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Abstract

Low fertilizer application by small farmers continues to inhibit crop yields
around the world. The reasons behind low application rates continue to be de-
bated. We study the longer-term outcomes of a field experiment which focused
on increasing fertilizer use. The original experiment showed that plot-specific
fertilizer recommendations combined with a subsidy increase amounts of ap-
plied fertilizer and maize yields relative to either intervention alone. We show
that these effects dissipate once the subsidy is discontinued. Our results indi-
cate that ability to pay for fertilizer continues to limit fertilizer use even when
farmers have information about appropriate fertilizer types and amounts, and
even after farmers have learned that fertilizer use is profitable. (JEL O13, Q16,

QIg)

I Introduction

Although many regions of the world have achieved dramatic increases in agri-
cultural productivity since the Green Revolution, staple cereal yields remain low
throughout sub-Saharan Africa (SSA). One important contributor to this low pro-
ductivity is limited use of mineral fertilizer (Duflo et al., 2008; Xu et al., 2009;
Harou et al., 2017, 2022). Researchers have studied a range of explanations for
low investment in mineral fertilizer, including unresponsive soils, high transaction
costs, farmers’ time preferences, non-adoption among peers, uncertainty, and ab-
sence of information about the suitability of fertilizer types and specific quantities
for a farmer’s soils (Marenya and Barrett, 2009; Duflo et al., 2011; BenYishay and
Mobarak, 2018; Harou et al., 2022; Emerick and Dar, 2021).!

This study extends the work of Harou et al. (2022), which evaluated effects
of two interventions to increase fertilizer use and maize yields in Tanzania: plot-

specific fertilizer recommendations and vouchers to purchase agricultural inputs.

"For a summary, see Suri and Udry (2022).



Harou et al. (2022) evaluated the impact of information provision and vouchers
individually and in combination relative to a control group. Concluded in 2016,
the study demonstrated three results. First, only farmers who received vouchers
increased amounts of fertilizer they purchased and applied. Second, the increase
in fertilizer use among farmers who received both vouchers and plot-specific rec-
ommendations was more than twice the increase among farmers who received only
vouchers. Third, only the combination of vouchers and plot-specific recommen-
dations increased maize yields, increasing per acre profits by an average amount
equivalent to 7-9 days of wage work.

While the majority of studies related to evaluating policies and programs to
increase agricultural input use in SSA have focused on time spans of one to three
years’, in this paper, we estimate the effects of the Harou et al. (2022) experiment
five years on: three years after the vouchers were discontinued and after plot-level
fertilizer recommendations were extended to all farmers — including the group who
received only vouchers and the control group. In August 2019, we successfully
resurveyed almost 90% of the original 1,050 households from Harou et al. (2022)
to determine how fertilizer applications and yields had evolved. We also collected
polygons of farmers’ plots using GPS devices to compare farmers’ self-reported
yields and plot areas with satellite-derived yield estimates and GPS-based plot sizes.

We find that the treatment effects from 2016 have dissipated.® In 2019, fertilizer
applications and maize yields are similar across all treatment groups as well as the

control group. This lack of long-term effect on fertilizer use and yields is driven

ZDuflo et al. (2011) collect data on three seasons in their behavioral bias experiment; Beaman
et al. (2021) follow farmers for three years to study adoption of pit planting and crop residue man-
agement; Carter et al. (2021) collect data for two years after the implementation of an input subsidy
program; and Karlan et al. (2014) follow farmers receiving cash grants or insurance or both for three
years.

30ur findings are similar to Fishman et al. (2021) who do not find impacts on mineral fertilizer
adoption three and six seasons after phaseout of a program that included extension and a subsidy.
However, they do find positive impacts on long term adoption of improved seeds.



by the fact that farmers who received vouchers and plot-level recommendations
have reverted to baseline levels of fertilizer use. Control farmers did not increase
fertilizer use after receiving plot-level recommendations in 2016.

The results suggest that farmers cannot afford fertilizer in the absence of an
intervention that supports their ability to pay for fertilizer. The Harou et al. (2022)
experiment indicated that farmers need both plot-level fertilizer recommendations
and a subsidy to increase application of fertilizer. However, another potential reason
for low investment in the recommendation-only and control groups may have been
that farmers did not know if increasing fertilizer would be profitable. In the original
experiment, farmers in the voucher and recommendation group learned from their
experience that the recommended fertilizer is profitable. Therefore, the results in
this study strongly suggest that ability to pay at the beginning of the planting season
continues to be a constraint even once farmers know how much and which fertilizers
they should apply, and they know that fertilizer is profitable.

The question remains how much financial support farmers need to continue in-
vesting in fertilizer. Interventions may need to address insufficient liquidity, unin-
sured risk, and/or preference profiles that prevent farmers from investing early in
the season, when they have cash on hand (Duflo et al., 2011). The needed support
is likely to depend on realizations of climate conditions. A significant drought af-
fected outcomes during the follow-up season in the Harou et al. (2022) experiment,
in 2016. Farmers who received both vouchers and recommendations experienced
significantly smaller yield declines relative to baseline than did farmers in the re-
maining study groups. However, the challenge of coping with the drought may have
prevented even the farmers in the voucher and recommendation group from accu-
mulating the cash reserves necessary to purchase fertilizer in subsequent seasons.

We also compare results obtained with self-reported yields and satellite-based

measures of maize yields. Self-reported plot area and crop production may be sub-
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ject to misreporting and non-classical measurement error (Abay et al., 2019), con-
tributing to researchers’ interest in GPS-based area measures and satellite-based
production assessments (Lobell et al., 2020). We show that the satellite-based yield
measures confirm that treatment and control groups experienced similar yields in
2019. However, satellite-based yield measures also suggest that no treatment group
experienced higher maize yields in 2016, despite substantially increased use of fer-
tilizer in the voucher plus recommendations group. We hold that these results do
not warrant revision of Harou et al. (2022) for at least two reasons.

First, satellite-based yield measures in our data use plot area measured by GPS
in 2019. In order to obtain plot areas for 2016, to re-estimate the treatment effects
in the original experiment, we asked farmers to recall the boundaries of their main
maize plots in 2016. We show that the GPS-based measure matches self-reported
plot area well in 2019 but it does not match well plot areas that farmers self-reported
in 2016. The reason may be, not surprisingly, that farmers’ recall in 2019 of the
2016 plot boundaries is worse than their recall of the 2019 boundaries. The process
of obtaining GPS measures for prior years may include measurement error, biasing
yields downward.

Second, research has not yet addressed concerns about accuracy of satellite
measures over small spatial scales. For example, satellite-based yield measures
may be more accurate on pure-stand farm plots than on intercropped plots (Lo-
bell et al., 2020). In our data, pure-stand plots exhibit heterogeneous yield effects
based on satellite data that are consistent with the self-reported yields. We find a
significant impact of the voucher and recommendation treatment pure-stand plots
in 2016 that are above median size with an effect size of 0.25 standard deviation
units. Impacts in 2016 are concentrated among and driven by the most productive
farmers. Overall, these results are consistent with Suri (2011) who finds important

heterogeneity in returns to adoption.



The remainder of this paper is organized as follows: section II details our ex-
perimental design and data sources. Section III presents the estimation strategies
and section I'V reports the main results. We present heterogeneity in section V and

discuss the results in section VI. Section VII concludes.

II Research Design

II.1 The 2014 Randomized Experiment

We begin with an overview of the design and results of the original 2014 RCT.*
Farmers were randomly invited to participate in the original study in two stages.
First, out of all maize-growing and accessible villages in Morogoro Rural District,
Morogoro Region, Tanzania, 27 villages were assigned randomly as control and
20 as treatment. Second, within the 20 treatment villages, farmers were randomly
allocated to one of four groups (recommendations, vouchers, both treatments, and
control). Researchers designed the study this way to permit testing of spillovers
by comparing control farmers in control villages and control farmers in treatment
villages. As in Harou et al. (2022), we focus in this paper on the treatment effects
on the main maize plot (MMP), the plot identified by the farmer as most important
for household food security and income.

Figure 1 shows the number of participants per treatment (source: Harou et al.
(2022)). Ten eligible farmers were randomly selected to participate in the study in
each control village. In treatment villages, the farmers were assigned randomly to

one of the following arms (10 farmers per arm):

1. Plot-specific recommendations (Group R): Farmers received information about

which fertilizer types and quantities they should apply on their 2014 MMP.

4Full details for the 2014 study can be found in Harou et al. (2022).
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Farmers were provided with recommendations both for one acre of maize
culitvation and for one half an acre of maize. Each farmer’s recommenda-
tions were based on analysis of soil samples collected from the farmer’s plot
and tested by a team of agronomists and soil scientists from Sokoine Uni-
versity of Agriculture (SUA). Agronomists then met with treated farmers and
presented them with a card explaining their soils’ deficiencies and what fer-

tilizers were recommended for their MMP.

2. Vouchers (Group V): Farmers in this group were given a voucher valued
at 80,000 TZ Shillings (about 40 USD at the time of the study) that they
could redeem to purchase any fertilizer they wanted from a specific agro-input
dealer. The voucher was sufficient to cover most fertilizer recommendations

for a 0.5-acre plot.

3. Plot-specific recommendations and vouchers (Group V+R): This group re-
ceived both a voucher and recommendations as described above (treatments

V and R).

4. Control farmers (Group C): Control farmers received neither recommenda-
tions nor vouchers in 2016. This group consisted of control farmers in treat-
ment villages only since we exclude control villages, as detailed in section

11.4.

Farmers in the voucher and control groups received plot-specific fertilizer rec-
ommendations at the end of the experiment and the collection of the 2016 first end-
line data. Thus, all farmers had received plot-specific fertilizer recommendations

by the time we collected data in 2019.



I1.2 Data Collection

In 2019, we resurveyed the group of 1,050 households who participated in the origi-
nal 2014-2016 RCT. The questionnaires included modules on maize yields, mineral
fertilizer use, questions about farmers’ retention of the fertilizer recommendations,
characteristics of each year’s MMP, assets, credit, and land tenure. To remind farm-
ers of the 2014 MMP from which soil samples were taken, we showed them a map
of their plots and their house location drawn by enumerators in 2014. We also re-
minded the farmers how they had referred to that plot in 2014. Because the original
project was highly respected by extension agents and farmers for its impact and
from SUA’s reputation, we had good success reaching and interviewing the same
farmers from the original study. We were able to visit 920 households out of the
1,050 who participated in the original study by Harou et al. (2022), resulting in an
overall high tracking rate of around 88% since baseline in 2014 — or 93.5% com-
pared to the 984 farmers surveyed in 2016 — despite a lack of communication with
respondents since the initial study was concluded in 2016.

In 2019, we also collected GPS polygons of farmers’ 2014 MMP, 2016 MMP
and 2019 MMP. Farmers were asked during the survey in 2019 if they cultivated the
same plot in 2014 (2016) as their 2019 MMP. If not, the enumerator asked to visit
the 2014 (2016) MMP to collect the new GPS coordinates. In addition to collecting
GPS coordinates, the enumerators administered a short questionnaire, including
details about plot intercropping, whether the plot included any large objects such as

buildings or trees inside its perimeter, and the clarity of the plot’s boundaries.

II.3 Outcome Variables

Our main outcomes of interest in this study are fertilizer adoption and maize yields.

We measure fertilizer adoption at the extensive margin using a binary variable that



takes the value one if the farmer applied any mineral fertilizer and zero otherwise.
At the intensive margin, we measure adoption as the quantity of fertilizer applied
per acre of maize planted. The acreage we use is either self-reported in the so-
cioeconomic survey or measured using handheld GPS devices, as specified further
below.

We measure yields in three different ways. First, we simply use self-reported
output in kilograms divided by self-reported planted area in acres. Second, we use
analysis of satellite imagery to estimate productivity. Each plot is mapped using
a GPS device. Then, for each plot polygon, we extract for each available image
during the growing season the average pixel values within the polygon for the visi-
ble and near-infrared (NIR) bands of Sentinel-2 satellite measurements, which have
10m spatial resolution. From these we compute for each date the Green Chlorophyll

Vegetation Index (GCVI), which is defined as:

GCVI = (NIR/Green) — 1 (1)

From the time series of GCVI values for each field, we fit a recursive harmonic
regression to make the data more robust to missing observations during the peak of
the growing season. Then, using the 10th iteration of the harmonic curve we extract
the maximum GCVI value over the growing season, which has been shown to cor-
relate well with crop yields in the region (Jin et al., 2019). Our third productivity
measure uses self-reported output divided by GPS-measured planted area, which

we refer to as GPS-corrected yields.

II.4 Balance

Table 1 displays sample size and retention rates by treatment group and year. To test

for baseline differences between the treatment and control groups on outcome vari-
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ables of interest and on control variables, we regress baseline outcome and control
variables on treatment indicators using ordinary least squares (OLS) with village

fixed effects (FE) according to the following specification:

3
biv =00+ Y O TREATY +d, + &, )
k=1
where b;, is a baseline variable for farmer 7 in village v, o is a constant, TREAT;c
is a binary variable that takes the value one for each farmer ¢ assigned to one of the
k treatment arms (V, R and V+R) and zero otherwise, d, is village FE to control
for the initial village sampling, and ¢;, is the associated idiosyncratic error term.
The omitted category is the control group (either pooled from control and treatment
villages or from treatment villages only), and standard errors are clustered at the
village-level.

Table 2 presents balance tests for the sample excluding control villages, which
is our preferred specification, and restricting to the sample for which we have both
satellite and self-reported yields (as detailed in section III). Most covariates are
fairly balanced except for the livestock ownership indicator, which is imbalanced
between all treatments and the control group. Out of all 126 comparisons, 11 are
significant at a level less than 10%, representing 8.7% of all comparisons, which is
close to what would be expected by chance.

We exclude control villages from all regressions because there are significant
differences between means of outcome variables in control villages compared to
other groups, see Table A1.This point is discussed in Harou et al. (2022). We con-

duct robustness checks that include control villages.
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II.5 Attrition

From the 1,050 farmers who participated in the study at baseline in 2014, we were
able to revisit 920 farmers in 2019, resulting in an attrition rate of 12.4% (or 13%
excluding control villages), which is relatively low given that five (three) years
had passed since the baseline (endline) data collection in Harou et al. (2022). The
main reasons for not being able to locate farmers were migration (38.8%) and death
(15.5%) (retention rates by treatment and control groups are displayed in Table 1).

To test whether attrition may have differentially impacted the treatment groups
thereby introducing bias, we first regress treatment on whether households attrited,
shown in Table A2 in the Appendix. Attrition is unlikely to bias our estimates since
the probability of attrition does not differ significantly between all treatments and
the control group. Second, we look at retention, defined as having a retained, non-
missing observation in the sample, regardless of the reason why the observation is
missing. Given that fewer farmers cultivated their 2014 MMP in 2016 and 2019,
and because GPS polygons were only collected in 2019, it is possible to have non-
classical attrition if polygons were more likely to be collected on cultivated plots.
We find that the treatments do not predict retention in the panel when we define it
as having a missing value, regardless of the reason, as shown in Table A3. Only
one point estimate — for the voucher group in 2016 — is significant but at the 10%
level. Third, we follow Ghanem et al. (2021) to assess internal validity following
two different assumptions: random assignment conditional on attrition, and inde-
pendence between unobservables that affect attrition and our outcomes. We still
find no significant difference between any treatment and the control group (Table

A4). Because attrition is balanced, we do not adjust for it.
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IIT Estimation

In Table 3, we present descriptives regarding which plot farmers cultivated with
maize and how cultivation of the soil-tested plot changed over time. The number
of farmers who cultivated their 2014 MMP (from which soil samples were taken in
2014) over 2016-2019 decreased from 822 in 2016 to 416 in 2019. Interestingly,
more farmers switched to cultivate new main maize plots, with an increase from 81
in 2016 to 369 in 2019 (Table 3). Since these new cultivated plots were not a part
of the original experiment, we do not study the 2016 MMP and 2019 MMP due to
potential selection bias and instead focus on the tested 2014 MMP.

We are interested in measuring the effects of the voucher, recommendations, and
voucher plus recommendations treatments on fertilizer adoption and maize produc-
tivity over 2016-2019. We estimate the average treatment effects using analysis of

covariance (ANCOVA) with village fixed effects (FE):

3
Yie = a1+ @Yioos + O WITREAT} +d, + e 3)
k=1

where Y;, is either fertilizer use for farmer ¢ in village v measured as a binary
variable or in kg/acre, or yields measured in kg/acre or as a z-score, «; 1s a constant,
Y2014 1S the outcome variable measured at baseline, TREAT{“ are dummy variables
for the three treatment arms, V, R, and V+R, the d,’s are village FE to control for
the initial village sampling, and e;, is the associated idiosyncratic error term that
varies across individuals and between villages. The main coefficients of interest are
Yk, Which are the ANCOVA estimator for treatment £ (V, R or V+R). We estimate
equation (3) in 2016 only and in 2019 only. We cluster standard errors at the village
level to account for potential within-village correlation.

We also estimate the treatment impact using satellite images of farmers’ MMPs

12



following the procedure outlined in Lobell et al. (2020). Because reliable satellite
images are only available starting in 2016, we are unable to predict yields via satel-
lite at baseline. We therefore have to rely on OLS to estimate the treatment impact
on satellite-derived productivity measures instead of using ANCOVA. We estimate

the following OLS specification using post-intervention data only:

Yio = az + i B, TREATY + d, + us, @)
k=1

where Y}, is yields of farmer ¢ in village v in 2016 or 2019, transformed by subtract-
ing the control group’s mean from each observation and then dividing the result by
the control group’s standard deviation so that it is possible to compare self-reported
and satellite yields using z-scores, s is a constant, and u;, is the idiosyncratic er-
ror term. The remaining variables are the same as defined in equation (3). We
restrict the sample to plots that have both satellite-based and self-reported yields in
order to compare results. Furthermore, because satellite-based yield measures in
intercropped fields are a combined measure of productivity on all crops, and thus
are less directly comparable to self-reported yields of a single crop (maize), we in-
clude an indicator variable that equals one if a plot is pure-stand and zero if it is
intercropped. We also include an indicator variable for the existence of buildings
or large trees or a banana or coffee plantation inside the perimeter of the plot, as
these might affect satellite-derived yield estimates. From the 782 original surveys,
we are left with 491 and 294 observations for the 2014 MMP in 2016 and 2019,

respectively, for which we have both satellite and self-reported yields.
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IV Results

IV.1 Technology Adoption

We find that fertilizer application does not differ between any of the groups in 2019,
as shown in Table 4. Therefore, the combined information and voucher intervention
conducted in 2014 does not confer long-term benefits on farmers in the V+R group
relative to farmers in the other groups. Such benefits could occur for example if
the one-time voucher and the increased yields allowed farmers to earn extra profits,
which could then be invested in subsequent seasons in continuing to increase fertil-
izer application and thereby productivity and profits. We do confirm that fertilizer
application increased in the V+R and V groups in 2016, as shown previously in
Table 4.

We also find that the use of fertilizer has declined back to 2014 baseline lev-
els, as shown in Table 4. Thus fertilizer use among R and control groups has not
increased in response to plot-specific fertilizer recommendations provided in 2016.
Rather the fertilizer use among V+R and V groups has declined to baseline levels.

Therefore, the farmers have not sustained the 2016 gains.

IV.2 Agricultural Productivity
IV.2.1 Medium-term effects of information on yields using self-reported data

We find that farmers in 2019 do not maintain the yield gains they experienced from
the intervention in 2016, shown in Table 5, column 3. This is not surprising given
fertilizer levels in 2019 returned to baseline levels (Table 4). This result holds when
controlling for pure-stand plots and plantations (Table 5, column 7), for reasons
explained earlier in section III. We corroborate the findings of Harou et al. (2022)

that yields in 2016 increased for the V+R treatment (Table 5, columns 1 and 5), even
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when restricting our sample to plots that have both satellite-based and self-reported

yields, as explained in section III.

IV.2.2 Comparing self-reported, GPS-corrected, and satellited-derived yields

On the other hand, satellite-derived yield estimates indicate no significant treatment
effect in 2019 or 2016 (Table 5, columns 2 and 4). However, we note that when
controls are included (columns 6 and 8), the 2016 treatment impact on self-reported
and satellite yields have 95 percent confidence intervals of (0.11, 0.53) and (-0.11,
0.23) standard deviation units, respectively, suggesting that the upper bound of the
satellite estimates lies within the 95 percent confidence interval of the self-reported
results.

Self-reported yields measured in kg/acre can suffer from two distinct sources of
measurement error: misreporting total yields and/or misreporting plot size. Crop-
cuts are typically seen as the gold standard of estimating yields, while GPS mea-
sures are considered the most objective measure of plot size (Abay et al., 2019;
Carletto et al., 2013, 2015) ° Due to budgetary constraints, we were not able to col-
lect crop cuts in any of the years, but, as previously described, we did collect GPS
coordinates of plots in 2019. Hence, we can examine whether misreporting of plot
size plays a role in our results. Figure 2 shows the correlation between self-reported
and GPS areas by treatment and year. The self-reported and GPS areas are closest
to each other in 2019, the year in which the GPS polygons were collected, almost
consistently across the different treatment groups, except for the V+R group. The
self-reported and GPS measures diverge in earlier years. The team collected GPS
coordinates of the main maize plots planted in previous years in 2019. The diver-

gence suggests that the GPS coordinates may be affected by poor recall of what the

>While GPS measures are considered more precise and objective measures, they nonetheless
contain their own shortcomings (see Cohen (2019)).
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boundaries of the planted plot were in previous years.

When comparing self-reported productivity (kg/acre) measures using respondent-
reported and GPS plot size (Table 6), we again find no sustained V+R effect in 2019
(column 4)°. Furthermore, in 2016, the self-reported yields per GPS plot size are no
longer statistically significant (column 2), unlike the significant treatment impact in
2016 of around 100 kg/acre (25% of the control groups’ average at baseline) (col-
umn 1). The reason for this may be that the GPS-based plot size is inaccurate for

2016 because of poor recall of plot boundaries.

IV.3 Robustness of Results

We test the robustness of our results in two ways. First, since all farmers were given
the recommendations after 2016, having received the voucher in 2016 distinguishes
the treatment groups in 2019. We therefore test the robustness of our results by
pooling the recommendations and control groups together, and the voucher and the
voucher plus recommendations groups together. We find that farmers in the pooled
V and V+R group apply more fertilizer in 2016 (Table A5 in the Appendix), but no
longer in 2019, corroborating our findings above. Likewise, the treatment impact
using satellite estimates in both 2016 and 2019 remains insignificant when we pool
the voucher and voucher plus recommendations groups (Table A6). The pooled
V and V+R groups have a statistically significant effect on self-reported yields in
2019, however, suggesting that vouchers may have long-term, minor impacts on
self-reported productivity. This is a surprising result given that the same group of
households did not apply more fertilizer. Finally, using GPS-corrected productivity
measures, our results stay insignificant in both 2016 and 2019 as in the unpooled

analysis presented above (Table A7).

®We use the ANCOVA estimator employed in equation (3), but again restrict the sample to plots
that have both GPS-based and self-reported areas
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As a second robustness check, we include households in control villages and
focus on cross-village estimates to examine if baseline imbalances may be driving
some of the results. As Tables A8, A9 , and A10 show, our results are robust as all

results are qualitatively similar.

V Heterogeneity

As seen in section V.2, self-reports indicate a significant treatment impact on pro-
ductivity in 2016 but no longer in 2019, while remote sensing and GPS-corrected
measures show no effect in either year. In this section, we examine whether our

findings are driven by certain sub-groups.’

V.1 Productivity

If modern agricultural technologies are risky and susceptible to price sensitivity,
then returns to adoption would be divergent among different types of farmers (Kar-
lan et al., 2014). Thus, it may be rational for some farmers in our study not to invest
in this new technology, especially that only one percent of them applied fertilizer at
baseline. We examine the treatment effect on yields in 2016 and 2019 by quantile

using a recentered influence function following Firpo et al. (2009):

T_F{Y < QT}

R[F(Y;QTapy) =qr —I—IF(Y;qT) =q, +
fY(qT)

(&)

where [ F'(Y'; ¢, ) is the influence function of the quantile specified ¢., ['{Y < ¢, }
is an indicator that equals unity if productivity is less than or equal to ¢, and zero

otherwise, and fy (¢, ) is the density of the unconditional distribution of productivity

"Tables A1l and A12 in the Appendix show treatment impacts on organic inputs and labor.
Households in the V+R group were not more likely to use complementary inputs in 2016 (organic
fertilizer and manure) in Table A11 and labor in Table A12).
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evaluated at ¢,. Then, we regress RIF on the treatments using OLS. The V4R results
are displayed in figures 3 and 4 that replicate columns (1) and (2) in Tables 5 and
6, respectively, and display point estimates at various deciles along with their 95%
confidence intervals.®

Figure 3 shows that for the V+R treatment, self-reported impacts are concen-
trated among the top 20% of the distribution, and a similar pattern is observed in
Figure 4. However, quantile treatment impacts on satellite-based productivity (Fig-
ure 3, part b) and GPS-corrected productivity (Figure 4, part b) are insignificant.
These findings suggest that the V+R treatment impact on self-reported yields is
driven by a relatively small number of highly productive farmers who may be able

to bear the risks associated with fertilizer adoption.”

V.2 Soil Fertility

Farmers may be aware of their soil deficiencies and decide rationally not to invest
in fertilizer if they perceive the returns to be low. Hence, we examine treatment

impacts by underlying soil quality by estimating the following equation: '’

3 3
Yio = fo+ > O TREAT{ +~RichSoil;+»  wTREAT! x RichSoil;+d,+é,
k=1 k=1
(6)
where RichSoil; an indicator variable that equals unity if a household has pre-

treatment fertile soils with optimal salinity (slightly or very saline), and zero for

8Note that the sample size is the same as the ATE impacts — namely, N = 491 in Figure 3 and
N = 431 in Figure 4.

9Using data from the Living Standards Measurement Surveys—Integrated Surveys of Agriculture
(LSMS-ISA), Gollin and Udry (2021) find a 2,558 percent difference in maize yields between the
5th and 95th percentile in Tanzania, indicating large dispersion across plots. Our results indicate a
similar pattern: the treatment impact is concentrated among the most productive farmers (Figure 3)
and those who have good soils (Table 9).

10We use ANCOVA for adoption since, unlike for satellite yields, we have baseline data.
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soils that have low, medium, or severe salinity, 3, is a constant term, and €;, is the
idiosyncratic error term. All other variables and parameters are the same as those
in equation (3).

We find increased adoption among V+R farmers with good soils: farmers in
the V4R group who cultivate poor soils applied 17-22 kg/acre more than the con-
trol group compared to those who have rich soils who applied 33-35 kg/acre more
fertilizer than the control group, both statistically significant at the 1% level (Table
8).

Table 9 shows that higher self-reported yields are observed for households with
rich soil quality with an estimate of (.71 standard deviation units (column 1 in
Panel B), which is higher than the 0.44 homogeneous impact in Table 5. Moreover,
this impact seems to be persistent in the longer-term in 2019 as seen in column 4,
with a point estimate of 0.43. On the other hand, satellite-based and GPS-corrected
estimates remain insignificant. Our (self-reported) results suggest there are hetero-
geneous returns to fertilizer based on soil health, consistent with previous findings

in the literature (Marenya and Barrett, 2009).

V.3 Pure-Stand Plots

Third, we assess the sensitivity of satellite yields to the exclusion of intercropped
plots (Lobell et al., 2020) and small plots (defined as plots smaller than 1.5-2 acres,
see below, using the GPS areas) that may suffer from higher measurement error
(Cohen, 2019). Of the 491 households in the 2016 sample, 387 did not intercrop
their maize plots. Out of those 387, 208 have GPS areas of more than 1.5 acres, 183
of more than 1.75 acres, and 156 of more than 2 acres.'! We display these results in

Figure 5 which shows 95 percent confidence intervals of treatment impacts on the

""Median GPS area among pure-stand plots is around 1.65 acres in 2016.
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subsample of pure-stand plots, first for all GPS areas (unconditional), and then by
restricting the analysis to larger plots.

When the sample is restricted to pure-stand plots with GPS acreage of more
than 1.75 acres, the satellite measures indicate a significant treatment impact of
0.25 standard deviation units. Therefore, satellites may be unable to capture yields
on smaller, intercropped plots and/or the treatment impact may be concentrated on
larger plots.

Overall, our results suggest that there may indeed be a detectable V+R treatment
impact among satellite derived yields, but that it is concentrated among larger pure-
stand plots. It is possible that satellite estimates are not able to capture productivity
of all plots if this productivity, as proxied by greenness of the leaves, is not high

enough for the vegetation index to capture the light reflected.

VI Discussion

There may be two reasons for the lack of sustained fertilizer use over time. First,
farmers may not have the liquidity to purchase fertilizers. Second, farmers may
not have learned, or updated their beliefs, about fertilizer effectiveness. Our results
suggest that the former reason is more likely. We show substantial heterogeneity in
the treatment effects. Among farmers in the voucher and recommendation group,
those in the top 20% of the yield distribution and those with better quality soils
experienced yield increases. These farmers would have learned that fertilizer was
profitable. However, farmers across all quintiles of productivity almost uniformly
return to the very low baseline levels of fertilizer application by 2019, including the
farmers in the top 20% of the distribution. The fact that high productivity farmers
discontinued using fertilizer suggests that the ability to finance fertilizer is an ob-

stacle even for farmers who have learned that fertilizer is profitable and even for the
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most productive farmers.

The difference between results based on self-reported yields and yields derived
from satellite data suggest caution in using satellite data for several reasons. First,
self-reported data may be needed as an input into satellite-based calculations, for
example farmers need to define plot boundaries in order to calculate plot size based
on GPS. Mismatch in time periods for which self-reported and satellite-based data
are available can introduce errors, for example through difficulties with recall of
plot boundaries from past years in the case of our project. Recall issues may be
the reason why satellite-based estimates show no average treatment effect in 2016,
because GPS estimates of plot size based on recalled boundaries for 2016 are larger
on average than are plot sizes self-reported in 2016. This seems to be a recall
issue rather than a bias in self-reporting because GPS estimates based on boundaries
reported for plots cultivated in 2019 match self-reported plot sizes in 2019 well.

Second, satellite-based yield estimates on small plots should be used with cau-
tion pending further research on the validity of such estimates. The discrepancy
between the satellite-derived and GPS-corrected yield and self-reported yields for
2016 may be explained by the lack of accuracy over small spatial scales and/or
pure-stand versus intercropped plots. Indeed, when we restrict our sample to pure-
stand plots that are greater than 1.75 acres, we do also see a significant treatment
impact in 2016 for the voucher and recommendation group using satellite-derived
yields. Further refining the methodology to collect satellite-derived yields on small
plots is an important avenue for future research.

Third, availability of satellite-based data can place limitations on the analy-
sis. We could not compare changes over time, analyze first differences, or control
for baseline yields because we lack satellite-based estimates for our baseline year,

2014.
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VII Conclusion

We examine the longer-term effects of alleviating credit and information constraints
on fertilizer adoption and maize productivity. The results indicate that fertilizer use
reverts to baseline as early as one year after the intervention concludes.

The low percentages of farmers who apply fertilizer at baseline and in 2019,
three years after the intervention ended, highlight a persistent lack of fertilizer use
in rural Tanzania and raise concerns about current programs that find short-term
impacts on fertilizer adoption and productivity. Only 1.4% of farmers in our sample
applied fertilizer on their 2014 main maize plot in 2019, and 0.8% applied it at
baseline in 2014.

Our results suggest that credit constraints, uninsured risk, and/or preferences
that result in lack of liquidity at the beginning of the planting season continue to
constrain fertilizer use even once information about appropriate fertilizer types and
amounts is available. Future research should examine effective ways to relax these
constraints over the long run, and how effective approaches depend on changing
climate risks.

Finally, future research is needed to better understand the potential for remote
sensing to provide more objective measurements of yields and land area. In our
study, the discrepancies between farmer reports of yields and satellite based mea-
sures, which contradict substantial increases in fertilizer use, confirm questions
about reliability of satellite measures over small areas raised in the literature. Fu-
ture research should examine the reliability of satellite-based yield estimates on

individual farm plots.
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Figure (2) GPS and Self-Reported Areas by Treatment and Year (Acres)
Notes: This figure shows Pearson’s Correlation coefficients for each treatment-year combination. These coefficients are
displayed at the top of each figure.
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Figure (3) Quantile Treatment Effect on Self-Reported and Satellite-Based Productivity
Notes: Vertical lines are 95% confidence intervals. Each coefficient represents a quantile treatment effect for the 2014 MMP
in 2016 in columns (1) and (2) of Table 5, following Firpo et al. (2009). We display the V+R treatment estimates only. The
regression employs the same OLS used in the main analysis when comparing self-reported and satellite-derived productivity
(N = 491). All regressions control for village fixed effects. Standard errors are clustered at the village-level.
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Figure (4) Quantile Treatment Effect on Self-Reported and GPS-Corrected Productivity
Notes: Vertical lines are 95% confidence intervals. Each coefficient represents a quantile treatment effect for the 2014 MMP
in 2016 in columns (1) and (2) of Table 6, following Firpo et al. (2009). We display the V+R treatment estimates only. The
regression employs the same ANCOVA used in the main analysis when comparing self-reported and GPS-corrected
productivity (/N = 431). All regressions control for village fixed effects. Standard errors are clustered at the village-level.
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and 2 acres, respectively. All regressions control for village fixed effects. Standard errors are clustered at the village-level.
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Tables

Table (1) Panel Retention

Baseline During intervention = Immediate Post  Longer-Term Post

2014 2015 2016 2019
N N Retention N  Retention N Retention
Control 190 147 77.4% 179 94.2% 165 86.8%
Voucher 198 155 78.3% 187 94.5% 178 89.9%
Recommendations 191 138 72.3% 177 92.7% 162 84.8%
Voucher+Recommendations 203 157 77.3% 190 93.6% 175 86.2%
Control Villages 268 244 91.0% 251 93.7% 240 89.6%
Total 1,050 841 80.1% 984 93.7% 920 87.0%

Notes: This table presents numbers of households that were surveyed in the four survey rounds.
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Table (2) Within-Village Balance Tests

Control Treatment coefficient F-Test (p-value) N
Mean \4 R V+R V=R V=V+R R=V+R

Panel A: Outcomes

(1 Fertilizer (kg/ SR acre) 0.02 0.54 0.30 -0.07 0.7 0.17 0.38 491
0.41) 0.37) (0.06)

2) Fertilizer (kg/ GPS acre) 0.01 0.21 0.47 -0.07 0.68 0.27 0.35 486
(0.24) (0.52) (0.07)

3) Fertilizer (=1) 0.01 0.00 0.01 -0.00 0.83 0.66 0.51 491
(0.01) (0.01) (0.01)

4 Yields (kg/ SR acre) 403.2 -34.53 50.77 -37.19 0.09 091 0.05 435
(31.37) (59.71) (37.35)

5) Yields (kg/ GPS acre) 410.02 -58.12 -36.78 -36.84 0.53 0.54 1 433

(58.55) (64.69) (78.18)
Panel B: Covariates

©) Male-Head (=1) 0.87 -0.04 -0.01 -0.00 0.46 0.31 0.77 491
(0.04) (0.05) (0.05)

(@) Head Age (Years) 44.29 -1.45 1.36 1.61 0.09 0.03 0.88 491
(1.74) (1.37) (1.35)

®) Head Education (=1 if some education) 0.9 0.02 0.00 -0.03 0.57 0.26 0.53 491
(0.03) (0.04) (0.03)

(©) Head Education (=1 if beyond primary) 0.05 -0.00 -0.04* 0.00 0.09 0.94 0.03 491
(0.04) (0.02) (0.03)

(10) Distance to plot in minutes 34.02 -0.82 -6.13 2.39 0.18 0.35 0.1 458
(2.36) (3.82) (4.78)

(1D Credit Access (=1) 0.12 -0.03 -0.05 -0.07* 0.59 0.33 0.58 491
(0.03) (0.03) (0.04)

(12) Remittances (=1) 0.14 0.01 -0.03 0.04 0.49 0.55 0.07 491
(0.05) (0.06) (0.06)

(13) Asset Index -17 0.07 0.06 -0.00 0.96 0.6 0.8 491
0.21) (0.28) (0.18)

(14) Livestock Ownership (=1) 0.82 -0.13%* -0.10%* -0.11% 0.52 0.73 0.86 491
(0.06) (0.04) (0.06)

(15) Household Size 5.1 -0.21 0.09 0.10 0.38 0.38 0.97 491
(0.34) 0.31) (0.36)

(16) Area Owned (SR acres) 5.59 -0.17 0.13 -0.47 0.54 0.56 0.21 491
(0.64) (0.76) (0.77)

7 Close to Chairman (=1) 0.33 0.00 -0.01 -0.03 0.82 0.49 0.71 491
(0.05) (0.05) (0.06)

(18) Received Training (=1) 0.07 0.01 -0.01 0.04 0.32 0.42 0.11 491
(0.02) (0.02) (0.03)

(19) Visited by Extension (=1) 0.17 0.02 -0.03 0.01 0.4 091 0.52 491
(0.05) (0.06) (0.07)

(20) Maize Area (SR acres) 2.11 0.07 -0.13 -0.33 0.34 0.02 0.18 487
(0.22) (0.15) 0.21)

21 Improved Seeds (=1) 0.15 0.01 -0.01 0.02 0.57 0.83 0.46 491

(0.05) (0.04) (0.05)

Notes: V stands for the Voucher treatment; R for the Recommendations treatment; V+R for the Voucher plus
Recommendations treatment. The first three columns report results of baseline balance tests in which we estimate
biy = ag + Zi:l 0. TRE ATi.C + dy + €4 The next three columns test the equality of coefficients between the
three treatments. Robust standard errors in parentheses. SR stands for self-reported, as answered by respondents in
the socioeconomic survey. Standard errors are clustered at the village-level. *** p<0.01, ** p<0.05, * p<0.1. All
regressions control for village fixed effects.

Table (3) Households’ Cultivation Behavior

2014 2016 2019 Total
Cultivated the 2014 MMP 915 822 416 3,273
Regarded the same 2014 MMP 915 814 338
as their MMP in 2016 and 2019
Cultivated a new MMP in 2016 and 2019 0 74 369
Total 915 888 707 4,002

Notes: MMP stands for the main maize plot from which soil samples were taken in 2014. It is
defined as the lot that is most important for the household i terms of food security and income
generation. The table shows the cultivation behavior of households in 2014, 2016, and 2019
including the new plots that they switch to cultivate over time.
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Table (4) Average Treatment Effect on Fertilizer Adoption

Y] (2) (3) 4) (5) (6)
Fertilizer Fertilizer Fertilizer Fertilizer Fertilizer Fertilizer
(kg/SR acre)  (kg/GPS acre) (=1) (kg/SR acre)  (kg/GPS acre) (=1)
2016 2016 2016 2019 2019 2019
Voucher 8.65% 7.64%* 0.30%* 0.38 -0.55 -0.00
2.77) (2.79) (0.07) (1.45) (1.42) (0.02)
Recommendations -0.15 -0.26 0.04 -1.29 -1.79 -0.01
(1.19) (0.86) (0.02) (1.02) (1.44) (0.03)
Voucher + Recommendations 27.15%*% 25.07%%%* 0.7 1% -1.48 -1.69 -0.02
(3.24) (5.75) (0.03) (0.94) (1.15) (0.02)
Baseline value 0.71%* 0.92%* 0.19 -0.08#s#* -0.05%s#:* -0.04
(0.31) (0.39) (0.23) (0.01) (0.01) (0.03)
Control mean 0.02 0.01 0.04 0.00 0.00 0.03
(Std. dev.) (0.24) (0.13) (0.18) 0) 0) (0.16)
V=R (p-value) 0.01 0.01 0 0.15 0.13 0.69
V=V+R (p-value) 0 0.01 0 0.18 0.18 0.23
R=V+R (p-value) 0 0 0 0.63 0.81 04
N 472 472 589 292 292 301
Village FE v v v v v v

Notes: This table presents ANCOVA results from estimating Y;, = ag + @Y ;9 + Zi:l 'ykTREATf + dy + €4pin which
we exclude the pure control villages. Robust standard errors in parentheses and are clustered at the village- level. *** p<0.01,
*#* p<0.05, * p<0.1. SR stands for self-reported, as answered by respondents in the socioeconomic survey. The control mean
refers to the average of the control group at baseline. V stands for the Voucher treatment; R for the Recommendations treatment;
V+R for the Voucher plus Recommendations treatment. All regressions control for village fixed effects.
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Table (7) Fertilizer Adoption Rates by Productivity Quintiles

2014 2016 2019
Quintile Mean SD N Mean SD N Mean SD N
First 0 0 113 28.57 45.36 126 0 0 51
Second .84 9.17 119 2734 4475 128 1.82 13.48 55
Third 91 9.53 110 28.1 45.14 121 1.85 13.61 54
Fourth 0 0 111 3252 47.04 123 3.64 1889 55
Fifth 3.54 1856 113 49.18 50.2 122 175 13.25 57
All 1.06 10.25 566 33.06 47.08 620 1.84 13.46 272

Notes: This tables shows percentages of farmers who applied any mineral fertilizer in all three rounds by quintiles of the
2016 self-reported productivity. SD stands for the standard deviation.
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Table (8) Heterogeneous Treatment Effect on Adoption by Soil Quality

(1 (2) (3)
Fertilizer Fertilizer Fertilizer
(kg/SR acre) (kg/GPS acre) (=)
2016 2016 2016
Panel A: Poor soil quality (0y,)
Voucher 10.544%* 9.399%* 0.280%**
(5.767) (4.718) (0.094)
Recommendations -1.257 0.034 0.023
(1.787) (1.816) (0.028)
Voucher + Recommendations  22.357%%* 16.594 %% 0.644***
(3.509) (3.281) (0.058)
V=R (p-value) 0.07 0.08 0.02
V=V+R (p-value) 0.12 0.19 0
R=V+R (p-value) 0 0 0
Panel B: Rich soil quality (0x + V)
Voucher 8.128%%* 6.009* 0.314%%*
(2.188) (3.315) (0.064)
Recommendations 1.053 -1.076 0.054
(1.154) (1.581) (0.040)
Voucher + Recommendations  32.982%*%* 35.239%** 0.786%**
(5.784) (10.774) (0.049)
V=R (p-value) 0.02 0.03 0
V=V+R (p-value) 0 0.02 0
R=V+R (p-value) 0 0.01 0
N 459 459 573
Control mean 0.02 0.01 0.01
(Std. dev.) (0.24) (0.13) (0.09)
Village FE v v v

Notes:  This table presents results of Yj, =

a0 + S5_|0.TREAT® + ~RichSoil; +

Zi:l 7kTREATf X RichSoil; + dy + €4, estimated using ANCOVA in which we exclude the pure con-
trol villages. Robust standard errors in parentheses are clustered at the village-level. *** p<0.01, ** p<0.05, *
p<0.1. Soils are classified into fertile or poor based on their electrical conductivity. Fertile soils are the ones that
have optimal salinity (slightly or very saline), whereas poor soils have low, medium, or severe salinity. V stands
for the Voucher treatment; R for the Recommendations treatment; V4R for the Voucher plus Recommendations

treatment.
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Table (9) Heterogeneous Treatment Effect on Productivity by Soil Quality
ey 2 3) “ &) (6)
Self- Satellite- GPS- Self- Satellite- GPS-
Reported Based Corrected Reported Based Corrected
(z-score)  (z-score) (z-score) (z-score) (z-score) (z-score)

2016 2016 2016 2019 2019 2019
Panel A: Poor soil quality (6;)
Voucher 0.243 -0.063 0.103 0.122 -0.307 0.113
(0.363) (0.186) (0.281) 0.179) (0.288) 0.137)
Recommendations -0.115 -0.226 -0.144 -0.100 -0.477 -0.131
(0.206) (0.242) (0.188) (0.207) (0.380) (0.182)
Voucher+Recommendations 0.196 -0.061 0.004 0.090 -0.117 0.153
(0.225) (0.189) (0.275) (0.210) (0.224) (0.129)
V=R (p-value) 0.3 0.48 0.43 0.24 0.68 0.26
V=V+R (p-value) 0.87 0.99 0.72 0.86 0.47 0.81
R=V+R (p-value) 0.19 0.49 0.58 0.36 0.19 0.21
Panel B: Rich soil quality (6, + Vi)
Voucher 0.189 0.115 0.115 0.243 0.065 0.288
(0.144) (0.165) 0.167) (0.214) (0.201) (0.269)
Recommendations 0.055 0.103 -0.058 0.310 0.354%%* 0.066
(0.179) (0.116) (0.209) (0.275) (0.173) (0.259)
Voucher+Recommendations  0.709%%** 0.217 0.344 0.426* -0.042 0.414
(0.246) (0.162) (0.256) (0.246) (0.212) (0.290)
V=R (p-value) 0.42 0.93 0.35 0.76 0.04 0.3
V=V+R (p-value) 0.02 0.59 0.3 0.39 0.62 0.53
R=V+R (p-value) 0.02 0.44 0.18 0.48 0.07 0.08
N 478 478 478 284 284 284
Control mean 0.00 -0.01 -0.01 -0.05 0.00 -0.05
(std. dev.) (1.01) (1.00) (0.98) 0.91) (1.02) (0.90)
Village FE v v v v v v

Notes: This table presents results of Y;, = g+ Zi:l GkTREATf +~RichSoil; +22:1 'y;CTREATi»C X RichSoil; +dy, +
€4y estimated using OLS in which we exclude the pure control villages. All yields are measured in standard deviation units to be able
to compare self-reported and satellite-based measures that use different units. Robust standard errors in parentheses are clustered at
the village-level. *** p<0.01, ** p<0.05, * p<0.1. Soils are classified into fertile or poor based on their electrical conductivity.
Fertile soils are the ones that have optimal salinity (slightly or very saline), whereas poor soils have low, medium, or severe salinity.
V stands for the Voucher treatment; R for the Recommendations treatment; V+R for the Voucher plus Recommendations treatment.
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Appendix (For Online Publication)



Balance

Table (A1) Cross-Village Balance Tests

Control Treatment coefficient F-Test (p-value) N
Mean \ R V4R V=R V=V+R R=V+R

Panel A: Outcomes

(1) Fertilizer (kg/ SR acre) 0.04 0.63 0.41 -0.01 0.73 0.17 0.34 659
(0.46) (0.43) (0.04)

?2) Fertilizer (kg/ GPS acre) 0.02 0.31 0.58 -0.00 0.69 0.29 0.33 653
(0.30) 0.59) (0.02)

3) Fertilizer (=1) 0.01 0.00 0.01 -0.00 0.86 0.59 0.49 659
(0.01) 0.01) (0.01)

“) Yields (kg/ SR acre) 481.02 -117.97%%% -26.76 -107.82%#%* 0.07 0.68 0.05 578
(41.55) (54.81) (39.23)

®) Yields (kg/ GPS acre) 435.74 -85.30%* -55.85 -48.17 0.41 0.32 0.82 575
(36.16) (47.48) (53.39)

Panel B: Covariates

(6) Male-Head (=1) 0.84 -0.01 0.02 0.03 0.41 0.27 0.77 659
(0.04) (0.04) (0.04)

(@) Head Age (Years) 45.92 -2.94% -0.23 0.15 0.05 0.02 0.81 659
(1.56) (1.37) (1.46)

®) Head Education (=1 if some education) 0.92 0.00 -0.02 -0.05 0.49 0.24 0.56 659
(0.03) (0.03) (0.03)

) Head Education (=1 if beyond primary) 0.07 -0.01 -0.06%* -0.01 0.08 0.95 0.03 659
(0.03) 0.02) (0.02)

(10) Distance to plot in minutes 33.97 -0.77 -6.04* 3.29 0.23 0.24 0.1 587
(3.24) (3.36) (4.73)

(11) Credit Access (=1) 0.11 -0.01 -0.03 -0.05% 0.41 0.21 0.56 659
(0.03) (0.03) (0.03)

(12) Remittances (=1) 0.18 -0.03 -0.06 -0.00 0.46 0.57 0.08 659
(0.04) (0.05) (0.05)

(13) Asset Index 0.19 -0.29 -0.33 -0.36 0.85 0.56 0.89 659
(0.24) 0.29) (0.24)

(14) Livestock Ownership (=1) 0.79 -0.09* -0.07 -0.08 0.67 0.89 0.81 659
(0.05) (0.04) (0.05)

(15) Household Size 542 -0.62* -0.30 -0.20 0.36 0.21 0.62 659
(0.31) (0.26) (0.30)

(16) Area Owned (SR acres) 5.21 -0.07 0.38 -0.03 0.37 0.94 0.38 659
(0.44) (0.65) (0.62)

a7 Close to Chairman (=1) 0.32 0.03 0.02 -0.01 0.9 0.45 0.61 659
(0.05) (0.05) (0.05)

(18) Received Training (=1) 0.07 0.01 -0.01 0.04 0.45 0.33 0.11 659
(0.02) 0.02) (0.04)

19) Visited by Extension (=1) 0.21 -0.03 -0.06 -0.02 0.49 0.92 0.48 659
(0.05) (0.05) (0.05)

(20) Maize Area (SR acres) 2.07 0.03 -0.11 -0.27* 0.47 0.05 0.28 655
(0.19) (0.15) (0.14)

1) Improved Seeds (=1) 0.21 -0.04 -0.05 -0.03 0.89 0.8 0.67 659
(0.05) (0.04) (0.06)

Notes: V stands for the Voucher treatment; R for the Recommendations treatment; V+R for the Voucher plus Rec-
ommendations treatment. The first three columns report results of baseline balance tests in which we estimate
by = ag + 22:1 GkTREATf + €; including control villages. The next three columns test the equality of coeffi-
cients between the three treatments. Robust standard errors in parentheses. SR stands for self-reported, as answered by
respondents in the socioeconomic survey. Standard errors are clustered at the village-level.



Attrition Analysis

Table (A2) Probability of Attrition by Treatment

Attrition (=1 if attrited)

2016 2016 2019 2019

Voucher -0.00234 -0.00326 -0.0306 -0.0314

(0.0219)  (0.0217) (0.0294) (0.0300)
Recommendations 0.0154 0.0157 0.0203 0.0201

(0.0220)  (0.0220) (0.0333) (0.0332)
Voucher+Recommendations  0.00614  0.00539  0.00635 0.00423

(0.0179)  (0.0180) (0.0262) (0.0264)
Constant 0.0579%** 0.132%**

(0.0142) (0.0231)
N 782 782 782 782
Village FE v v

Notes: Robust standard errors in parentheses. Standard errors are clustered at the village-level.

p<0.05, * p<0.1. Control villages are excluded.

Table (A3) Non-Missing Values by Treatment

(L (2) (3 4) %) (6)
Self- Satellite- GPS- Self- Satellite- GPS-
Reported Based Corrected Reported Based Corrected
(=1) (=D (=D (=1 (=D (=D
2016 2016 2016 2019 2019 2019
Voucher 0.076* 0.091 0.077 0.016 0.006 0.006
(0.040) (0.053) (0.048) (0.048) (0.044) (0.044)
Recommendations 0.011 0.002 -0.009 -0.050 -0.050 -0.050
(0.036) (0.050) (0.047) (0.042) (0.043) (0.043)
Voucher+Recommendations 0.061 0.055 0.041 -0.043 -0.048 -0.048
(0.037) (0.035) (0.038) 0.047) (0.048) (0.048)
Control mean 0.76 0.62 0.60 0.41 0.40 0.40
N 782 782 782 782 782 782
Village FE v v v v v v

Notes: Notes: Robust standard errors in parentheses. Standard errors are clustered at the village-level. *** p<0.01, ** p<0.05, *

p<0.1. All regressions control for village fixed effects. Control villages are excluded.



Table (A4) Internal Validity in the Presence of Non-Classical Attrition

1) (@) (3 “
Self-Reported ~ GPS-Corrected ~ Self-Reported ~ GPS-Corrected
(kg/acre) (kg/acre) (kg/acre) (kg/acre)
2016 2016 2019 2019
Response (= 1) -26.38 56.55 3.12 -24.24
(75.79) (97.48) (48.42) (66.34)
Voucher -4.66 26.81 14.47 -46.70
(118.56) (71.77) (47.54) (78.26)
Recommendations -40.20 17.70 23.25 -48.47
(72.08) (88.29) (39.60) (84.62)
Voucher+Recommendations -67.91 -26.80 -17.04 -23.79
(50.37) (54.67) (40.98) (104.25)
ResponsexVoucher -1.11 -81.89 -49.78 23.52
(134.88) (106.80) (53.11) (84.13)
ResponsexRecommendations 94.33 -53.58 19.91 50.41
(100.74) (105.74) (72.64) (86.48)
ResponsexVoucher+Recommendations 57.32 -9.87 -14.35 -18.22
(70.67) (96.83) (59.16) (111.69)
Mean baseline control attritors 429.07 368.73 404.82 361.38
IV-R Test: V=ResponsexV=0 (p-value) 0.99 0.64 0.57 0.52
IV-R Test: R=ResponsexR=0 (p-value) 0.51 0.84 0.62 0.83
IV-R Test: R+V=ResponsexR+V=0 (p-value) 0.33 0.78 0.64 0.68
IV-P Test: Response=V=ResponsexV =0 (p-value) 0.97 0.81 0.52 0.69
IV-P Test: Response=R=ResponsexR =0 (p-value) 0.66 0.94 0.8 0.94
IV-P Test: Response=R+V=ResponsexR+V =0 (p-value) 0.41 0.67 0.72 0.69
N 688 555 688 555
Village FE v v v v

Notes: This table shows tests for attrition bias using a more flexible form detailed in Ghanem et al. (2021) and includes all missing
values for not only the classical attritors who were not interviewed, but also non-classical cases such as those who stopped cultivating
maize (see Table 3) and those who were unreachable to collect GPS polygons. The estimation is done using OLS following the
regression Y;, = ao + 22:1 BkTREATi-C + Response; + Zi:l 'ykTREAT;“ X Response; + dy + €4, and excludes the
control villages. IV-R refers to internal validity for the respondent subpopulation and I'V-P refers to internal validity for the study
population as defined in Ghanem et al. (2021). Robust standard errors in parentheses. Standard errors are clustered at the village-level.

All regressions control for village fixed effects.



Robustness

Table (AS) Pooled Treatment Effect on Fertilizer Adoption

(H 2 €)] “4) &) (6)
Fertilizer Fertilizer Fertilizer Fertilizer Fertilizer Fertilizer
(kg/SR acre) (kg/GPS acre) (=1) (kg/SR acre) (kg/GPS acre) (=1)
2016 2016 2016 2019 2019 2019
Treatment 17.78%%* 16.28%*** 0.49%:** 0.11 -0.25 -0.01
(1.82) (2.99) (0.05) (0.69) (0.64) (0.01)
Baseline value 0.59 0.85* 0.16 -0.10%** -0.06%** -0.05
(0.37) (0.45) (0.19) (0.01) (0.00) (0.03)
Control mean 0.16 0.18 0.01 0.23 0.27 0.02
(Std. dev.) 2.57) (3.31) 0.1 (3.14) (4.05) (0.12)
N 472 472 589 292 292 301
Village FE v v v v v v

Notes: This table presents ANCOVA results from estimating Y;, = ag + @Y ;0 + YTTREAT; + dy + €4, in which we pool the
voucher only group and the voucher plus recommendations group together and exclude the control villages. The reference category is
the pooled control group and recommendations only group. Robust standard errors in parentheses and are clustered at the village-level.
*##% p<0.01, ** p<0.05, * p<0.1. SR stands for self-reported, as answered by respondents in the socioeconomic survey. The control
mean refers to the average of the control group at baseline. All regressions control for village fixed effects.
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Table (A8) Cross-Village Treatment Effect on Fertilizer Adoption
(1) (2) (3) 4) (5) (6)
Fertilizer Fertilizer Fertilizer Fertilizer Fertilizer Fertilizer
(kg/SR acre)  (kg/GPS acre) (=D (kg/SR acre)  (kg/GPS acre) (=)
2016 2016 2016 2019 2019 2019
Voucher 8.66%** 7.64% %% 0.30%#:* 0.38 -0.54 -0.00
(2.73) (2.75) (0.07) (1.43) (1.40) (0.02)
Recommendations -0.15 -0.26 0.04* -1.28 -1.79 -0.01
(1.17) (0.84) (0.02) (1.00) (1.42) (0.03)
Voucher + Recommendations 27.15%%% 25.07%** 0.71%%* -1.48 -1.69 -0.02
(3.18) (5.66) (0.03) (0.93) (1.13) (0.02)
Baseline value 0.70%: 0.91%** 0.15 -0.097%#* -0.05%#* -0.06*
(0.30) (0.38) (0.17) (0.02) (0.01) (0.03)
Control mean 0.04 0.02 0.03 0.04 0.02 0.02
(Std. dev.) (0.38) 0.2) (0.18) (0.42) (0.23) (0.12)
V=R (p-value) 0.01 0.01 0 0.13 0.11 0.7
V=R+V (p-value) 0 0.01 0 0.16 0.16 0.21
R=R+V (p-value) 0 0 0 0.61 0.81 0.35
N 638 638 786 406 406 416
Village FE v v v v v v

Notes: This table presents ANCOVA results from estimating Y;, = ao + @Y ;o + Zz=1 'ykTREATiC + dy + €4,. Robust
standard errors in parentheses are clustered at the village-level. *** p<0.01, ** p<0.05, * p<0.1. SR stands for self-reported, as
answered by respondents in the socioeconomic survey. The control mean refers to the average of the control group at baseline. V
stands for the Voucher treatment; R for the Recommendations treatment; V+R for the Voucher plus Recommendations treatment.
All regressions control for village fixed effects.
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Other Inputs

Table (A11) Average Treatment Effect on Short-Term Organic Input Use

(D (2) (3) 4)
Organic Manure area Crop residue  Total residue
fertilizer (=1) (acres) area (acres)  area (acres)
Voucher 0.14%** 0.02 0.30%** 0.32%%*
(0.04) (0.01) (0.08) (0.08)
Recommendations 0.05 -0.01 0.18%* 0.17%*
(0.04) (0.01) (0.08) (0.08)
Voucher+Recommendations 0.04 -0.01 0.10 0.09
(0.04) (0.01) (0.06) (0.07)
Baseline Value 0.02 0.00 0.15 0.14
(0.06) (0.00) (0.09) (0.09)
Control mean 0.11 0.00 0.21 0.21
(std. dev.) (0.31) (0.00) (0.67) (0.67)
V=R (p-value) 0.09 0.12 0.22 0.12
V=V+R (p-value) 0.1 0.12 0.08 0.04
R=V+R (p-value) 0.89 0.2 0.41 0.42
N 490 489 489 489
Village FE v v v v

Notes: This table shows the treatment impact on organic input application for the 2014 main maize plot in 2016 using ANCOVA by
estimating Y3, = oo+ @Y ;0 + Zi:l 'ykTREATf + dy + €4, and excluding the control villages. Robust standard errors in parentheses
and are clustered at the village-level. *** p<0.01, ** p<0.05, * p<0.1. We do not present longer-term results because we did not collect
detailed input use data in 2019. The control mean refers to the average of the control group at baseline. V stands for the Voucher treatment;
R for the Recommendations treatment; V4R for the Voucher plus Recommendations treatment. All regressions control for village fixed

effects.
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Table (A12) Average Treatment Effect on Short-Term Agricultural Labor

(1) (2) (3) 4)
Respondent Household Hired Total
labor/acre  labor/acre labor/acre labor/acre
Voucher -2.70 -0.03 0.73 -1.87
(3.10) (3.20) (0.55) (5.57)
Recommendations 2.70 4.10 0.45 4.43
(4.67) (4.48) (0.66) (8.10)
Voucher+Recommendations 4.62 5.74 0.51 11.27
(4.67) (3.68) (0.46) (8.25)
Baseline Value 0.11 0.01 0.01 0.05
(0.07) (0.05) (0.02) (0.05)
Control mean 34.47 19.4 5.73 59.29
(std. dev.) (33.38) (23.55) (26.6) (59.0)
V=R (p-value) 0.18 0.36 0.61 0.4
V=V+R (p-value) 0.22 0.15 0.5 0.18
R=V+R (p-value) 0.73 0.77 0.91 0.53
N 467 467 478 479
Village FE v v v v

Notes: This table shows the treatment impact on labor for the 2014 main maize plot in 2016 using ANCOVA by estimating
Yivt = ag + Y ;0 + Zi:l vaRE‘ATéC + dy + €4yt and excluding the control villages. Robust standard errors in
parentheses and are clustered at the village-level. Self-reported acreage is used in this table. We do not present longer-term
results because we did not collect detailed input use data in 2019. The control mean refers to the average of the control
group at baseline. V stands for the Voucher treatment; R for the Recommendations treatment; V+R for the Voucher plus
Recommendations treatment. All measures are winsorized at the top 1% of values and all regressions control for village fixed
effects.
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