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Background: Agricultural Output in Africa
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Background: Fertilizer Adoption in Africa
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See also: Gollin, Lagakos and Waugh (2014) → Phosphate → Potash
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Our Paper: The Market for Fertilizer
1 How well are fertilizer markets functioning in status quo?
→ Subsidy of 30% encourages adoption by a subgroup farmer with high returns.
→ Average profit impacts are substantially below market price.

Schultz (1964), Duflo, Kremer, Robinson (2008), Beaman et al. (2013), Suri(2011), Mahmoud (2025)
2 Can we address the distortion at the source?
→ Cash transfers increase adoption.
→ Cash transfers increase profits.
→ Cash transfers imply that optimal subsidy is 0%.

Karlan et al. (2014), Beaman et al. (2023), Berkouwer and Dean (2022),Lipsey and Lancaster (1956)
3 Is it optimal to address the distortion at the source?
→ It might not be if the government’s cost of funds is high.
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Plan for Today
1 Theory
2 Experimental Design
3 Estimation
4 Setting, Sampling and Measurement
5 Results
6 Optimal Policy
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Theory

Consider an investment good yielding a heterogeneous return θi .
How to ensure the investment good is allocated to individuals with highest return?

6 / 38



Theory: Allocation with Markets
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→ Absent distortions: w i = θi .
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What is the investor’s willingness-to-pay, w i?
→ Absent distortions: w i = θi .

Perfect Markets: Charging price p,projects with w i ≥ p receive investment good:
w i ≥ p if and only if θi ≥ p.

Selection effect of markets.
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Distortions, such as...
• insurance constraints,
• information constraints,
• behavioural constraints,
• liquidity constraints,

... correspond to horizontal shift.
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Surplus with price p′ is

S(p′) =
∫ ∞

p′
(E[θ|w ]− c) fW (w)dw .
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Distortions, such as...
• insurance constraints,
• information constraints,
• behavioural constraints,
• liquidity constraints,

... correspond to horizontal shift.
Surplus with price p′ is

S(p′) =
∫ ∞

p′
(E[θ|w ]− c) fW (w)dw .

1.a Optimal subsidy: p′ that maximises surplus.
1.b Free fertilizer: S(0)− S(p).

7 / 38



Theory: Allocation with Markets

-

6

w i

θi

��

��

��

��

��

��

��

s s s
s

s s
s

s

-

6

w

fW

p

c

�

�

-
�

s
s

ss

s
s
ss

s s s
s

p

c

θi

E[θ|w ]

ps
∗

s
s
ss

s s s
s

-

-

-

s
s

s

c
c c c

c
E[θ|w ]

θi

p

c

ps
∗

Relaxing liquidity constraints (l ∈ {0, 1}):
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Relaxing liquidity constraints (l ∈ {0, 1}):
→ Shifts w i to right.
→ FOSD shift of fW (l)(w).
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→ FOSD shift of fW (l)(w).
→ E[θ(l)|w(l)] changes.
• Write surplus S(p′; l).
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Relaxing liquidity constraints (l ∈ {0, 1}):
→ Shifts w i to right.
→ FOSD shift of fW (l)(w).
→ E[θ(l)|w(l)] changes.
• Write surplus S(p′; l).

2.a Adoption in this scenario.
2.b Direct profit impacts: S(p; 1)− S(p; 0).
2.c Optimal subsidy in this scenario.
E[θ(1)|w(1)], fW (1)(w),
E[θ(0)|w(0)], fW (0)(w)are the target moments of experimental design.
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• Version of Becker-DeGroot-Marschak (BDM, 1964).
• Incentive-compatible mechanism to elicit w i .
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• Version of Becker-DeGroot-Marschak (BDM, 1964).
• Incentive-compatible mechanism to elicit w i .
• Randomization of treatment conditional on w : identify E[θ(0)|w(0)].
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Experimental Design

• BDM is a “selective trial”, see Chassang, Padró i Miguel, Snowberg (2012).
• Related applications: Berry, Fischer, Guiteras (2019), Berkouwer and Dean (2022).
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• Lottery prize money equal to market price of the investment good: liquidity constraints relaxed.
• Also incentivise attendance.
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Estimation: Regression

y iv = ∑
w

αw ,01[w i = w , l i = 0] + ∑
w

βw ,01[w i = w , l i = 0]1[r i = 0]

+ ∑
w

αw ,11[w i = w , l i = 1] + ∑
w

βw ,11[w i = w , l i = 1]1[r i = 0]

+ ζX iv + εiv ,

• where βw ,l are coefficients of primary interest,
• X iv always includes village fixed effects and baseline farm size,
• and the sample excludes observations with 0 < r i ≤ w i .

[Baseline Farm Control]
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Estimators
1 Average treatment effect of the fertilizer bundle on outcome y iv amongst the

farmer adopting at price p, and within the lottery l ∈ {0, 1} groups:
ˆATEF (p; l) =

∑w≥p f̂ (w ; l) · β̂w ,l

∑w≥p f̂ (w ; l)
.

2 Average impact of lottery on outcome y iv :
ˆATEL = ∑

w

f̂ (w ; 1) · α̂w ,1 − f̂ (w ; 0) · α̂w ,0.

f̂ (w ; l) is the empirical distribution of willingness to pay given l , taken as fixed.
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Setting
• Where?

Maize farmers in Eastern Ugandan districts of
Tororo, Manafa, Mbale (Duflo et al., 2008).
• What?

50kg DAP / 50kg CAN; 1 acre; 200k UGX.
• When?

1st season of 2017 (S1) and 2018 (S2).
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Sampling

1 Sample of 51/102 rural villages, stratified by
pop. density.

2 Conducted census of households.
3 Eligible households (i) engaged in commercial

farming, (ii) cultivate maize, (iii) self-report
cultivating 2 to 6 acres and (iv) have mobile
money account.

4 Select 408/816 eligible households. Season 1
Season 2
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Measurement

[WTP, Planting Time] [Implementation] [Plot Size Measurement] [Quadrants] [Optimal Survey Design]
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Results: Willingness to Pay
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Results: Profit Impact of Fertilizer
(1) (2) (3) (4) (5) (6)
Revenue Costs Profits

Non-L. Hired L. Fam. L. (2)+(3)+(4)(maize) (all crops) (all crops)
ˆATEF (0; Lottery Lost) 139.0 2.85 41.53 29.82 74.19 65.00(24.6) (8.00) (16.16) (20.92) (28.28) (31.18)[0.000] [0.721] [0.010] [0.154] [0.009] [0.037]

ˆATEF (0; Lottery Won) 110.0 10.88 35.76 30.29 74.72 34.73(35.7) (11.59) (25.46) (30.02) (39.61) (47.19)[0.002] [0.348] [0.160] [0.313] [0.060] [0.462]

N (Lottery Lost/Won) 684/410 686/410 686/410 686/408 686/408 684/408Mean Y in Control 331.3 98.11 123.62 294.91 516.65
[Land] [Seeds & Fertilizer] [Labour] [Quadrants] [Long-Run Adoption]
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Results: Profit Impact of Fertilizer

(1) (6)
Revenue Profits

ˆATEF (0; Lottery Lost) 139.0 65.00(24.6) (31.18)[0.000] [0.037]
ˆATEF (0; Lottery Won) 110.0 34.73(35.7) (47.19)[0.002] [0.462]

Duflo, Kremer, Robinson (2008):
• Find – at best – 136% gross return

over the season (CAN only).
• With comparable output measure,

we find 55%-70% return.
• With appropriate profit measure, we

find 17%-32% return.
• All do not include fertiliser cost.

[Weather Patterns]
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Results: Profit Impact of Lottery
(1) (2) (3) (4) (5) (6)
Revenue Costs Profits

Non-L. Hired L. Fam. L. (2)+(3)+(4)(maize) (all crops) (all crops)
ˆATEF (0;Lottery Lost) 139.0 2.85 41.53 29.82 74.19 65.00(24.6) (8.00) (16.16) (20.92) (28.28) (31.18)[0.000] [0.721] [0.010] [0.154] [0.009] [0.037]
ˆATEF (0;Lottery Won) 110.0 10.88 35.76 30.29 74.72 34.73(35.7) (11.59) (25.46) (30.02) (39.61) (47.19)[0.002] [0.348] [0.160] [0.313] [0.060] [0.462]
ˆATEL 79.7 20.44 19.92 -12.26 30.09 50.28(30.1) (10.13) (15.41) (25.29) (33.26) (37.94)[0.008] [0.044] [0.196] [0.628] [0.366] [0.185]

N (Lottery Lost/Won) 684/410 686/410 686/410 686/408 686/408 684/408Mean Y in Control 331.3 98.11 123.62 294.91 516.65
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Results: Profit Impact of Lottery
(1) (2) (3) (4) (5) (6)
Revenue Profits

ˆATEL 79.7 50.28(30.1) (37.94)[0.008] [0.185]

Karlan, Osei, Osei-Akoto and Udry (QJE, 2014):
• 420$ grant in Ghana increases costs by 2$ and profits by 65$.

Beaman, Karlan, Thuysbaert, Udry (ECMA, 2023):
• 140$ grant in Mali increases output by 66$ and “gross profits” by 39$.

(Does not subtract the value of own, family and unpaid labor.)

30 / 38



Results: Marginal Treatment Effects
(1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11)

w 0k 20k 40k 60k 80k 100k 120k 140k 160k 180k 200k
β̂w ;0 99 17 66 103 108 -47 10 453 238 267

(101) (50) (72) (75) (148) (202) (172) (273)∗ (174) (230)

β̂w ;1 259 -35 -56 84 99 0 391 -431 150 -162
(151)∗ (110) (127) (134) (161) (165) (161)∗∗ (256)∗ (194) (469)

f̂ (w ; 0) 0.099 0.318 0.190 0.132 0.056 0.060 0.034 0.018 0.027 0.023 0.042
N(w ; 0) 69 237 143 94 43 45 25 14 19 18 31
f̂ (w ; 1) 0.052 0.202 0.187 0.169 0.089 0.095 0.050 0.024 0.028 0.033 0.072
N(w ; 1) 24 91 82 75 40 43 23 11 13 14 30
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Results: Optimal Subsidy

Fertilizer price
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Lottery losers Lottery winners 1 Market Allocation
• For W ≥ 140k UGX find largereturns in constrained group.

2 Subsidy in Status Quo
• Large positive returns realised withoptimal subsidy of 60k UGX.
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Plan for Today
1 Theory
2 Experimental Design
3 Estimation
4 Setting, Sampling and Measurement
5 Results
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Taking Stock

Summary of Findings:
1 A 30% subsidy is a second-best policy.
2 A lottery payout implies that constrained farmers with high returns increase

their willingness to pay, removing the motive for a subsidy.
3 A lottery payout increased farm profits.

Should a policy maker focus on correcting any distortions created by liquidity
constraints through a subsidy, or should she focus on relaxing liquidity constraints?
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Policy Environment

Government Options:
• Allocate transfers of 195k UGX randomly to a share d of the population.
• Offer a single bundle of DAP and CAN to each household at a subsidized price.

Assumptions:
• No general equilibrium effects.
• Ê[θ(l)|w(l)] same if the farmer purchased at a price equal to their WTP.
• Fertilizer adoption is a binary decision.
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Policy Maker’s Optimisation

A policy maker will want to choose d and s to maximise:
W (d , s) = (1− d)

(
S(p − s; 0)− S(p; 0)− (γ− 1)s

∫ ∞

p−s
fW (0)(w)dw

)
+ d

(
S(p − s; 1)− S(p; 1)− (γ− 1)s

∫ ∞

p−s
fW (1)(w)dw

)
+ d (S(p; 1)− S(p; 0)− (γ− 1)195k UGX) .
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Results: Optimal Policy
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Four regimes:
1 At highest opportunity cost: nothing.

Adoption: 4.2%.
2 At high opportunity cost: 10% subsidy.

Adoption: 6.6%; gross return: 2.18.
3 At medium opportunity cost: 30% subsidy.

Adoption: 11.1%; gross return: 2.09.
4 At low opportunity cost: cash transfers.

Adoption: 6.7%; gross return: 1.25.

Lessons:
• Might explain prevalence of subsidy schemes.
• Higher adoption with 30% subs. than cash;second-best à la Lipsey and Lancaster (1956).
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1 At highest opportunity cost: nothing.
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2 At high opportunity cost: 10% subsidy.
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3 At medium opportunity cost: 30% subsidy.
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Lessons:
• Might explain prevalence of subsidy schemes.
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Summary
1 How well are fertilizer markets functioning in status quo?
→ Average profit impacts are substantially below market price.
→ Subsidy of 30% encourages adoption by a subgroup farmer with high returns.

2 Can we address the distortion at the source?
→ Cash transfers increase adoption.
→ Cash transfers increase profits.
→ Cash transfers imply that optimal subsidy is 0%.

3 Is it optimal to address the distortion at the source?
→ It might not be if the government’s cost of funds is high.
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Appendix
Introduction: Potash
Introduction: Phosphate
Experiment: BDM Pilot
Experiment: WTP & Planting
Experiment: R Distribution
Estimation: Baseline Control
Measurement: Optimal Survey
Measurement: Plot Size
Measurement: Quadrants
Setting: Weather Patterns

Results: Long-Run Adoption
Results: Land
Results: Inputs
Results: Labour
Results: Quadrants
Results: Compliers
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Results: Long-Run Adoption

• Very large effects on long-run adoption.
• Not driven by income effect of fertilizer; suggests learning.

[Main Results] [Appendix Overview]
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Results: Average Treatment Effects

[Main Results] [Appendix Overview]
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Results: Average Treatment Effects
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Maize Yield and Farm Size
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Background: Fertilizer Adoption in Africa
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Marginal Treatment Effects
1 We can identify, for each w

∆MTE (w) = E [y |τ = 1,W = w ]− E [y |τ = 0,W = w ]

2 Can recover conventional average treatment effect:∫ Wmax

Wmin

∆MTE (w)dF (w) = E [y |τ = 1]− E [y |τ = 0] = ATE

3 Can recover other quantities of interest, e.g.
• ∫Wmax

P ∆MTE (w)dF (w): ATE for buyers at price P .
• ∫ P ′

P ∆MTE (w)dF (w): LATE of price change from P ′ to P .
[Experimental Design]
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Implementation Challenges: Understanding
Berry et al. (2015) use approach with water filters in Ghana. BDM demand curve
similar to take-it-or-leave-it offers.
Implementation Issues:
• People do not always bid truthfully in strategy-proof mechanisms like BDM:

more dominant strategy play in ascending than second-price sealed-bid
auctions.

• Worry about auctioneer misbehaviour. Participants will not bid truthfully if
they suspect price manipulation.
• With uniform price, low power for ‘extreme’ WTP.
• With actual randomisation of R , no stratification.
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Pilot Experiment

Pilot Experiment:
1 WTP elicitation in setting where optimal bid is known: instantly-redeemable

cash voucher worth 1400 UGX ($0.40).
2 Test different mechanisms to compare performance.

Test population: rural village residents in Eastern Uganda.
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Pilot Experiment
Test 3 design features:
• BDM vs ascending MPL.

• Public randomization vs preassigned prices.
• Public: scratchcard with 11 boxes, subject scratches one.We show examples, can scratch all boxes after, enumerators “do not know” theprice locations.
• Preassigned: scratchcard with single box.“The price has been randomly selected by the computer and enumerator doesnot know it.”

• Unstated vs stated price distribution.
• Unstated: “The price might be 0, 200, ..., up to 2,000 UGX.”
• Stated: “... Each of these values appears exactly once/is equally likely to be onyour scratchcard.”
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Pilot Experiment
Treatments

1 BDM, public randomization, stated uniform prices
2 MPL, public randomization, stated uniform prices
3 MPL, preassigned price, stated uniform prices
4 MPL, preassigned price, unstated price distribution

Main observables:
• Participant’s cash on hand
• Bid for voucher
• Optimal bid = 1 if bid ∈ {1200, 1400} or all cash if constrained.
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Pilot Experiment: Soap Auction
After the voucher, we also sell a bar of soap worth 2000 UGX ($0.55) using the
same mechanism (P ∈ {0, 400, ..., 4000}).
Data
• Bid for bar of soap
• Participant belief about market price of soap (at end of survey)
• “Optimal bid” = 1 if bid ∈ {marketprice(rounded),marketprice − 400}, or (cash

on hand + voucher profit) if constrained.
Note: only “optimal”. True optimal bid equals market price only if a) participant
would buy soap in the market and b) no transaction costs.
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Pilot Experiment: Implementation Details
Multiple design features to aid trust and understanding
• Give participants an instantly redeemable 100 UGX voucher at start, to demonstratevoucher mechanism.
• Explain mechanism in concrete and intuitive terms.
• For a hypothetical 1600 UGX voucher, ask participant to compute win/lose outcomesand profits for different bid-price combinations.
• Check participant comprehension of price range (& distribution in stated treatments).
• After WTP elicited, check participant knows what would happen for different pricedraws.
• Allow to change bid if desired (nobody does).
• Final confirmation.
• Price revelation.
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Pilot Experiment: Implementation Details

Participants:
• Recruit from 7 rural villages in Mbale District (Eastern Region) Uganda.
• Mobilizers visit village 1 day before, ask chairperson to to suggest 35

participants.
• Interviews continue until N = 200.
• Simple randomization (50 per treatment).
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Pilot Experiment: Results
Optimal bidding for voucher. Chi-squared (3 d.f.) p-value = 0.15
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Pilot Experiment: Results
Demand for voucher
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Pilot Experiment: Results
“Optimal” bidding for soap. Chi-squared (3 d.f.) p-value = 0.15
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Pilot Experiment: Results
Demand for soap
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Pilot Experiment: Summary of Findings

• All mechanisms performed surprisingly well, no clear differences.
• Contrast with earlier results.

• Gives confidence in ability to measure WTP.
• MPL (preassigned, unstated) seems safe to use.

[Appendix Overview]
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Price Distribution
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Optimal Survey Design

Aim: Measure outcome yi in population of interest P .
Problem: Prohibitively costly. Could measure yi in Py ⊂ P .
Standard: Measure xi that maybe proxies for yi , yi = f (βxi , εi ),and use it instead of yi .

Optimal Survey Design
How to use xi optimally? How to choose xi?(Carneiro, Lee, Wilhelm, 2017)
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Optimal Survey Design: Part 1

How to use xi optimally?
1. Measure yi for Py and xi for P .
2. Find f̂ (xi ) = argming (x)∈ C(x) L(yi , g(xi )).

• L(yi , g(xi )) usually MSE.
•Machine learning good at this!
• Evaluate L(yi , f̂ (xi )) in PTest ⊂ Py .

3. Predict ŷi = f̂ (xi ) for all i /∈ Py .
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Optimal Survey Design: Part 2

How to choose xi?
1. Prices pj for each xij .

→ B(xi ;p) := ∑i∈P p
′xi .

2. For all B < B(xi ;p):find subset of variables z that minimises
L(yi ; f̂ (zi )), s.t. B(z;p) ≤ B ; evaluate
L(yi ; f̂ (zi )) in PTest* ⊂ Py .

-

6L̂(B)

B

s
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Optimal Survey Design: Our Example

10
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25

0 100 200 300
Budget

R
M

SE

Model
Cost−Adjusted Random Forest

Random Random Forest

Budget−Error trade−off, Training data

## $�Model 1�
## [1] "dayssinceplanting"
##
## $�Model 2�
## [1] "plant_MAI_liguleheight" "dayssinceplanting"
##
## $�Model 3�
## [1] "plant_MAI_liguleheight" "plant_MAI_infestedleaves"
## [3] "dayssinceplanting"
##
## $�Model 4�
## [1] "quadrant_MAI_nocobs" "plant_MAI_liguleheight"
## [3] "plant_MAI_infestedleaves" "dayssinceplanting"
##
## $�Model 5�
## [1] "quadrant_MAI_nocobs" "quadrant_MAI_infestedplants"
## [3] "plant_MAI_liguleheight" "plant_MAI_infestedleaves"
## [5] "dayssinceplanting"
##
## $�Model 6�
## [1] "quadrant_MAI_nocobs" "quadrant_MAI_expectations"
## [3] "quadrant_MAI_infestedplants" "plant_MAI_liguleheight"
## [5] "plant_MAI_infestedleaves" "dayssinceplanting"
##
## $�Model 7�
## [1] "quadrant_MAI_nocobs" "quadrant_MAI_expectations"

4
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Optimal Survey Design: Our Example

average dry-weight yield of ears in our Crop-Cutting sample is 139.7 g.

A measure of plant-level yield is obtained by multiplying the average number of ears per maize
plant in a quadrant with the average Ear Dry-Weight (g) in a quadrant, and refer to this as the
Plant Dry-Weight Yield (g).

3.2 Enumerator Assessment and Realized Yields

In this section we analyze how the enumerators’ assessment of maize yields recorded in the Pre-
Harvest Crop Assessment relates to realized output recorded in the Crop-Cutting Survey. The
enumerators assessment Surveyor Assessment: Maize is stated at the quadrant-level and in units
of yield in grams per plant. We calculate the realized plant-level yield by multiplying the average
number of ears per maize plant in a quadrant – data that comes from the Pre-Harvest Crop
Assessment – with the average Ear Dry-Weight (g) per ear in a quadrant – data which comes
from the Crop-Cutting Survey. We refer to this as the Plant Dry-Weight Yield (g). So both the
enumerator assessment and the realized yields are measured at the quadrant level as yield per
plant.

Figure 1: Enumerator Expectations and Realized Maize Yield.

N=7 N=47 N=101 N=47 N=6 N=0

Surveyor Assessment: Maize
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Notes: The figure depicts box plots of realized dry yield per plant in a quadrant, at each discrete level of enumerator expectations.
Plant Dry-Weight (g) is measured in grams and calculated as the average weight (at 12% moisture) of sampled maize ears in a quadrant
multiplied by the observed number of ears per plant. The enumerators expectations are the enumerators’ assessment of the expected
yield per plant of maize plants in a quadrant relative to the yield of healthy plant. Answers were given as shares from a discrete set
of options, s 2 {0%, 25%, 50%, 75%, 100%, 125%, 150%}. The grey area of each box plot depicts the 25th to 75th percentile range, and
the inside black line depicts the median. Above each box plot the number of observations at the is stated. All data is at the quadrant
level.

threshold, we cannot measure their moisture directly. In that case we mix the kernels from both ears in a quadrant
and measure the average moisture level. If the moisture level of one ear in the quadrant could be determined
individually, the average moisture across both ears allows to back out the moisture of the other ear. We use the
individual (possibly imputed) moisture level whenever possible, and the average quadrant-level ear moisture level
otherwise.

7
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Optimal Survey Design: Our Example

Figure 1 presents box plots depicting the distribution of realized yields given each level of enu-
merators assessment. The sample size is provided above each box plot. The figure shows a close
relationship between the surveyor assessment and the realized maize yields. The existing variation
in realized yield given an enumerator assessment is reflective of the fact that assessments could
only be given at discrete levels, incorrect assessments, measurement error in the outcome variable
and/or sampling variation induced by the random selection of ears in a quadrant. However, the
combination of these factors is not large: the distribution of yields as measured by the 25th-75th
percentile range is typically narrowly concentrated around the median. It is particularly note-
worthy that the relationship between enumerator assessment and realized yields is close to linear
and proportional. We interpret this as showing that the enumerator assessment predicts realized
yields very well.

3.3 Self-Reported Information

Next we assess the quality of the farmer-reported yield and plot size information from the followup
survey. The farmer-reported information is at the plot level. We convert the measure of realized
yield – previously stated as dry-weight yield per plant – to total yield per plot by multiplying the
yields per plant at the quadrant level with the average number of plants per quadrant and using
the ratio of the plot area and the quadrant area to scale from quadrant to plot level. Both the
average number of plants and the size of the plot are measured at the time of the Pre-Harvest Crop
Assessment, the latter using a GPS tracker. If at the time of the Pre-Harvest Crop Assessment the
farmer reports some early harvest of maize, we add that self-reported harvest to the realized yield
and enumerator assessment measure of yield. Table 2 reports the pairwise correlations between
these three measures of yield. Similar to the results presented above, we find the enumerator
assessment to be highly correlated with the realized yield (correlation coefficient of 0.816). In
contrast, the farmers’ self-reported yield information is only weakly correlated both with the
realized yield and the enumerator assessment of yields.

Table 2: Correlation of Yield Measures

Realized Yield Enumerator
Assessment

Farmer-
Reported

Realized Yields 1.000
Enumerator Assessment 0.816 1.000
Farmer-Reported 0.395 0.463 1.000
Notes: The table reports the pair-wise Pearson’s correlation coefficient between any two measures of
yields, using information from the 69 plots for which all information is available. Realized Yield is based
on a combination of Crop-Cutting and Pre-Harvest Crop Assessment data with the key ingredient being
the measured dry-weight of ears; Enumerator Assessment is solely based on Pre-Harvest Crop Assessment
with the key ingredient being the enumerator assessment of yield per plants; and Farmer Reported is
based on the farmers’ self-reported yield in the Follow-Up Survey.

The finding that the farmers’ provide relatively noisy information about yields at the time of the
Follow-Up Survey is consistent with the fact that the farmers systematically misreport the size
of their plots. Farmers report an average plot sizes of 1.26 acres, while the plots in fact are on
average 0.76 acres in size. A simple regression of farmer-reported plot size in acres on actual plot

8
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Measuring Plot Sizes
Figure 3: Crop Assessment Field Tracks

Notes: The figure plots ....

Figure 4: Land Size Measurement

(a) Season 1

0

10000

20000

30000

Pl
ot

 A
re

a 
(s

qm
), 

Se
lf-

R
ep

or
te

d

0 5000 10000 15000 20000 25000
Plot Area (sqm), GPS Measure

(b) Season 2

0

5000

10000

15000

20000

25000

Pl
ot

 A
re

a 
(s

qm
), 

Se
lf-

R
ep

or
te

d

0 5000 10000 15000 20000 25000
Plot Area (sqm), GPS Measure

Notes: The figure plots ....

6

31 / 37
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Figure 3: Crop Assessment Field Tracks

Notes: The figure plots ....

Figure 4: Land Size Measurement
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Quadrant Placement

[Timeline] [Appendix Overview]
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Planting Time
Figure 5: WTP Elicitation to Maize Planting

(a) Season 1
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First Stage (Lottery: 5k)
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Weather Patterns 1981-2018

Baseline Crop assessment Follow up
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