additional subsidies on
resale, storage, or non-eVoucher input value (which is less than 10% of eVoucher in-

put value); impacts on input redemption therefore correspond to impacts on input
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use.

What inputs do farmers redeem? We estimate impacts on total input value and by

category in Table 3.

All three additional subsidies increase use of improved seeds, while only additional
subsidies for Large increase use of fertilizer.'®> Impacts are qualitatively large: ad-
ditional subsidies increase improved seed redeemed value by 38%-49%, while ad-
ditional subsidies for Large increase fertilizer redeemed value by 73%-89%.'* We
present one possible explanation of the differences in impacts of additional subsidies
for smaller and larger quantities in Section 3.5; farmers who use practices comple-
mentary to fertilizer (row planting) redeem fertilizer as a larger fraction of their inputs

redeemed, and are more likely to redeem Large.

Agricultural input subsidies are often regressive, as farmers who purchase inputs,
or who purchase more inputs, are on average wealthier and more productive than
farmers who do not (Du o et al., 2011). In Supplementary Appendix Table F4, we
con rm that farmers who redeem Large (and, to a lesser degree, Medium) appear
much better off than farmers who redeem Small. They are 91% less likely to be female
headed, 0.7 standard deviations wealthier, have 1.3 additional household members,
cultivate 59% more land, and have 83% higher production. These differences imply
that additional subsidies for larger packages are likely to be much more regressive
than additional subsidies for smaller packages. We consider the implications of this

for optimal agricultural input subsidies in Section 4.
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Table 2. First Stage on Package Choice: Inclusion, Diversion, and Intensi cation

Package type

Any Small Medium Large
1) 2) 3) (4)

Reduced Small/ M edium 0.078" -0.019 0.113" -0.016
(0.031) (0.033) (0.030) (0.015)
[0.013] [0.560] [0.000] [0.291]
Reduced Large 0.045 -0.055 -0.094™ 0.195™
(0.032) (0.033) (0.026) (0.024)
[0.162] [0.097] [0.000] [0.000]

Reduced All 0.071" -0.044 -0.026 0.14T
(0.031) (0.034) (0.028) (0.021)
[0.024] [0.186] [0.362] [0.000]

Sample mean of the default group 0.599  0.401 0.174 0.025

Number of observations 1,254 1,254 1,254 1,254
Number of farmers 1,254 1,254 1,254 1,254

Notes “Signi cant at 10%. “Signi cant at 5%. “Signi cant at 1%. Unit of observation: household.
Data are from administrative eVoucher records. Sample: households interviewed at follow-up and
registered for an eVoucher. All regressions are least squares with strata (i.e., community) xed effects
as in Equation 1. Standard errors clustered at the farmer level in parentheses; p-values in brackets.
Appendix Table E1 replicates the estimates on the full sample of registered households (i.e., regardless
of survey status) and on the sample of registered households interviewed at baseline (i.e., regardless
of being interviewed again at follow-up).
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Table 3. First Stage on Inputs: Subsidizing either package increases improved seed
use, subsidizing larger packages increases fertilizer use

Input category

Any  Improved Inorganic Insecticide/ Equipment
seeds fertilizer  pesticides

1) (2 3) (4) 6))
Reduced Small/ M edium 679™ 646" 4 47" -13
(262) (171) (118) (12) (92)
[0.010] [0.000] [0.970] [0.001] [0.889]
Reduced Large 1,414 843™ 342" 18~ 210"
(324) (231) (139) 9) (94)
[0.000] [0.000] [0.014] [0.047] [0.025]
Reduced All 1,246™ 773" 419™ 23" 31
(266) (168) (134) 9 (94)
[0.000] [0.000] [0.002] [0.013] [0.742]
Sample mean of the default group 3,279 1,713 466 16 1,083
Number of observations 1,254 1,254 1,254 1,254 1,254
Number of farmers 1,254 1,254 1,254 1,254 1,254

Notes "Signi cant at 10%. “Signi cant at 5%. * Signi cant at 1%. Unit of observation: household.
Data are from administrative eVoucher records. Sample: households interviewed at follow-up and
registered for an eVoucher. All regressions are least squares with strata (i.e., community) xed effects
as in Equation 1. Standard errors clustered at the farmer level in parentheses; p-values in brackets.
Outcomes, i.e., input values by the column header category, are in nominal Mozambican meticais
(100 MZN 1.5 USD). Appendix Table E6 replicates the estimates on the full sample of registered
households (i.e., regardless of survey status) and on the sample of registered households interviewed
at baseline (i.e., regardless of being interviewed again at follow-up).
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Figure 5. Impacts on Main Outcomes

3.4 Productive Impacts (“Reduced Form”)

We present the impacts of additional subsidies on agricultural production in Figure

5 and Table 4.

Our rst nding is that Reduced Large increases agricultural production by 36%
(6,800 MZN).*® This impact on production is almost ve times larger than the impact
on input value, suggesting high marginal returns to agricultural inputs for farmers
induced to choose Large. We benchmark this production effect by conducting a com-

pliers analysis. Our estimates imply farmers who increase input use under Reduced

Input value is signi cantly larger under Reduced Large and Reduced All than under Reduced
Small/Medium, while input values under Reduced Large and Reduced All are not statistically sig-
ni cantly different from one another.

In Supplementary Appendix Table F5, we show that proportional impacts are much smaller on the
extensive margin. Extensive margin impacts on improved seeds and equipment are almost identical to
impacts on any redemption, as almost all farmers redeem equipment and improved seeds. Additional
subsidies for Large increase probability of fertilizer redemption by 27%-51%, which suggests there
may be both intensive and extensive margin effects on fertilizer use.

In Supplemental Appendix Table F6 and F7, we decompose this effect. Reduced Large signi cantly in-
creases both consumption and sales of agricultural production, and signi cantly increases production
of cash crops and oilseeds, legumes and pulses, and grains.
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Large relative to Default increase their agricultural production from 33,900 MZN to
68,600 MZN, a 102% increase’® This effect is not statistically distinguishable from

the 80% increase estimated by Carter et al. (2021) for a similarly sized input package.

In contrast, we nd almost no signi cant impacts of Reduced Small/Medium
and Reduced All on agricultural production. The lack of impacts of Reduced
Small/Medium on production suggests that Reduced Small/Medium-compliers may
be less marginally productive than Reduced Large-compliers. It is perhaps more
surprising that Reduced All did not increase production, given the large productive
impacts of Reduced Large. This suggests that the “diverted” farmers, who would
have taken up Large under Reduced Large but instead take up Small or Medium
under Reduced All, were particularly marginally productive. As a consequence, the
additional subsidies for smaller and larger quantities we test appear to substitute in
optimal policy: under Reduced All, additional subsidies for smaller quantities erode

the productive impacts of additional subsidies for larger quantities.

Impacts on production are large relative to impacts on inputs and labor, and impacts
on production and pro ts are therefore similar regardless of how we calculate prof-
its.1 /1819 Reduced Large increases pro ts net of input value by 4,900 MZN, over four
times larger than impacts on subsidy payouts (1,200 MZN) and three times larger
than impacts on input value (1,400 MZN). Impacts of Reduced Small/Medium and

Reduced All on pro ts remain small and statistically insigni cant.

We highlight three qualitative interpretations of these ndings, which we quantita-

tively test in sequence.”? First, the large impacts of Reduced Large on pro ts appear

16 \We report estimates of average outcomes under Default for Reduced Large-“compliers” in Appendix
Table E7.

17 Our preferred construction of pro ts subtracts non-eVoucher expenditures on variable inputs, equip-
ment and land rental, and hired labor, and household labor valued at 60% of the median observed
wage (following the rule-of-thumb proposed by Agness et al., 2025). In Supplemental Appendix Table
F8, we show pro t impacts are robust to alternative valuations of labor.

18 Du o et al. (2008) and Carter et al. (2021) also nd limited impacts of fertilizer use on labor. Beaman
et al. (2013) strikingly nd that fertilizer use causes large increases in labor for rice farmers who
broadcast seed, rather than row planting it; one possible explanation is that the returns to fertilizer are
low absent row planting (we present evidence row planting is an important determinant of fertilizer
adoption in Section 3.5), but row planting requires substantial skilled labor (Cefala et al., 2025b).

19 Land tenure in our setting is predominantly informal, so farmers could potentially increase area cul-
tivated without purchasing or renting land. In Supplemental Appendix Table F7, we do not nd any
signi cant impacts on total area cultivated.

20 The formalization of these tests is presented in Appendix C.3.
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inconsistent with pro t maximization. Second, the farmers increasing their input use
in response to Reduced Large appear to be more marginally productive than other
farmers. Third, this heterogeneity in marginal productivity suggests heterogeneity in

the strength of deviations from pro t maximization (“wedges”).

Do farmers prot maximize? Under prot maximization, any change to subsidy
rates from Default should reduce pro ts when inputs are priced at Default subsidy
rates. We strongly reject prot maximization for Reduced Large; Reduced Large
increases prots when inputs are priced at Default subsidy rates by 5,500 MZN.
To quantitatively interpret this rejection, we estimate bounds on the “wedge” be-
tween farmers' willingness to pay for inputs and their impacts on pro ts; wedges are
zero under pro t maximization. We note that complier average wedges-plus-one are
bounded between the ratio of impacts on pro ts gross of inputs to impacts on input
expenditures valued at either reference prices or comparison prices. Our estimates
imply an average wedge of at least 8 for Reduced Large-compliers. This point esti-
mate comes with economically meaningful uncertainty; we cannot reject a value of

1.5, our preferred calibration in our welfare analysis in Section 4.1.2.

Are marginal products of inputs heterogeneous? We test for heterogeneity in
marginal products by using our three experimental arms as instruments for input
value and running an overidenti cation test, with either agricultural production or
pro ts gross of inputs as an outcome. “* We strongly reject the null of homogeneous

marginal products in both cases (p = 0.036 andp = 0.095, respectively).

Are deviations from pro t maximization heterogeneous? One potential explana-
tion of heterogeneity in marginal products of inputs is that marginal prices are het-
erogeneous under Default; the incremental subsidy rate falls from 90% for Small to
33% for moving from Medium to Large. We test whether the distortion introduced by
nonlinear pricing can fully explain heterogeneity in marginal products of inputs by
testing for homogeneous wedges. We implement one-sided tests of whether the lower
bound on complier average wedges for Reduced Large is above the upper bound on
complier average wedges for Reduced Small/Medium and Reduced All; we reject

the null of homogeneous wedges for Reduced All ( p = 0.011), but fail to reject for

Formally, we test for heterogeneity in a weighted average of complier marginal products (Angrist et al.,
2000), which may include negative weights.
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Reduced Small/Medium ( p = 0.383) albeit with less power.

This last nding implies that, at least among farmers who shift their input use under
Reduced All relative to Reduced Large, the farmers using more inputs also relatively
“undervalue” them. This is perhaps surprising. It conicts with the intuition that
farmers using more inputs are richer, and should therefore be less nancially con-
strained and closer to pro t maximization. However, farmers using more inputs are
also more productive, which may simultaneously cause nancial constraints to bind
more tightly. Concretely, a farmer who can borrow 1,000 MZN and optimally uses
1,000 MZN of inputs will be less marginally productive than a farmer who can bor-

row 2,000 MZN and optimally uses 3,000 MZN of inputs.

We present complementary evidence of larger productive impacts among more pro-
ductive farmers by estimating quantile treatment effects on pro ts. In Appendix Fig-
ure E3, we nd the largest impacts on pro ts of Reduced Large on higher quantiles

of the pro t distribution.

3.5 Is There Heterogeneity in Average Productivity?

One possible interpretation of our results is that we should distribute a large quantity
of inputs to all farmers to maximize ef ciency, as in many input subsidy programs in
Africa. This would be the case if all heterogeneity in input demand across farmers is
attributable to distortions. Our results above do not reject this possibility, as a higher
marginal product for farmers with more input use could be attributed to increasing

returns to scale.

While we do not directly test the impacts of free distribution of a large quantity
of inputs, we present evidence that there is meaningful heterogeneity in productivity
that shapes input demand, which would imply that free distribution (absent resale) is
inef cient. Speci cally, we present evidence that there are large differences in input
demand and productive impacts between farmers who do and do not row plant.
Row planting is an agricultural practice that is strongly complementary to the use
of inorganic fertilizer, but hard to learn (Cefala et al., 2025a,b). Moreover, inorganic

fertilizer is complementary to the use of improved seeds (Suri, 2011). In other words,
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Table 4. Impacts on Main Outcomes

Prots
Production Gross Net Net Net Subsidy
value of inputs of copay  of copay of payout
at realized at default input
prices prices value
(1) 2) 3) (4) ©)
Reduced Small/ M edium 723 1,169 1,347 1,152 741 621

(2,095) (1,894)  (1,892) (1,894) (1,903)  (165)

[0.730] [0.537] [0.477] [0.543] [0.697] [0.000]
Reduced Large 6,775" 6,164 6,096 5519° 4,893 1,207"

(2,478) (2,174)  (2,178) (2,176) (2,184) (207)

[0.006] [0.005]  [0.005] [0.011] [0.025] [0.000]
Reduced All 301 1,312 1,472 888 236 1,253

(1,895) (1,753)  (1,747) (1,745) (1,746)  (189)

[0.874] [0.454]  [0.400] [0.611] [0.893] [0.000]
Over-identi cation test

Hansen J statistic 6.6 4.7 4.2 4.4 4.5

p-value 0.036 0.095 0.120 0.108 0.103
Sample mean of the default group 18,852 9,177 8,703 8,703 6,171 2,533
Number of observations 1,254 1,254 1,254 1,254 1,254 1,254
Number of farmers 1,254 1,254 1,254 1,254 1,254 1,254

Notes "Signi cant at 10%. “Signi cant at 5%. " Signi cant at 1%. Unit of observation: household.
Data on “Production value' and "Pro ts' are from our household surveys; “Subsidy payout' and “input
value' are based on administrative eVoucher records. Sample: households interviewed at follow-up
and registered for an eVoucher. All regressions are least squares with strata (i.e., community) xed
effects — and controlling linearly for the baseline value of the dependent variable in Columns 1 and 2
— as in Equation 1. Standard errors clustered at the farmer level in parentheses; p-values in brackets.
Outcomes are in nominal Mozambican meticais(100 MZN 1.5 USD). "Pro ts' are de ned as the sum
of agricultural production value (i.e., the value of harvest regardless of whether it was consumed,
sold, or stored using median prices in the whole study sample) during the 2023 primary season minus
expenses on improved seeds, inorganic fertilizer, herbicide, insecticide, pesticides, equipment and
land rental, hired labor, and household labor (priced at 60% of the median wage across casual labor
days). The over-identi cation tests are implemented with the three random treatments as excluded
instruments and input value as endogenous variable.
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adoption of row planting transforms the agricultural technology in a manner that

increases optimal use of improved seeds and inorganic fertilizer. %2

We estimate the impacts of additional subsidies on input use and production, split
between farmers who do and do not row plant, in Table 5. Descriptively under De-
fault, these two groups of farmers appear very different. row planters use 50% more
inputs, 215% more fertilizer, have 47% higher output, and earn 57% higher prof-
its. While additional subsidies increase input and improved seed use for both row
planters and non-row planters, they increase fertilizer use and agricultural produc-
tion only for row planters. Given existing evidence that non-row-planting farmers
do not experience large increases in pro ts from fertilizer use (Beaman et al., 2013),

these results are consistent with productive heterogeneity shaping input demand.

3.6 Why is Marginal Productivity so High?

A key nding in Section 3.4 is that the large productive impacts of Reduced Large
require a large wedge between willingness to pay and pro ts to rationalize; what
explains this large wedge? We consider two prominent sources of wedges in input
demand, without ruling out other potential explanations. First, farmers may under-
estimate the productive returns to inputs, and learn these returns from observing
input use (Carter et al., 2021). Second, farmers may face credit, risk, or other nan-
cial constraints alleviated by wealth that cause them to discount the expected value
of agricultural production at harvest relative to input expenditures at planting (Kar-
lan et al., 2014). Our results above do not separate between these distinct potential

sources of wedges.

We present evidence below of learning and nancial constraints from the impacts of
additional subsidies on long run adoption after additional subsidies were phased out.

First, we show that additional subsidies persistently increased adoption, consistent
with learning. Second, we show that persistent impacts of additional subsidies on

adoption are concentrated among richer farmers, suggestive of nancial constraints.

One might be inclined to apply this evidence to suggest targeted distribution of inputs to row-planting
farmers could be an optimal policy. However, targeting on row planting is likely infeasible in practice.
Evidence of one unobservable (to the policymaker) determinant of productivity and input demand
also suggests the existence of others (e.g., land quality, cultivated area).
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Table 5. Impacts by Row Planting

Input values Main outcomes
Any Improved Chemical Production Prots Subsidy
seeds fertilizer value payout
1) 2 (3 (4) ) (6)
Households not row planting
Reduced Small/ M edium 1,043 818" 78 -1,077 -739 369
(533) (335) (189) (3,071) (2,814) (297)
[0.051] [0.015] [0.678] [0.726] [0.793] [0.215]
Reduced Large 484 278 -37 3,085 3,032 359
(435) (280) (157) (2,923) (2,721) (316)
[0.267] [0.323] [0.814] [0.292] [0.266] [0.256]
Reduced All 866" 644" 114 -1,474 995 878
(416) (278) (142) (2,579) (2,446) (320)
[0.038] [0.021] [0.421] [0.568] [0.684] [0.010]
Sample mean of the default group 2,455 1,366 176 14,141 6,004 2,090
Number of observations 486 486 486 486 486 486
Number of farmers 486 486 486 486 486 486
Households row planting
Reduced Small/ M edium 513 563" 5 1,907 3,114 647
(357) (236) (191) (3,449) (3,012) (235)
[0.151] [0.017] [0.980] [0.581] [0.302] [0.007]
Reduced Large 2,088"  1,209™ 601™ 9,868  9,068" 1,708™
(497) (368) (226) (3,950) (3,346) (301)
[0.000] [0.001] [0.008] [0.013] [0.007] [0.000]
Reduced All 1,589™  795™ 720™ 1,369 2,688 1,557
(385) (246) (227) (2,955) (2,680) (269)
[0.000] [0.001] [0.002] [0.643] [0.316] [0.000]
Sample mean of the default group 3,680 1,927 556 20,786 9,434 2,758
Number of observations 726 726 726 726 726 726
Number of farmers 726 726 726 726 726 726

Notes “Signi cant at 10%. "Signi cant at 5%. “"Signi cant at 1%. Unit of observation: household.
Data on “input values' and "Subsidy payouts' are based on administrative eVoucher records; data on
‘row planting’, "Production value', and "Prots' are from our household surveys. Sample: house-
holds interviewed at follow-up and registered for an eéVoucher. All regressions are least squares with
strata (i.e., community) xed effects — and controlling linearly for the baseline value of the dependent
variable in Columns 4 and 5 — as in Equation 1. Standard errors clustered at the farmer level in paren-
theses; p-values in brackets. Outcomes are in nominal Mozambican meticais(100 MZN 1.5 USD).
"Pro ts' are de ned as the sum of agricultural production value (i.e., the value of harvest regardless
of whether it was consumed, sold, or stored using median prices in the whole study sample) during
the 2023 primary season minus expenses on improved seeds, inorganic fertilizer, herbicide, insecticide,
pesticides, equipment and land rental, hired labor, and household labor (priced at 60% of the median
wage across casual labor days). First-stage estimates on package choice by row planting are in Sup-
plementary Appendix Table F9.
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These results imply that learning can partly, but not fully, explain wedges between

willingness to pay and pro ts.

We present our test of learning in Figure 6. Additional subsidies continue to have sig-
ni cant impacts on adoption in the two years after they ended. “° Effects are between
one and two thirds as large as the short run effects. We conduct a simple back-of-
envelope using these effects to calibrate the effect of Reduced Large on willingness to
pay, which we attribute to learning. The long-run adoption impact of Reduced Large

is 38% of the short-run adoption impact, while the price of Large is 163% higher

under Default and in the long run, suggesting willingness to pay increased by 62%.

Figure 6. Impacts on Long-Run Adoption

We present suggestive evidence that nancial constraints may also affect input de-
mand in Table 6, by documenting heterogeneity in short-run and long-run adoption

impacts of additional subsidies for larger quantities. ?* If additional subsidies over-

23 Coef cients are reported in Supplementary Appendix Table F11.

24 We pool Reduced Large or All, relative to a pooled reference group of Default or Reduced
Small/Medium, and focus on Large adoption for power and parsimony; results are similar in a speci-
cation estimating effects separately for each experimental arm in Appendix Table F11.
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come nancial constraints, then more constrained farmers should see long-run adop-
tion fall even if they learn. We use baseline wealth as a proxy for nancial constraints;
while wealth is likely to be correlated with other determinants of input demand, in-
cluding row planting, suf ciently wealthy households are unlikely to face binding
credit constraints when purchasing agricultural inputs. With this caveat, we nd that
the impacts of additional subsidies on long-run adoption all but vanish for poorer
farmers. Predicted effects fall by 76% at the 25th percentile of wealth, but only 59% at
the 75th percentile of wealth. These results suggest that even fully-informed farmers
may not pro t maximize when choosing inputs; we allow for this possibility in our

welfare analysis in Section 4.

4 Quantitative Framework

The results above reveal an equity—ef ciency tradeoff. Increasing subsidy rates for
large quantities of inputs under Reduced Large has the largest productive impacts.
Increasing subsidy rates for smaller quantities of inputs directs subsidy payouts to-

wards the relatively poorer farmers who redeem smaller quantities.

How do we get from these experimental results to the “right” price? To evaluate
the tradeoff between transfer progressivity and productive impacts, we calculate the
marginal value of public funds (“MVPF”, Hendren and Sprung-Keyser, 2020) of our
three treatment arms. We do so in a quantitative framework where households do
not fully internalize the productive impacts of agricultural inputs, formalized in Ap-

pendix C.1. We link the MVPF in this framework to suf cient statistics identi ed by

our experiment in Section 4.1. We analyze how MVPF, and in turn the optimal policy,
vary as a function of planner preferences over transfer progressivity and productive

ef ciency in Section 4.2.

4.1 Welfare Analysis (with Internalities) Meets Causal Inference

(Finkelstein and Hendren, 2020)

We consider the problem of a social planner choosing between the three treatment
arms in our experiment, who values both equity and productive ef ciency. The plan-

ner values equity, in that they would prefer to transfer resources and increase agri-
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Table 6. Short- and Long-Run Impacts on Adoption by Wealth

Package type

Any Large
Short Long Short Long
run run run run
(1) (2) ) (4)
Reduced Large or All 0.047 0.037 0.113" 0.018
(0.041) (0.031) (0.027) (0.016)
[0.259] [0.245] [0.000] [0.273]
Asset index 0.005 0.018" 0.006 0.001
(0.009) (0.007) (0.005) (0.003)
[0.548] [0.008] [0.229] [0.716]
Reduced Large or Al Asset index -0.009 -0.013 0.020 0.014™
(0.012) (0.009) (0.009) (0.005)
[0.454] [0.143] [0.020] [0.008]
Predicted effect on:
25th percentile of Asset index 0.038 0.023 0.133 0.032"
(0.032) (0.025) (0.021) (0.012)
[0.238] [0.345] [0.000] [0.010]
75th percentile of Asset index 0.002 -0.031 0.217° 0.087"
(0.033) (0.027) (0.026) (0.015)
[0.946] [0.258] [0.000] [0.000]
Sample mean of the comparison group 0.599  0.453 0.025 0.019
Number of observations 1,254 2,508 1,254 2,508
Number of farmers 1,254 1,254 1,254 1,254

Notes “Signi cant at 10%. “Signi cant at 5%. “Signi cant at 1%. Unit of observation: household.
Data on package choice are from administrative eVoucher records; "Asset index' is from our baseline
household surveys. Sample: households interviewed at follow-up and registered for an eVoucher.
All regressions are least squares with strata (i.e., community) xed effects. Standard errors clustered
at the farmer level in parentheses; p-values in brackets. Estimates pooling all waves and including
a triple interaction with a "Long run' indicator variable (equal to 1 for the 2024 and 2025 primary

seasons, and 0 for the 2023 primary season) are in Supplementary Appendix Table F10. Estimates
from a fully-saturated model, i.e., including the three treatment assignments, are in Supplementary

Appendix Table F11.
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cultural production for poorer households relative to richer households. The planner
also directly values productive ef ciency, because they believe that households un-
derestimate or undervalue the productive impacts of inputs. Our ndings of very
high returns to inputs from Reduced Large (Section 3.4) and that temporary addi-
tional subsidies had persistent impacts on input use (Section 3.6) strongly suggest

that households underestimated or undervalued the productive impacts of inputs.

Given the planner's problem, we rank the optimality of the three treatment arms us-
ing the MVPF. The MVPF is simply the ratio of households' willingness to pay for a
policy to the policy's cost to the government. Formally, the MVPF ranks policies in
that the social planner prefers a budget neutral rebalancing from one policy towards a
second if and only if the social-marginal-utility-weighted MVPF of the second policy
is larger than that of the rst (Hendren and Sprung-Keyser, 2020). Recent work ex-
tends the MVPF to allow for externalities one simply adds any uninternalized social
bene ts from households' behavioral responses to households' private willingness to
pay (Hahn et al., 2025). Our context instead features internalities when households
choose inputs, they do not internalize the underestimated fraction of their productive
impacts. We therefore extend the MVPF to allow for internalities by applying frame-
works used to analyze optimal taxation with internalities (Allcott et al., 2019; Farhi
and Gabaix, 2020). In Appendix C.1, we show that uninternalized productive impacts
are weighed by the household's willingness to pay for agricultural production, and

added to households' bene ts.

This approach yields an MVPF with four ingredients, which we present in Equation
2. First, household consumer surplus DWTP;, that is their willingness to pay for the
price changes. Second, impacts on household production, DProduction, times the
planner's direct weight on productive ef ciency g. The sum of these two terms is the
“bene ts” from the policy. Third, the planner weighs bene ts by household social
marginal utility | ;. Fourth, the planner calculates the MVPF as the ratio of social
marginal utility weighted bene ts to the change in subsidy payouts, that is the costs
of the policy to the government.

MvpE = &ili-weighted (DWTP; + g DProduction;)
& DCosts to government;

(2)
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We estimate the MVPF using three suf cient statistics identied by our experi-
ment, whose estimation we discuss in Section 4.1.1. First, the social-marginal-utility-
weighted consumer surplus from treatment. Second, the social-marginal-utility-
weighted treatment effect on agricultural production. And third, the treatment effect
on subsidy payouts. In addition, the MVPF depends on two additional parameters
that re ect the social planner's preferences, whose calibration we discuss in Section
4.1.2. First, g, the planner's direct weight on productive ef ciency. And second, |,
the vector of social marginal utility weights themselves, which we parametrize below

as a function of the planner's inequality aversion h and households' baseline wealth.

4.1.1 Sufcient Statistics for Marginal Value of Public Funds

Consumer Surplus from Treatment. = We calculate nonparametric bounds on con-
sumer surplus from each treatment using our experimental demand estimates. 2> We
begin by constructing naive bounds: the lower bound is the change in consumer
surplus if choices are xed as under Default, and the upper bound is the change in
consumer surplus if choices were xed as under treatment. For instance, for Reduced
All, the naive lower bound is 300 MZN times the fraction adopting Small/Medium
under Default, plus 2,600 MZN times the fraction adopting Large under Default.
For comparison, the naive upper bound is 300 MZN times the fraction adopting
Small/Medium under Reduced All, plus 2,600 MZN times the fraction adopting
Large under Reduced All.

We are able to sharpen naive bounds on consumer surplus, leveraging two additional
sources of information from our 2 2 experimental design. First, anyone who does
not choose Large under Reduced All, including those who choose Large under Re-
duced Large, cannot gain more than 300 MZN of consumer surplus from Reduced
All relative to Default. We apply this to sharpen the upper bound on consumer sur-
plus from Reduced Large relative to Default. Second, anyone who chooses Large
under Default, including those who do not under Reduced Small/Medium, gains at
least 2,300 MZN of consumer surplus from Reduced Large or Reduced All relative

to Reduced Small/Medium. We apply this to sharpen the lower bound on consumer

We report expressions for all bounds in Appendix C.2. For a generic analysis of the problem, see
Tebaldi et al. (2023).
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surplus from Reduced Large or Reduced All relative to Reduced Small/Medium.

These bounds on consumer surplus are functions of unweighted choice probabilities.
Bounds on social-marginal-utility-weighted consumer surplus use social-marginal-

utility-weighted choice probabilities.

Treatment Effect on Agricultural Production. Treatment effects on agricultural pro-
duction were presented in Table 4. With social marginal utility weights, we reestimate

social-marginal-utility-weighted treatment effects.

Treatment Effect on Subsidy Payouts.  Treatment effects on subsidy payouts were

presented in Table 4.

4.1.2 Calibrated Parameters for Marginal Value of Public Funds

Direct Weight on Productive Ef ciency g. When households underestimate or un-
dervalue the productive impacts of inputs, a paternalistic planner directly incorpo-
rates productive impacts into bene ts. In Appendix C.1, we show that the planner's
weight g on productive impacts is the product of a discount factor, households' will-
ingness to pay for agricultural production, and a wedge, the fraction of productive
impacts that households did not internalize. We calibrate our preferred value of g in
two steps. First, we apply a discount factor of 0.6; over a 6 month cycle for typical
primary season crops, this implies an 8 percent required monthly return on invest-
ment.”® Second, in Section 3.6 we estimated that Reduced Large increased willingness
to pay by approximately one half, which we interpret as evidence that households
underestimate the returns to inputs by at least one third. Multiplying the discount
factor by the wedge vyields our preferred value of g = 0.2; in Section 4.2 we consider
g 2 [0.0,0.3.

Inequality Aversion h and Social Marginal Utility | ;. We calculate social marginal
utility weights following Eden and Freitas (2024a,b), who recommend using CRRA
preferences with inequality aversion of h = 1 for Mozambique and h 2 [0.6,1.9

more generally. With CRRA preferences, | ; p exp( hlog C;), where C; is household

Selected estimates of the monthly return on investment in developing countries range from 5% in Sri
Lanka (De Mel et al., 2008), to 10% in India (Hussam et al., 2022), to 18% in Mali (Beaman et al., 2023),
to over 20% in Mexico (McKenzie and Woodruff, 2008).
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I's consumption. As we did not include a consumption module in our household
survey, we instead use households' baseline asset index to construct predicted log
consumption, log C;.2” In Section 4.2, we apply social marginal utility weights | ; p
exp( hlog C)), and we consider h 2 [0, 2.

4.2 \Welfare Analysis of the Experiment

We calculate the MVPF for each of our three treatment arms, at our preferred values
for planner preferences (g = 0.2,h = 1) and also without direct weight on productive
ef ciency (g = 0) or without inequality aversion ( h = 0), in Table 7. We additionally
report all suf cient statistics used to construct the MVPF, including social-marginal-

utility-weighted consumer surplus bounds and treatment effects on production.

Our suf cient statistics descriptively replicate the equity—ef ciency tradeoff. Lower
bounds on consumer surplus, relative to impacts on subsidy payouts, are largest for
Reduced Small/Medium, and smallest for Reduced Large. Introducing inequality
aversion ampli es these differences: consumer surplus from Reduced Large and Re-
duced All falls sharply, because wealthier households are more likely to choose Large,
while consumer surplus from Reduced Small/Medium is unaffected. When produc-
tive impacts are ignored, Reduced Small/Medium appears optimal. In contrast, pro-
ductive impacts are largest under Reduced Large. While the social-marginal-utility-
weighted impacts of Reduced Large on production are smaller than the unweighted,
weighted impacts remain large relative to subsidy payouts. When consumer surplus

is ignored, Reduced Large appears optimal.

At our preferred calibration of the planner's preferences, the MVPF of Reduced Large
is at least 50% larger than the MVPF of Reduced Small/Medium and Reduced All.
The bounds on the MVPF for Reduced Large include 1, the MVPF for an untargeted
unconditional cash transfer. Reshaping agricultural input subsidies therefore com-

pares favorably to a commonly applied benchmark for cost-effective policy.

The planner's inequality aversion and weight on productive impacts shape the high

We estimate the relationship between our asset index and log consumption in a separate household
survey including asset and consumption modules, the 2022 Mozambique Household Budget Survey
(INE, 2023), with additional details in Appendix D.
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Table 7. Welfare

Comparison
Reduced Reduced Reduced
Small/ M edium Large All
versus versus versus
Default Default Default
1) (2) 3)
Panel A: Impacts on ...

Production

Unweighted 723 6,775%** 301

| -weighted (h = 1) -178 4,383* 446
Consumer surplus

Unweighted [172, 198] [65, 451] [237, 589]

| -weighted (h = 1) [172, 197] [33,379] [205, 528]
Subsidy payouts 621*** 1,207*** 1,253***

Panel B: MVPF

Unweighted

g=0 [0.28, 0.32] [0.05, 0.37] [0.19, 0.47]

g=0.20 [0.51, 0.55] [1.18, 1.50] [0.24, 0.52]
| i-weighted (h = 1)

g=0 [0.28, 0.32] [0.03, 0.31] [0.16, 0.42]

g = 0.20 [0.22, 0.26] [0.75, 1.04] [0.23, 0.49]

Notes “Signi cant at 10%. “Signi cant at 5%. “Signi cant at 1%. Unit of observation: household.

Data on package choice and “Subsidy payouts' are from administrative eéVoucher records; "Produc-
tion' and "Asset index' are from our follow-up and baseline household surveys, respectively. Sample:

households interviewed at follow-up and registered for an eVoucher.
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MVPF of Reduced Large in opposing directions. Eliminating inequality aversion
increases the MVPF for Reduced Large by 50%, as productive impacts are con-
centrated among wealthier households. The proportional increase is equal to the
bene t-weighted average social marginal utility, and implies that the average Re-
duced Large bene ciary has 40% higher consumption than the average household.
Absent weight on productive impacts, the MVPF is equal to the ratio of consumer
surplus to subsidy payouts. Consequentially, without weight on productive impacts,

Reduced Small/Medium has the highest lower bound on MVPF.

To more exibly evaluate the impact of the planner's preferences on optimal policy,
we plot the optimal policy as a function of the planner's preferences in Figure 7. Note
that as the MVPF is only partially identi ed, policies may only be partially ranked. ~ %°

We highlight two key takeaways from Figure 7.

First, the planner's optimal policy is robust to the choice of inequality aversion, and is
instead primarily driven by the weight placed on productive impacts. With a weight
on productive impacts that is even half of our preferred value, Reduced Large is

optimal at all values of inequality aversion we consider.

Second, we apply the insight from Bjorkegren et al. (forthcoming) that the mapping
from planner preferences to optimal policies can be inverted. A planner who chooses
a high subsidy rate on a xed quantity of inputs, similar to Reduced Small/Medium,
either places a low weight on productive impacts or has implausibly high inequality
aversion. This suggests such a planner either views large productive impacts as ra-
tionalized by high discount rates, rather than wedges, or faces alternative constraints
potentially linked to political economy or state capacity. In contrast, a planner who
chooses a uniform subsidy rate, similar to Reduced Large, places at least a moderate

weight on productive impacts.

Third, Reduced All compares poorly to both Reduced Large and Reduced
Small/Medium at almost all values of the planner's preferences. With even a very
small weight placed on productive impacts, Reduced Large is preferred to Reduced

All. The additional subsidy for Large under Reduced All requires a high subsidy pay-

Bounds on differences between MVPF are sometimes narrower than differences in bounds; we discuss
details of comparisons between MVPF in Appendix C.2.
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Figure 7. Welfare and the Planner's Preferences

out, yet Reduced All does not cause large productive impacts. When a low weight is
placed on productive impacts, Reduced Small/Medium and Reduced All cannot be
ranked. However, this is attributable to the possibility that many of the households
who choose Large under Reduced All have a willingness to pay for Large that is
close to the Default price; this is prima facie unlikely given Reduced All signi cantly
reduces the number of households choosing Large relative to Reduced Large. Du o
et al. (2011) raise the possibility that agricultural input subsidies may be both regres-
sive and inef cient, and consequentially doubly ineffective. We nd Reduced All is
doubly ineffective. That is, double inef cacy is a function of the shape of agricultural

input subsidies.

5 Conclusion

The most common agricultural input subsidy programs in Africa offer high subsidies
for a large xed package of agricultural inputs. In this paper, we show that this

design is inef cient. We experiment with the shape of agricultural input subsidies
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in the context of rural Mozambique and show that 1/ farmers respond to prices,

and 2/ farmers are heterogeneous in their input demand. Prices therefore enable
self-targeting. The most uniform subsidy rate among those we tested maximizes
productive ef ciency. Despite being the most regressive of the four subsidy schedules

we test, it is optimal under plausible social preferences.

To normatively evaluate subsidy schedules, we develop and apply a simple approach
to welfare analysis with internalities. We allow a exible speci cation of welfare
weights and rich heterogeneity across households. This framework is particularly
relevant to interpret results from experiments in development economics, where sub-
sidies or taxes are widely used to address internalities. Common approaches to eval-
uate these interventions include either assuming households are fully optimizing or
ignoring that households optimize at all; we present evidence that neither extreme
is true. Instead, we nd that optimizing the shape of agricultural input subsidies
increases their productive impacts by increasing input use by farmers who underes-

timate these impacts and learn from experience.

What is the optimal shape of input subsidies? And given the role of learning, how
should shape evolve over time? While these questions are beyond the scope of this
paper, our ndings imply that their answers are consequential for agricultural pro-

ductivity and welfare in low-income contexts.
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