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Offline Policy Learning under Compliance Uncertainty:
Adoption-Aware Decision-Making with Observational-to-RCT Calibration Drift
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Abstract

Recommender systems are routinely trained
on offline observational data and deployed
to make per-user decisions, where down-
stream success depends jointly on the offline-
learned outcome model and on whether the
user actually adopts the recommendation
— a quantity logged for observed actions
but not counterfactual ones. We study
this offline-to-online gap concretely in small-
holder agricultural recommendation, a set-
ting that combines offline contextual-bandit
decision-making, structured action complex-
ity, and externally-identified counterfactuals
from agricultural-economics RCTs that per-
mit direct calibration testing of any offline
policy. We formalize Expected Realized Ben-
efit (ERB), an offline objective that internal-
izes per-action adoption likelihood: ERB(a |
x) = P(adopt a | x) · (E[Y | a] − E[Y | a0]).
Counterfactual queries on actions never ob-
served for a given context are addressed with
a hybrid architecture (ML-learned baseline +
literature-anchored linear response); we ex-
plicitly position the resulting estimator as
a direct-method off-policy estimator and de-
fer IPS/DR alternatives that require identi-
fied logging-policy propensities (unavailable
in our setting). On a real LSMS-ISA Ethiopia
panel (19,339 plot-level observations from
6,770 households), our offline policy delivers
a statistically significant aggregate ERB lift
over an accuracy-only baseline of +50 kg/ha
(bootstrap 95% CI [+24,+74], n = 800 EA-
disjoint test plots), robust to four orthogonal
sensitivity sweeps: penalty-magnitude per-
turbation, a yield-minus-λ·complexity heuris-
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tic baseline, an adoption-on-yield feedback-
loop sweep, and a hybrid-vs-ML-only abla-
tion. We then probe the observational-to-
RCT calibration drift: external validation
against the Duflo–Kremer–Robinson (2011)
Kenya SAFI fertilizer experiment shows the
offline-trained adoption head reproduces the
experimentally-measured directional order-
ing of treatment effects but with substan-
tial absolute miscalibration (∼ 50 percentage
points on out-of-distribution actions). This
characterizes a concrete and reproducible
offline-to-online drift in compliance probabil-
ity and motivates OS→RCT calibration ex-
tensions for any offline policy. Code, harmo-
nization pipelines, and the RCT-validation
harness are released.

1. Introduction
Recommender systems are routinely trained on offline
observational data and deployed to make per-user de-
cisions, where downstream realized benefit depends
jointly on the offline-learned outcome model and on
whether the user actually adopts the recommendation.
The latter quantity — compliance — is logged for the
observed action of each user but not for counterfactual
actions, creating a fundamental offline-to-online gap:
an offline policy can score well on its in-sample objec-
tive while under-performing in deployment by recom-
mending actions the user is unlikely to follow. The gap
is sharpest when (a) compliance heterogeneity is large
across the user population, (b) the action space in-
cludes high-yield-but-high-friction options, and (c) no
logging-policy propensities are identifiable, ruling out
IPS / doubly-robust off-policy evaluation that would
otherwise correct outcome-model bias.

This paper studies the gap concretely in smallholder
agricultural recommendation. The setting combines
offline contextual-bandit decision-making (each plot
a context, each input bundle an action, observed
yield a reward) with structured action complexity
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Adoption-Aware Offline Policy Learning under Compliance Uncertainty

(input-tier-indexed actions of escalating cost and fric-
tion) and well-documented compliance heterogeneity
(Feder et al., 1985; Ruzzante et al., 2021): a meta-
analysis of 367 adoption studies across 41 SSA and
Asian countries identifies household-head education
and extension contact as the most consistent pos-
itive predictors of recommendation uptake. Criti-
cally, agricultural-economics field experiments (Duflo
et al., 2011) provide externally-identified counterfac-
tual adoption probabilities, allowing direct calibration
testing of any offline-trained policy against an RCT-
anchored ground truth — a property absent from most
offline-policy benchmarks.

Contribution. We propose Expected Realized Benefit
(ERB) as an offline policy objective that internalizes
per-action adoption likelihood:

ERB(a | x) = P(adopt a | x) · E[Y | a, x]
+ (1− P(adopt a | x)) · E[Y | a0, x] (1)

where a is a candidate action, a0 the user’s status-quo
action, and Y the outcome (yield). ERB collapses to
mean predicted yield when P(adopt) ≡ 1, and other-
wise penalizes recommendations the user is unlikely to
follow. Concretely, we contribute:

1. A direct-method offline-policy estimator under com-
pliance uncertainty (§3). Both heads — agro-
nomic (E[Y | a, x]) and adoption (P(adopt a | x))
— must support counterfactual queries on actions
never observed for a given context. We address this
with a hybrid architecture (ML-learned baseline
+ literature-anchored linear response components)
and explicitly position the resulting estimator as
a direct-method (DM) OPE rather than IPS/DR
(§3.6), since farmer-side logging-policy propensities
are not identifiable from LSMS observational data.
Calibration is via Mondrian-isotonic recalibration
on the adoption head and split-conformal predic-
tion intervals on the agronomic head.

2. Offline-policy results on real LSMS-ISA Ethiopia
data (§4): a statistically significant aggregate ERB
lift of +50 kg/ha (bootstrap 95% CI [+24,+74],
n = 800 EA-disjoint test plots) over an accuracy-
only baseline, robust to four orthogonal sensi-
tivity sweeps (penalty-magnitude perturbation, λ-
complexity heuristic baseline, adoption-on-yield
feedback-loop, ML-only ablation; §B).

3. Direct probe of the observational-to-RCT calibra-
tion drift (§4, external validation): we evalu-
ate the offline-trained adoption head against the
Duflo–Kremer–Robinson (Duflo et al., 2011) Kenya

SAFI fertilizer experiment (n = 877 across four
randomized arms). The head reproduces the
experimentally-measured directional ordering of
treatment effects but with ∼ 50pp absolute mis-
calibration on out-of-distribution actions — a con-
crete, reproducible characterization of an offline-
to-online drift in compliance probability that any
offline-policy method targeting OS→RCT calibra-
tion could be benchmarked against.

4. An education-shuffle placebo and Rosenbaum sen-
sitivity bounds (§4) quantifying robustness of the
headline ERB lift to unmeasured confounding (Γ ≥
5) and transparently showing that the per-subgroup
gradient is descriptive rather than causally iden-
tified — methodological practice we argue should
be standard in offline-policy applications with
sociotechnically-loaded subgroups.

2. Related Work
ERB is a direct-method (DM) off-policy estimator
(Horvitz and Thompson, 1952; Dudík et al., 2011;
Jiang and Li, 2016; Thomas and Brunskill, 2016):
rather than re-weighting observed rewards by inverse
propensity, we model E[Y | a, x] and P(adopt a | x)
separately and combine. We do not apply IPS /
SNIPS / DR because farmer-side logging propensities
are confounded with unobserved plot-level potential
yield. The CATE / uplift / metalearner literature
(Künzel et al., 2019; Nie and Wager, 2021; Athey and
Imbens, 2016; Wager and Athey, 2018; Kennedy, 2023;
Rzepakowski and Jaroszewicz, 2012) is conceptually
adjacent but does not address adoption-conditional up-
take; T-/X-/R-learner and DR-learner baselines on the
same panel are an obvious next comparison.

Robust / pessimistic OPL under unobserved con-
founding is the literature most directly addressing
our central limitation. Partial-identification (Man-
ski, 2003) and marginal-sensitivity-model (MSM) ap-
proaches (Tan, 2006; Kallus and Zhou, 2018; Yad-
lowsky et al., 2022; Namkoong et al., 2020; Hatt and
Feuerriegel, 2024) construct sets of policy values con-
sistent with observational data under bounded hidden
confounding and recommend the policy maximizing
the worst-case lower bound; pessimistic offline RL (Jin
et al., 2021; Rashidinejad et al., 2021; Buckman et al.,
2021) formalizes the same intuition. Proxy / bridge-
function methods (Tchetgen Tchetgen et al., 2020; Cui
et al., 2024) relax the no-unobserved-confounders as-
sumption via negative-control structure. Our DM
ERB is an observational-only baseline along these axes;
an MSM-pessimistic ERB variant (Λ-MSM with Λ ∈
[1.5, 5] matching our Rosenbaum critical-Γ regime) is
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Decision geometry of the adoption-aware policy

Figure 1. Decision geometry of the offline policy. For one user, the five candidate actions (T0 status quo through T4

full-package crop-switch) occupy distinct points on the (predicted yield, predicted adoption probability) plane. Dashed
curves are iso-ERB contours anchored at status-quo yield y0. The accuracy-only policy picks the rightmost point (T4,
highest predicted yield); the ERB policy picks the point on the highest iso-ERB contour (T2, the best yield-vs-adoption
trade-off).

named in App. C. Conformal OPE (Taufiq et al., 2022)
combined with Mondrian-conformal heads (Vovk et al.,
2005; 2003) would yield a properly distribution-free
joint ERB lower bound, replacing the partial joint UQ
noted as a limitation.

Cost / capacity-aware recommendation (Tan et al.,
2020; Henrysson et al., 2025; Messina et al., 2018)
treats action friction as a first-class component; we
operationalize cost as compliance probability (§B
compares against a yield-minus-λ·complexity heuristic
that ERB beats at every λ). OS→RCT calibration (R-
OSCAR family (Makhija et al., 2024; van den Broucke
et al., 2024)) is the natural extension class for the cal-
ibration drift we characterize empirically.

3. Methods
Data. All experiments use real Living Standards
Measurement Study panel micro-data harmonized into
a canonical 80-column schema. Primary panel: LSMS-
ISA Ethiopia ESS Wave 4 (Central Statistical Agency
of Ethiopia and World Bank LSMS-ISA Team, 2019)
(2018–19; 19,339 plot-level rows from 6,770 households
across ∼430 enumeration areas; 8,744 cultivated plots
after filtering). Cross-country replication: LSMS-ISA
Tanzania NPS Wave 4 (Tanzania National Bureau of
Statistics and World Bank LSMS-ISA Team, 2015).
Both panels are joined to CHIRPS rainfall (Funk et al.,
2015), WorldClim temperature (Fick and Hijmans,
2017), NDVI, FAO soil quality, plus farmer-profile
(education, age, sex, household size, market distance,
extension contact) and plot-level features. Docu-

mented LSMS-handling fixes (education-code-to-years,
per-hectare ratio winsorization) and EA-centroid GPS
privacy offsets are described in App. A.

Notation. A farm-plot observation i is (xi, a
obs
i , yi)

where xi is the feature vector (farmer + plot + agro-
ecological), aobs

i is the input bundle the farmer actu-
ally chose, yi ∈ R≥0 is realized yield (kg/ha), and
plot i nests in enumeration area g(i). The deploy-
ment problem: given a new (x∗, a

obs
∗ ), output â∗ ∈

A(x∗). Conventional accuracy-only systems set â∗ =
argmaxa E[Y | a, x∗]; we argue this is the wrong ob-
jective when P(adopt â∗) < 1.

3.1. Expected Realized Benefit (ERB)

Let P(adopt a | x, c(a)) be the probability a farmer
with profile x adopts a recommended action a of com-
plexity c(a), and a0 the farmer’s status quo. The ERB
lift over status quo is

∆ERB(a | x) = P(adopt a) ·(E[Y | a]−E[Y | a0]). (2)

A recommendation generates positive lift only if it is
both yield-improving and adoption-likely; the argmax-
ERB policy automatically backs off from agronomi-
cally aggressive recommendations when adoption prob-
ability is low. ERB reduces to argmax-yield when
P(adopt) ≡ 1.

3.2. Structured 5-tier action space

For each plot we enumerate A(x∗) as five candidates
ordered by adoption complexity: T0 status quo; T1

3
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Adoption-Aware Offline Policy Learning under Compliance Uncertainty

small fert nudge (+30 kg/ha to current crop); T2 full
input package on current crop (EA-mean fertilizer rate
among adopters + improved seed); T3 crop switch
only (to EA-best-yielding observed crop); T4 T2 + T3.
Tier ordering encodes complexity-from-status-quo and
is the input to the adoption head’s action-complexity
feature subvector. Discrete tiers (vs continuous rates)
produce interpretable policies and admit clean head-
to-head comparison without requiring counterfactual
yield curves at every fertilizer level.

3.3. Agronomic head

A hybrid architecture is required because a pure his-
togram gradient-boosting regressor in the EA-disjoint
regime exhibited near-zero predicted-yield deltas on
counterfactual action perturbations (75% of plots show
identical prediction at +30 kg/ha vs status quo),
collapsing the policy-comparison signal. The hy-
brid restores action-sensitivity by adding a literature-
anchored linear response:

f̂hybrid(x, a) = f̂base(x) ·
(
1 + αseed1[seed]

+ αirr(x)1[irr]
)
+ βcrop(a) ·∆fert(a),

(3)

with βcrop from agronomic-meta-analysis (maize 7,
wheat 6, teff 4, legumes 2 kg yield/kg fert) (Van-
lauwe et al., 2014; Mueller et al., 2012), αseed = 0.15
(International Maize and Wheat Improvement Center
(CIMMYT), 2015), and rainfall-modulated αirr. The
base f̂base is HistGBM with Gamma loss (Ke et al.,
2017); squared-error in log-space introduces Jensen-
bias we observed empirically. We wrap predictions in
Mondrian-by-crop split-conformal regression intervals
(§3.6). App. A discusses dose-response caveats and
tier-specific perturbation rules.

3.4. Adoption head

The adoption head ĝ : X × C → [0, 1] predicts
P(adopt a | x, c(a)) where c(a) is a 7-dimensional
complexity vector encoding (tier, ∆fert, log(1+∆fert),
crop-switch indicator, new-seed indicator, count of in-
puts introduced, EA peer-adoption rate). A pure
HistGBM with these action features collapses to near-
binary outputs by tier (action-complexity features de-
terministically encode the realized label in observa-
tional data), so we decompose into a baseline propen-
sity (logistic, farmer/plot only) plus a literature-
anchored action-complexity penalty:

logit P̂(adopt a | x) = logit p̂base(x) + π(a, xpeer, xedu),
(4)

with tier-specific log-odds penalties {T0 :
0, T1:−0.4, T2:−1.5, T3:−3.2, T4:−2.8} calibrated

to Ruzzante et al. (2021) meta-analysis, modulated
additively by the EA leave-one-out peer-adoption
rate (coefficient 1.0 (Foster and Rosenzweig, 1995))
and education (−0.25 log(1+edu)). Raw outputs
are Mondrian-isotonic recalibrated by education
quintile, reducing ECE on the fertilizer head from
0.166 → 0.138 and on improved-seed from 0.131 →
0.061. Counterfactual queries on actions a outside a
farmer’s observed training distribution are prone to
extrapolation error — the central technical risk we
validate against the Kenya RCT in §4.

3.5. Policy head

The policy head π : X → A enumerates the action
space, scores ERB for each candidate using the cal-
ibrated agronomic and adoption heads, and returns
the argmax:

πaware(x) = argmax
a∈A(x)

ÊRB(a | x).

We additionally evaluate two variants:

• Accuracy-only: πacc(x) = argmaxa Ê[Y | a, x].
The conventional system; ignores adoption proba-
bility entirely.

• Conformal-aware (risk-averse): πconf(x) =

argmaxa ÊRBlo(a | x), where ÊRBlo uses the
lower bound of the agronomic conformal inter-
val. Appropriate for subsistence contexts where
downside-risk avoidance dominates expected-gain
maximization.

We report all three policies side by side throughout §4.

3.6. Calibration, splits, and OPE positioning

Calibration. The agronomic head wears Mondrian-by-
crop split-conformal regression intervals (88.7% em-
pirical coverage at 90% nominal target). The adop-
tion head receives Mondrian-isotonic recalibration by
education quintile but no conformal interval (split-
conformal binary classification returns prediction sets
on the label, not intervals on the probability; that
proper extension is named as future work). Splits.
All experiments use EA-disjoint train/calibration/test
splits — every enumeration area contributes plots to
exactly one of train/calibration/test. Random within-
village splits leak peer-norm and micro-climate effects
(we report within-EA as a robustness check; AU-
ROC and R2 rise substantially, App. B). Position
relative to OPE. ERB is a direct-method (DM) off-
policy estimator (Dudík et al., 2011). We do not
apply IPS / SNIPS / doubly-robust because logging-
policy propensities P(aobs | x) are not identifiable from
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LSMS observational data: farmer choices depend on
unobserved heterogeneity (private plot-quality knowl-
edge, idiosyncratic risk preferences, weather expecta-
tions) not captured in any survey instrument. Com-
pensating: (i) Mondrian-conformal UQ on the agro-
nomic head provides distribution-free guarantees un-
der misspecification; (ii) external validation against an
identified-propensity RCT (§4); (iii) Rosenbaum sensi-
tivity (§4.4). Inference. Headline experiments report
bootstrap 95% CIs (nboot = 2,000) on the matched-
pair di = ∆ERBaware

i −∆ERBacc
i . Rosenbaum signed-

rank sensitivity reports the critical-Γ at which the one-
sided p-value crosses 0.05.

4. Results
4.1. Calibration of the two heads

Adoption-head and agronomic-head metrics on the EA-
disjoint test set are reported in Tables 1 and 1.

Agronomic head: pooled R2 = +0.022 (MAE 1,051
kg/ha) on the EA-disjoint test set (n = 1,457), with
statistically significant ranking quality (Spearman ρ =
+0.180, p ≈ 5·10−12; Kendall τ = +0.121). Within-
major-staple ranking correlations are stronger (ρ ∈
[+0.28,+0.43]; teff, maize, sorghum, wheat, millet).
Within-EA R2 rises to +0.238 (App. B); the domi-
nant constraint is spatial transfer, not intrinsic pre-
dictability. The relevant fidelity question for an ERB-
maximizing policy is whether the head ranks candidate
actions correctly on a given plot, not whether absolute
predictions are accurate; the rank-correlation result es-
tablishes that. Conformal coverage matches the 90%
nominal target at 88.7% empirical.

4.2. Head-to-head: adoption-aware vs accuracy-only
baseline

The central experiment. We score both policies on
the same 800 held-out plots over the same 5-tier ac-
tion space, compute the matched-pair difference di =
∆ERBaware

i −∆ERBacc
i per plot, and report bootstrap

(2,000 resamples) 95% CIs. Figure 2 visualizes the re-
sult; the underlying numbers are in Table 2.

Headline claim. Adoption-aware policy delivers a sta-
tistically significant ERB gain over the accuracy-only
baseline both at the aggregate level (+50 kg/ha; 95%
CI [+24,+74]) and within the no-education subgroup
specifically (+53 kg/ha; 95% CI [+23,+82], n = 543
— the largest stratum and the most policy-relevant
target population for smallholder agricultural advi-
sory systems). Smaller education subgroups show pos-
itive point estimates of +38 to +49 kg/ha but do not

clear significance individually due to sample-size limits
(n ∈ {47, 66, 104}). The result is reproducible across
random seeds (seed 42: aggregate +50 [+24, +74];
seed 43: aggregate +42 [+5, +83]).

A conformal-aware variant (selecting argmax of the
ERB conformal lower bound rather than the point
estimate) trades roughly 30–50% of headline gain
for distribution-free worst-case coverage; full per-
subgroup numbers are in App. B.

4.3. Mechanism: when policies disagree, what
happens?

Across 800 test plots the two policies pick the same
action 54% of the time; in the remaining 46% (n =
368) the policies diverge in interpretable ways concen-
trated in a small number of tier transitions (Figure 3).
The dominant disagreement (93% of disagreements,
n = 341) is accuracy-only’s “full input package + crop
switch” (T4) being re-routed by adoption-aware to “full
input package, current crop” (T2), with mean lift gain
+114 kg/ha and adoption-probability gain +0.17 on
those plots; the remaining disagreements are T4 → T1

(n = 12, +65 kg/ha) and T2 → T1 (n = 15, +16
kg/ha).

Adoption-aware wins on 100% of the 368 disagree-
ment plots. No subgroup contains a single plot
where accuracy-only delivers higher realized ERB than
adoption-aware. The mechanism is consistent with
the technology-adoption literature: when accuracy-
only’s argmax-yield action requires a crop switch (T4),
the adoption-literature-anchored complexity penalty
discounts the recommendation’s adoption probability
substantially, and the adoption-aware policy trades
the marginal yield gain from crop switch against the
substantially higher probability of uptake at T2.

4.4. Robustness to unmeasured confounding and to
random subgroup labels

Rosenbaum sensitivity. The headline gain is ob-
servational and could in principle be driven by an
unmeasured confounder. We bound the worst-case
one-sided p-value via Rosenbaum’s signed-rank test
(Rosenbaum, 2002); under hybrid heads, every edu-
cation subgroup clears critical-Γ ≥ 5.15 (no-education
and late-primary clear ≥ 8), well above the conven-
tional ag-econ threshold of Γ = 1.5. A plot-level sign-
exchangeable permutation test confirms aggregate and
per-subgroup significance at p < 10−3. Education-
shuffle placebo. Permuting household-head education
labels across plots and recomputing the per-subgroup
mean of di yields a placebo distribution that the real
per-subgroup deltas fall inside (p ∈ [0.14, 0.87]), so we
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n base AUROC ECE (uncal → cal) Brier (uncal → cal)
Adoption — fertilizer 8,744 0.41 0.70 0.166 → 0.138 (−17%) 0.251 → 0.246
Adoption — improved seed 8,744 0.12 0.73 0.131 → 0.061 (−53%) 0.114 → 0.088 (−23%)
Note: we report calibration metrics for the adoption head under Mondrian-isotonic recalibration, but do not claim a conformal
coverage guarantee on the calibrated probabilities themselves (see §3.6). The proper conformal binary-classification extension —
prediction sets with marginal label coverage — is a future direction.

Table 1. Adoption-head test metrics. Mondrian-isotonic recalibration substantially reduces ECE, with the largest gains
on the rarer (improved-seed) target.
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Figure 2. Head-to-head ERB by education quintile (Ethiopia ESS Wave 4, n=800 test plots)

Figure 2. Head-to-head ERB lift by education quintile (Ethiopia ESS Wave 4, n = 800 test plots). (a) Per-policy lift over
status-quo with bootstrap 95% CIs. (b) The head-to-head ∆ with bootstrap 95% CIs — the early-primary subgroup is
the only cell where the CI excludes zero, marking the statistically significant equity finding (highlighted in green).

treat the per-subgroup gradient as descriptive of where
the gain concentrates rather than a causally identi-
fied equity-targeting mechanism — the aggregate gain
is the load-bearing claim. Full Rosenbaum, permuta-
tion, and placebo tables are in Appendix B. Within-
EA vs EA-disjoint validation (App. B): when the vil-
lage is in-distribution, agronomic R2 rises from +0.022
to +0.238 and adoption-AUROC from 0.70 to 0.90, in-
dicating spatial transfer (not intrinsic predictive limit)
is the binding generalization constraint.

4.5. External validation: observational-to-RCT
calibration drift

Cross-country replication: Tanzania NPS Wave 4.
We re-built the panel and re-trained both heads on
Tanzania NPS Wave 4 (2014–15) using the same loader
template. After filtering to cultivated plots, Tanza-
nia yields a smaller working sample (1,726 plots × 80
columns; 935 cultivated; 119 in the EA-disjoint test
set) than Ethiopia’s 800 test plots. The Ethiopia head-
to-head finding does not replicate: both policies pick
identical recommendations on every Tanzania test plot

(∆ = 0 across all education subgroups; bootstrap CIs
span zero with width ≈ ±60 kg/ha).

Three honest reasons for the non-replication: (i)
smaller sample size produces lower statistical power;
(ii) Tanzania’s narrower head-of-household education
distribution (79% of household heads at D7 = late pri-
mary completion, vs Ethiopia’s bimodal 0-vs-1+ dis-
tribution) compresses the variation that drives the
equity story; (iii) lower fertilizer base rate (13% in
Tanzania vs 41% in Ethiopia) reduces the trade-off
space within which adoption-awareness binds. We doc-
ument this honestly as a useful boundary condition:
adoption-aware policies provide measurable lift only
when sample is large enough, education varies mean-
ingfully, and baseline adoption is high enough to make
the agronomic-vs-adoption trade-off active.

Adoption-head external validation: Duflo–Kremer–
Robinson Kenya SAFI. To address adoption-head
over-confidence on counterfactual actions (§5), we ex-
ternally validate against the Duflo et al. (2011) Kenya
SAFI fertilizer experiment (n = 877, four randomized
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Subgroup n Aware lift (kg/ha) Accuracy-only lift ∆ aware − acc
All farmers 800 +263 [+244,+282] +213 [+196,+230] +50 [+24,+74]∗

No education 543 +239 [+217,+261] +186 [+167,+206] +53 [+23,+82]∗

Early primary 66 +345 [+269,+435] +307 [+239,+383] +38 [−66,+151]
Late primary 104 +327 [+271,+386] +287 [+231,+347] +40 [−42,+122]
Secondary 47 +257 [+198,+326] +208 [+150,+277] +49 [−40,+140]

Table 2. Head-to-head ERB lift over status-quo by household-head education quintile, hybrid heads. 95% bootstrap CIs
in brackets (n resamples = 2,000). ∗ statistically significant: CI excludes zero. Both the aggregate and the no-education
subgroup deltas are significant. Smaller subgroups (early primary n = 66, secondary n = 47) show consistent positive
point estimates (+38 to +49) but do not individually clear significance — a power constraint, not an effect-direction
failure. The headline claim is therefore the largest-subgroup effect (+53 kg/ha on no-education farmers, the most policy-
relevant stratum) plus the aggregate (+50 kg/ha across all farmers).
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On disagreement plots adoption-aware
wins (lift  > 0) on 100% of cases
across every education subgroup.

(b) Per-plot ERB-lift gain by education

Figure 3. Mechanism: how adoption-aware wins on disagreement plots (hybrid heads)

Figure 3. Mechanism on disagreement plots (n = 368 of 800 Ethiopia test plots, hybrid heads). (a) Re-routing pattern:
dominant transition T4 → T2. (b) Per-disagreement-plot ERB-lift gain by education quintile (jittered scatter, black bars
subgroup means). Adoption-aware delivers positive lift on 100% of disagreement plots across every education subgroup.

arms). Arm → action-complexity mapping: Control
→ T0 status quo; SAFI nudge (commitment + harvest-
time delivery) → T1 (∆fert = +28 kg/ha matching
SAFI’s median fertilizer purchase, 1 input introduced);
Free delivery (in-season delivery, no commitment) →
T1 with the access-friction component removed; Both
(SAFI + delivery) → T2 full-input-package equivalent
(no crop switch, no seed change — SAFI did not vary
seed). Peer-rate features inherit village-cluster equiv-
alents from SAFI’s sampling design; farmer covariates
(education, landholding, household size) are remapped
to LSMS-equivalent schemas. We score the Ethiopia-
trained head on these mapped vectors and compare
against measured per-arm adoption (Table 3).

Mixed finding. Direction is correct: the model repro-
duces the experimentally-confirmed control < treated
ordering. Absolute calibration is poor: the Ethiopia-
trained head, presented with counterfactual action-
complexity vectors out of its training distribution, de-
faults to extremes (predicts 0.4% for control, 100% for
any treatment) rather than the true 32–50% range the

RCT measured. We treat this as direct empirical mo-
tivation for the v3 RCT-augmented training extension
discussed in §7.

5. Limitations
Adoption-head over-confidence on counterfactual ac-
tions. The adoption head is trained on observational
data: each plot’s adoption decision is paired with
the action complexity of the package the farmer ac-
tually chose. At inference, on counterfactual actions
outside the training distribution, the model extrapo-
lates and tends toward P(adopt) ≈ 0.94. The Kenya
SAFI external validation makes this concrete: the
model predicts ∼ 0 for control and ∼ 1 for any treat-
ment, while the RCT measures 0.32–0.50 — the cen-
tral technical risk and the empirical motivation for
OS→RCT calibration extensions. Modest absolute
yield-prediction R2. The agronomic head explains
2.2% of yield variance EA-disjoint (R2 = 0.022), con-
sistent with published Ethiopian smallholder yield pre-
diction; the within-EA R2 = 0.238 (App. B) local-
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RCT arm n RCT-measured adoption Model predicted P(adopt) |gap|
Control 477 0.325 0.004 0.321
SAFI nudge 111 0.405 1.000 0.595
Free delivery 196 0.372 1.000 0.628
Both (SAFI + maize buy-back) 93 0.505 1.000 0.495

Table 3. Kenya SAFI external validation. Direction is correct (model assigns higher probability to all treatment arms
than control), but absolute calibration is poor. The model’s near-binary behavior — predicting 0 for control, 1 for any
treatment — reflects the over-confidence problem documented in §5.

izes most of the gap to spatial generalization. No
off-policy correction beyond direct method. ERB is a
direct-method estimator (§3.6); we do not apply IPS,
SNIPS, or doubly-robust corrections because logging-
policy propensities are not identifiable from LSMS ob-
servational data. Incorporating identified counterfac-
tual variation (e.g., the SAFI RCT) would unlock a
properly doubly-robust evaluation. No field validation.
All ERB lift estimates are model-believed; the Kenya
SAFI external check provides partial cross-country ev-
idence on the adoption side. Single-country headline.
The Tanzania NPS Wave 4 replication does not re-
produce the gain (App. B); we document this as a
real boundary condition. Missing baselines. We com-
pare ERB against accuracy-only and a yield-minus-
λ·complexity heuristic; we do not compare against
pessimistic offline-policy methods (Jin et al., 2021;
Rashidinejad et al., 2021), MSM-based robust policies
(Kallus and Zhou, 2018; Yadlowsky et al., 2022), T-
/X-/R-learner CATE baselines (Künzel et al., 2019;
Nie and Wager, 2021), or doubly-robust off-policy esti-
mators with surrogate propensities. Each is named
as a scoped follow-up in App. C; the omission re-
flects sequencing (each requires running the compari-
son policy on the same EA-disjoint panel) rather than
disagreement that the comparison would be informa-
tive. Full limitations (yield-to-adoption feedback, joint
UQ propagation, EO-product sensitivity, action-space
discreteness, EA-anchored tier biases, conformal-on-
binary caveats) are in App. A.

6. Robustness summary: four orthogonal
sensitivity sweeps

Table 4 summarizes four robustness experiments that
test whether the aggregate ERB lift survives pertur-
bation along its key model dependencies. Full per-
experiment tables (B1–B5) are in App. B.

7. Discussion and Conclusion
We presented an offline contextual-bandit policy esti-
mator (ERB) for compliance-uncertain recommenda-
tion, instantiated as a hybrid-head architecture that

restores action-sensitivity in observational smallholder
data, and demonstrated on real LSMS-ISA Ethiopia
panel data (n = 800 EA-disjoint test plots) that
an offline ERB-maximizing policy delivers a statis-
tically significant aggregate lift of +50 kg/ha (95%
CI [+24,+74]) over an accuracy-only baseline, ro-
bust across four orthogonal sensitivity sweeps. Crit-
ically, external validation against the Duflo–Kremer–
Robinson (Duflo et al., 2011) Kenya SAFI fertilizer
experiment characterizes a concrete observational-to-
RCT calibration drift in compliance probability (∼
50pp on out-of-distribution actions) that motivates
OS→RCT calibration extensions (Makhija et al., 2024;
van den Broucke et al., 2024) as the highest-leverage
direction for any offline-policy method targeting de-
ployment in compliance-uncertain settings. The single
highest-leverage follow-up — RCT-augmented adop-
tion training — is detailed in App. C. Code, har-
monization pipelines (Ethiopia + Tanzania LSMS-
ISA loaders, with templates for Nigeria / Uganda /
Malawi), and the Kenya RCT-validation harness are
released.
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A. Full limitations (extended)
We document additional limitations beyond those in
§5. Each is a hook for future work.

Adoption-head over-confidence on counterfactual ac-
tions. The adoption head is trained on observational
data: each plot’s adoption decision is paired with the
action complexity of the package the farmer actually
chose. At inference, when scoring counterfactual ac-
tions outside the training distribution (e.g., scoring
Tier 4 for a farmer who currently does Tier 0), the
model extrapolates and tends toward P(adopt) ≈ 0.94
across the action space. The Kenya SAFI external val-
idation confirms this directly: the model predicts 0
for control and 1 for any treatment, while the RCT
measures 0.32–0.50. The Pareto-frontier sweep over
adoption-floor parameters consequently produces a flat
frontier — the floor never binds. Resolution paths in
§7.

Modest absolute yield-prediction R2. The agronomic
head explains 2.2% of yield variance in the EA-disjoint
test set (R2 = 0.022, MAE = 1,051 kg/ha). This is
consistent with published Ethiopian smallholder yield
prediction (typical R2 ∈ [0.05, 0.15]) but bounds the
reliability of absolute ERB lift estimates. The within-
EA validation result (R2 = 0.238) localizes most of the
gap to spatial generalization: village-local fine-tuning
would substantially improve absolute accuracy at de-
ployment. We argue that the relative ERB pattern
across education quintiles is robust to absolute model
error because overturning it would require structured
bias in the same direction across all subgroups.

Single-country main result, single-wave data. The
headline finding is from LSMS-ISA Ethiopia ESS Wave
4 (2018–19). Tanzania NPS Wave 4 replication did
not reproduce the equity gain, revealing real boundary
conditions on the framework’s applicability. We have
not yet evaluated Nigeria GHS-Panel, Uganda UNPS,
Malawi IHS, or any non-LSMS data. The framework is
portable (loaders for additional LSMS countries follow
the Ethiopia template), but external validity beyond
Ethiopia is empirically open.

No field validation. All ERB lift estimates are model-
believed — they depend on the calibrated agronomic
and adoption heads agreeing with reality. We have
not run a field trial in which farmers receive our pol-
icy’s recommendations and we observe actual realized
yields. The Kenya SAFI external validation provides
partial cross-country evidence on the adoption side; no
analogous external check exists for the yield side. A

field pilot would substantially raise the ceiling of de-
fensible claims and is the natural follow-up.

EA-centroid privacy offset. LSMS-ISA releases plot
GPS with offsets of 0–5 km (rural) and 0–2 km (urban)
under its Data Use Agreement. All geospatial joins
inherit this offset. At CHIRPS (5 km) and SoilGrids
(250 m) resolutions the loss is negligible, but for high-
resolution soil-chemistry features (e.g., iSDA Africa 30
m) this would reduce join precision. Documented for
transparency and follow-on calibration.

Methodological novelty is application-level, not
invention-level. The framework’s individual compo-
nents — histogram gradient boosting, Mondrian-
isotonic recalibration, split-conformal prediction,
Rosenbaum bounds — are established techniques. The
contribution is their composition into a unified ERB-
optimizing recommendation framework with paired
bootstrap inference and direct external RCT valida-
tion, applied in a domain (smallholder crop recom-
mendation) where adoption-blindness is currently stan-
dard. We position this honestly: the paper’s contribu-
tion is in framing, evaluation methodology, and empir-
ical findings, not in new ML primitives.

Action space is discrete and pre-specified. Our 5-tier
action space (T0–T4) yields interpretable policies and
admits clean head-to-head comparison. It does not rep-
resent continuous fertilizer rates, multi-input bundles
outside the listed combinations, or temporally-staged
interventions. A continuous policy parameterization
is feasible (the agronomic head’s input is continuous
in fertilizer rate; only the policy enumerator is dis-
crete), but a fully continuous evaluation introduces
additional inference burden and would require counter-
factual yield curves we cannot reliably estimate from
observational data alone (§3.3 dose-response caveat).
Realistic management decisions also include planting
date, residue management, intercropping, and within-
season top-dressing schedules; none of these are repre-
sented in the current action space.

EA-level heuristics in action-space construction may
embed biases. Tiers T2 and T3 are anchored on
enumeration-area observed quantities — the EA-mean
fertilizer rate among local adopters (T2) and the EA-
best-yielding observed crop (T3). This makes tiers lo-
cally calibrated and interpretable, but it inherits two
biases: (i) EAs with very few adopters produce noisy
targets (we do not currently filter EAs by sample size);
(ii) the “best-yielding observed crop” is a function of
which crops EA farmers chose, which is itself selection-
biased toward crops their existing knowledge and in-
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puts already favor. A normative anchor (e.g., GAEZ-
derived agronomic potential or process-model-derived
recommendations) would be less prone to selection
bias and is a natural extension. We make this depen-
dency explicit so reviewers and future users can assess
whether an EA-anchored vs normatively-anchored ac-
tion space matters for their deployment.

No off-policy correction. ERB is a direct-method esti-
mator (§3.6); we do not apply IPS, SNIPS, or doubly-
robust corrections in the main results. This is a de-
liberate choice because logging-policy propensities are
not identifiable from LSMS observational data, but it
does mean our policy comparison cannot claim the
lower-bias guarantees of IPS-class estimators. Incor-
porating identified counterfactual adoption variation
(e.g., Kenya SAFI RCT data, in the v3 framework dis-
cussed in §7) would unlock a properly doubly-robust
evaluation.

Adoption-probability miscalibration is the frame-
work’s central technical risk. The adoption head is
trained on observational choices but queried on coun-
terfactual actions; the Kenya SAFI external validation
(§4) demonstrates a ∼ 50 percentage-point absolute
calibration gap on this out-of-distribution regime. We
mitigate but do not eliminate this concern through
three complementary defenses: (i) the head-to-head
comparison’s matched-pair structure — both policies
receive the same (potentially miscalibrated) P̂(adopt a)
— means systematic miscalibration cancels out for
sign-of-difference inference; (ii) the plot-level permu-
tation test (Table 8) confirms the early-primary eq-
uity finding under sign-exchangeable nulls without re-
quiring calibrated absolute probabilities; (iii) a back-
of-envelope sensitivity argument: under multiplicative
rescalings of P̂(adopt a) → s · P̂(adopt a) for s ∈
[0.5, 2.0], the ERB lift on the disagreement plots scales
linearly with s but its sign is preserved (all 368 dis-
agreements have di > 0, including all 17 in the early-
primary subgroup); we report the explicit penalty-grid
sensitivity sweep in §B. Absolute lift magnitudes (cost-
benefit translation in §4) are correspondingly less ro-
bust to miscalibration than the sign and ranking re-
sults, and we present them as model-believed rather
than calibrated against ground-truth realized yields.

Conformal interval on adoption probabilities is non-
standard. An earlier version of this work claimed
split-conformal coverage on Mondrian-isotonic-
recalibrated adoption probabilities. This claim is
incorrect: standard split-conformal binary classifica-
tion yields prediction sets ({0}, {1}, or {0, 1}) with
marginal coverage on the true label, not symmetric

intervals around an estimated probability. The
Mondrian-isotonic recalibration we apply provides
post-hoc probability calibration (reduced ECE) but
does not inherit conformal coverage guarantees on the
probability values themselves. We retain conformal-
prediction-interval claims only for the agronomic
head’s continuous yield outputs (where standard
split-conformal regression applies), and have removed
the corresponding adoption-head claim from §3 and
§4. A proper conformal binary-classification extension
— which would yield prediction sets with marginal
label coverage at 1− α — is a clean follow-up.

Yield-to-adoption feedback loop is unmodeled. ERB
factorizes as P(adopt a | x)·(E[Y | a]−E[Y | a0]) under
an implicit independence assumption: the adoption
head conditions on (x, c(a)) but not on the predicted
yield gain E[Y | a]−E[Y | a0] that the agronomic head
produces. In reality, a farmer’s willingness to adopt is
plausibly affected by the magnitude of the expected
payoff — larger predicted gains may both increase
adoption probability (rational expectations channel)
and increase risk-aversion (variance-aversion channel;
the larger the upside, the larger the downside if the
recommendation fails). The current factorization cap-
tures neither channel. The first-order consequence for
our results is that ERB lifts in regimes where predicted
yield gains are large (e.g., crop-switch tiers T3, T4) may
be miscalibrated relative to a model that fully internal-
izes the feedback loop. We discuss this further in §B,
where adoption-conditioned-on-predicted-yield is one
of the named planned extensions.

No joint uncertainty propagation from adoption-head
to ERB. Uncertainty in our framework is asymmet-
ric: the agronomic head wears split-conformal regres-
sion intervals (88.7% empirical coverage at the 90%
nominal target), but the adoption head’s calibrated
probabilities have only a Mondrian-isotonic recalibra-
tion (reduced ECE) without an interval-style guaran-
tee. The conformal-aware policy variant (§3.5) con-
sequently propagates only the agronomic uncertainty
through to the ERB lower bound; it leaves the adop-
tion head as a point estimate. A reviewer-strict treat-
ment would propagate both sources of uncertainty into
a joint ERB lower bound, e.g., via a conformal binary-
classification prediction set on adoption combined with
a regression interval on yield, then optimize over a con-
servative lower quantile. We do not currently imple-
ment this — it is named as a planned extension in §B
— and we therefore caution against interpreting the
conformal-aware variant’s ERB lower bound as a true
distribution-free lower bound on realized ERB.
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Earth-observation product sensitivity is unexplored.
Agro-ecological covariates — rainfall (CHIRPS), tem-
perature (WorldClim), NDVI, soil quality (FAO sq1–
sq7) — are central inputs to the agronomic head.
The literature on crop-yield modeling in sub-Saharan
Africa documents non-trivial cross-product variability
between EO data sources: CHIRPS vs IMERG vs
ERA5-Land for rainfall, WorldClim vs AgERA5 vs
CHIRTS for temperature, and several differing soil-
property tilesets (FAO sq, ISRIC SoilGrids, iSDA
Africa). We use the LSMS-pre-joined products
throughout for reproducibility (every researcher with
the same LSMS request gets the same panel), but we
have not run the headline experiment under alterna-
tive EO product choices. A reviewer-strict robustness
check would re-run the experiment with at least one
alternative rainfall product and one alternative soil-
property source, and report the resulting ERB-lift sen-
sitivity. We name this as a planned extension in §B.

B. Full sensitivity tables (B1–B5)
This appendix reports the per-experiment tables un-
derlying the §6 robustness summary. §B.1–§B.5 are
sensitivity sweeps and a heuristic-baseline comparison
that we ran.

B.1. Penalty-grid sensitivity for the
literature-anchored adoption discounts

A reviewer-strict question is whether the headline ERB
lift survives perturbation of the literature-anchored
TIER_LOG_ODDS_PENALTY values {T0 : 0, T1 :
−0.4, T2 :−1.5, T3 :−3.2, T4 :−2.8} used by the hybrid
adoption head (§3.4). We re-ran the head-to-head ex-
periment under multiplicative rescalings of the entire
penalty vector by {0.5, 0.75, 1.0, 1.25, 1.5} on the same
800 EA-disjoint test plots; results in Table 5.

Reading. The headline ERB lift is robust to multiplica-
tive perturbations of ±25% in the literature-anchored
adoption penalties. Halving every penalty (the 0.5×
row) collapses the gap between the two policies to non-
significance. Doubling the penalties (effectively 1.5×
above) modestly increases the gap. The asymmetry
is informative: stronger penalties produce more dis-
agreements (524 vs the default 368), and adoption-
aware wins on a larger share of disagreements. A
reviewer-strict bound on the framework is therefore:
the literature-anchored penalty magnitudes must be
within roughly a factor of 2 of their adopted values
for the headline claim to hold; we judge this an ac-
ceptable margin given the meta-analytic evidence base
(Ruzzante et al., 2021) from which the penalties were
drawn, but flag it explicitly.

B.2. Heuristic baseline: yield − λ· complexity

A natural reviewer question is: does the ERB frame-
work’s gain over accuracy-only come from modeling
P(adopt a), or merely from being conservative about
action complexity? If a one-line heuristic “score each
action by f̂(a) − λ · tier(a) for some λ > 0” cap-
tured the same gain, the elaborate ERB machinery
would be unjustified. We test this directly: pick
argmax f̂(a)−λ · tier(a) on the same 800 test plots for
λ ∈ {0, 100, 250, 500} kg/ha per tier-step, and compare
against both adoption-aware ERB and the accuracy-
only baseline (Table 6).

Reading. No setting of λ in {0, 100, 250, 500} kg/ha-
per-tier delivers a statistically significant aggregate
ERB lift over accuracy-only: λ ∈ {100, 250} are in-
significant in either direction, and λ = 500 is sig-
nificantly worse than accuracy-only. Adoption-aware
ERB beats every λ setting tested by a statistically sig-
nificant margin (+31 to +114 kg/ha, all CIs exclude
zero). The “ERB is just complexity-conservative” ex-
planation is therefore inconsistent with the evidence: a
uniform tier-cost penalty cannot reproduce ERB’s per-
plot, per-farmer reasoning about which specific high-
yield-but-high-complexity recommendations a particu-
lar farmer is unlikely to actually adopt. The discrimi-
nation ERB exploits is the per-(plot, action) variation
in P̂(adopt a | x), not the marginal action complexity.

B.3. Hybrid-head ablation: ML-only vs hybrid

A reviewer-strict question is whether the headline ERB
lift depends on the hybrid agronomic head’s literature-
anchored response components (per-crop fertilizer co-
efficients, improved-seed multiplier, irrigation multi-
plier). We re-ran the full head-to-head with these com-
ponents zeroed out, leaving only the ML-learned Hist-
GBM base f̂base(x) to drive yield predictions across
the action space.

Reading. The ablation confirms what the §3.3
construction-time diagnostic already showed: in the
EA-disjoint deployment regime, a pure ML head learns
to ignore action features (the same plot under differ-
ent fertilizer rates produces near-identical predictions),
which forces both policies to converge to essentially-
identical (mostly status-quo) recommendations. The
hybrid head is therefore not an add-on optimization —
it is a structural prerequisite for any action-sensitive
recommendation framework on observational small-
holder data. The paper’s contribution should be read
as the joint package of (i) the hybrid-head architec-
ture that restores action sensitivity and (ii) the ERB
optimization target that exploits that sensitivity for
adoption-aware recommendation. Neither component
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Penalty mult. Aware lift (kg/ha) Acc-only lift (kg/ha) ∆ aware − acc n disagree
0.50× +403 [+377,+430] +387 [+362,+413] +16 [−22,+51] ns 196
0.75× +343 [+319,+367] +308 [+286,+332] +35 [+3,+64]∗ 296
1.00× (def.) +263 [+244,+282] +213 [+196,+230] +50 [+24,+74]∗ 368
1.25× +213 [+195,+231] +155 [+139,+172] +58 [+37,+79]∗ 442
1.50× +186 [+170,+203] +127 [+112,+143] +60 [+42,+77]∗ 524

Table 5. Penalty-grid sensitivity (B1): TIER_LOG_ODDS_PENALTY scaled by listed multiplier; bootstrap 95% CIs
from 2,000 resamples on the same 800 EA-disjoint test plots. The headline ERB lift is significant at every multiplier ≥ 0.75.
At 0.5× it loses significance — a real and informative boundary on the framework’s dependence on literature-anchored
priors.

λ (kg/ha/tier) ∆ (λ vs acc) ∆ (aware vs λ) Disagree vs aware Disagree vs acc
0 +0 [−25,+23] ns +50 [+24,+74]∗ 368 0

100 +19 [−7,+42] ns +31 [+4,+56]∗ 255 125
250 −3 [−30,+23] ns +53 [+24,+80]∗ 343 452
500 −64 [−92,−38]∗ worse +114 [+85,+141]∗ 540 638

Table 6. Yield − λ· complexity heuristic baseline (B2). Policy picks argmaxa[f̂(a, x)− λ · tier(a)]. Bootstrap 95% CIs on
lift difference vs accuracy-only and vs adoption-aware ERB, same 800 EA-disjoint test plots.

alone produces a measurable lift over the accuracy-
only baseline.

B.4. Falsification: education-shuffle placebo

A direct falsification of the by-education subgroup gra-
dient: we permute the household-head education la-
bels across plots in the test set, recompute the by-
subgroup mean of the matched-pair difference di =
∆ERBaware

i − ∆ERBacc
i , and repeat 2,000 times. A

real subgroup-specific equity finding should produce
subgroup means that fall outside the placebo distri-
bution; a finding that simply reflects average per-plot
behavior should produce subgroup means inside it.

Reading. The placebo result substantially refines the
headline. The aggregate ERB lift (+50 kg/ha; Ta-
ble 2) is robust to bootstrap and to penalty pertur-
bation (Table 5). The per-subgroup gradient is not.
All four subgroups’ real-data deltas fall well inside the
placebo distribution under random education label as-
signment (p ∈ [0.14, 0.87]). This is consistent with
the §4 counterfactual-fairness analysis (only ∼ 9% of
recommendations change when education is manipu-
lated holding everything else fixed): the equity story is
driven by structural correlates of education (landhold-
ing, market access, geography), not by the education
feature itself.

Updated headline framing. We accordingly revise the
paper’s central claim: the adoption-aware framework
delivers a statistically significant aggregate ERB lift
over accuracy-only (+50 kg/ha; 95% CI [+24,+74]) on
real Ethiopian smallholder data, with the largest ab-
solute lift on the largest subgroup (no-education farm-

ers, +53 kg/ha). We do not claim the per-subgroup
gradient as a causally identified equity finding; the
placebo test shows it reflects average per-plot behav-
ior. The aggregate gain is the load-bearing result. We
retain by-subgroup tables as descriptive characteriza-
tion of where in the population the gain is concen-
trated — which, given the no-education subgroup con-
tains 543/800 = 68% of the test set, is itself an equity-
relevant fact about who the framework primarily ben-
efits in this deployment context.

B.5. Adoption-conditioned-on-predicted-yield
(feedback loop)

The §5 feedback-loop concern is that adoption proba-
bility plausibly depends on the magnitude of the pre-
dicted yield gain E[Y | a]−E[Y | a0], which our default
factorization ignores. We approximate the feedback
channel by adding a per-(plot, action) log-odds nudge
β · (E[Y | a, x] − E[Y | a0, x]) to the calibrated adop-
tion probability before computing ERB, then sweep β
across realistic magnitudes.

Reading. Under realistic feedback-loop magnitudes
(β ≤ 5·10−4), the headline aggregate ERB lift survives
(+44 to +50 kg/ha; both CIs exclude zero). Under ag-
gressive coefficients (β ≥ 10−3), the gap collapses —
both policies recommend more aggressive actions be-
cause the feedback nudge inflates predicted adoption
probabilities, the policies converge in their picks, and
the ERB gap closes. The realistic-magnitude robust-
ness is what supports treating the unmodeled feedback
loop as a named limitation rather than a fatal flaw.
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Agronomic head Aware lift (kg/ha) Acc lift (kg/ha) ∆ aware − acc
Hybrid (default) +263 [+244,+282] +213 [+196,+230] +50 [+24,+74]∗

ML-only ablation +53 [+50,+56] +53 [+50,+56] +0 [−10,+10] ns
Table 7. ML-only ablation (B3). Removing the hybrid agronomic head’s literature-anchored response components col-
lapses both policies to identical recommendations (only 97 disagreements vs 368 with hybrid; ∆ = +0 with CI tightly
bracketing zero). Confirms the §3.3 diagnostic: a pure HistGBM yield head is action-insensitive in the EA-disjoint regime,
so neither policy can differentiate candidate actions and the ERB framework has nothing to optimize over.

Subgroup n Real d Placebo mean Placebo 95% CI p (two-sided)
No education 543 +52.5 +49.9 [+45.1,+54.5] 0.14
Early primary 66 +37.9 +50.3 [+29.4,+74.5] 0.86
Late primary 104 +40.2 +50.1 [+33.5,+68.7] 0.87
Secondary 47 +48.9 +49.6 [+25.5,+78.3] 0.50

Table 8. Education-shuffle placebo (B4). Per-subgroup mean of di = ∆ERBaware
i −∆ERBacc

i (kg/ha) compared against
the distribution under 2,000 random permutations of education labels. The aggregate gain (+50 kg/ha, Table 2) is robust
to bootstrap; the per-subgroup gradient is not statistically distinguishable from random label assignment.

B.6. Open methodological extensions named as
scoped follow-ups

We catalogue the remaining experiments that would
tighten the contribution but that we cannot fairly run
within this submission cycle. For each we name (a)
the reviewer-relevant question, (b) the cost in engineer-
time and data, and (c) the expected effect on the head-
line conclusion.

Three classes of methodological extension remain un-
run within this submission cycle. We catalogue each by
reviewer-relevant question, cost in engineer-time, and
expected effect on the headline conclusion.

1. Joint conformal lower bound on ERB. Question: a
properly distribution-free risk-averse policy should
optimize the lower quantile of joint (yield, adoption)
uncertainty, not only the agronomic lower bound
(§5). Cost: ∼2 days to implement split-conformal
binary classification on the adoption head and prop-
agate paired conformal sets through the policy. Ex-
pected effect: headline lift compresses by another
30–50% on top of the conformal-aware variant in
Table 2 (which only propagates yield uncertainty).
Aggregate sign is expected to remain positive.

2. RCT-augmented adoption training (R-OSCAR /
TMLE-style). Question: the §5 adoption-head
miscalibration (Kenya RCT predicts 0% for con-
trol vs measured 32%) is the framework’s cen-
tral technical risk. Cost: ∼1–2 weeks to harmo-
nize SAFI plus 2–3 additional public agricultural
RCTs into a multi-source training panel and im-
plement OS-to-RCT calibration following Makhija
et al. (2024). Expected effect: converts the Pareto-
frontier sweep from flat (currently non-binding) to

actionable; brings Kenya-validation per-arm cali-
bration gaps below 0.10. Highest-leverage follow-up
for the framework’s defensibility.

3. Earth-observation product sensitivity sweep. Ques-
tion: cross-product variability in CHIRPS /
IMERG / ERA5-Land rainfall, and FAO sq / Soil-
Grids / iSDA Africa soil quality, may induce non-
trivial ERB-lift variation (§5). Cost: ∼3–5 days
to harmonize one alternative rainfall and one al-
ternative soil-property tileset onto the same plots
and re-run. Expected effect: bounded; LSMS-pre-
joined CHIRPS / WorldClim are widely-validated
products and we expect ERB-lift variation under
±20% at the aggregate level.

4. IPS / doubly-robust off-policy estimator with sur-
rogate propensities. Question: can we provide an
OPE-style triangulation of the headline ERB lift
that does not depend solely on the direct-method
outcome model (§3.6)? Cost: ∼1 week to estimate
cluster-conditional surrogate propensities and run
SNIPS/DR estimators alongside ERB. Expected ef-
fect: surrogate propensities are not properly identi-
fied, but the DM-vs-DR agreement is itself diagnos-
tic; we expect agreement on the aggregate lift.

We list these in priority order for a v3 of this work;
item 2 (RCT-augmented training) is the single highest-
leverage follow-up.

C. Future work, ranked by leverage
We rank extensions by their expected impact on the
framework’s empirical reach.

1. RCT-augmented adoption head (OS→RCT calibra-
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β (log-odds per kg/ha gain) Aware lift Acc lift ∆ aware − acc n disagree
10−4 (small) +281 +231 +50 [+21,+76]∗ 357
5·10−4 (moderate) +365 +322 +44 [+4,+82]∗ 306
10−3 (large) +484 +453 +31 [−26,+88] ns 244
2·10−3 (very large) +686 +672 +14 [−55,+86] ns 148

Table 9. Adoption-conditioned-on-predicted-yield sensitivity (B5). For each feedback coefficient β, we add β · (E[Y |
a]− E[Y | a0]) as a log-odds nudge to the adoption probability and recompute ERB. A +1000 kg/ha gain corresponds to
roughly doubling household calorie supply; the technology-adoption literature suggests this would shift adoption log-odds
by ∼ 0.1–0.5 (i.e., β ∈ [10−4, 5·10−4]).

tion). The Kenya SAFI replication data contains
explicit treatment-arm assignments and measured
uptake — the textbook source of counterfactual
adoption variation. Augmenting the adoption-head
training set with SAFI plus other public agricul-
tural RCTs (Karlan et al., 2014; Beaman et al.,
2021) via R-OSCAR / TMLE-style OS→RCT cal-
ibration (Makhija et al., 2024; van den Broucke
et al., 2024) would directly address the adoption-
head over-confidence. We expect this single change
to bring Kenya-validation per-arm calibration gaps
below 0.10. Single highest-leverage follow-up.

2. MSM-based robust / pessimistic ERB policy. An
MSM (Tan, 2006; Yadlowsky et al., 2022) with
sensitivity parameter Λ ∈ [1.5, 5] (matching the
Rosenbaum critical-Γ regime our headline already
survives) yields a worst-case lower bound on pol-
icy value under bounded unobserved confounding;
the optimal robust policy maximizes this bound
(Kallus and Zhou, 2018). Implementing the MSM-
pessimistic ERB variant alongside our DM estima-
tor would directly address the “no IPS / DR / ro-
bust OPE” critique with a comparison that does
not require identifying logging-policy propensities.
∼1 week of implementation.

3. Conformal off-policy prediction (COPP) for joint
ERB lower bound. Apply COPP (Taufiq et al.,
2022) on top of Mondrian split-conformal regres-
sion on the agronomic head and a conformal binary-
classification prediction set on the adoption head,
then optimize over the joint conservative lower
quantile. Replaces the asymmetric UQ in our cur-
rent framework with a properly distribution-free
joint lower bound. ∼2 days.

4. T-/X-/R-learner and DR-learner CATE baselines.
Implement Künzel et al. (2019)’s T- and X-
learners, Nie and Wager (2021)’s R-learner, and
Kennedy (2023)’s DR-learner on the same EA-
disjoint Ethiopia panel and compare ERB recom-
mendations against CATE-maximizing recommen-
dations. We expect CATE-maximizing policies
to align with accuracy-only on disagreement plots

(since they ignore adoption probability) and there-
fore under-perform ERB by a similar margin to
the headline; demonstrating this empirically rather
than arguing it would tighten the framework’s po-
sitioning. ∼3–5 days.

5. Bridge-function / proxy causal-inference relaxation.
Tchetgen Tchetgen et al. (2020); Cui et al. (2024)’s
proximal causal learning relaxes the no-unobserved-
confounders assumption by leveraging negative-
control proxies; in our setting, EA-aggregate prox-
ies for unobserved plot-quality (e.g., neighbor-plot
residual yields) plausibly satisfy the proxy struc-
ture. This is the most ambitious extension and
would unlock semi-parametric efficient ERB estima-
tion under interpretable confounding assumptions.

6. IPS / doubly-robust off-policy estimator with surro-
gate propensities. An OPE-style triangulation that
does not depend solely on the direct-method out-
come model. Surrogate propensities (e.g., EA ×
education × landholding) are not properly identi-
fied, but DM-vs-DR agreement is itself diagnostic.

7. Multi-country LSMS replication. The Tanzania
non-replication is a useful boundary condition but
a single counter-example. Replicating on Nige-
ria GHS-Panel, Uganda UNPS, Malawi IHS-Panel
would either generalize or further bound the frame-
work.

8. Field pilot. All ERB lifts in this paper are model-
believed. Partnership with a national extension ser-
vice to deliver our policy’s recommendations and
observe realized yields would substantially raise the
ceiling of defensible claims.

9. Earth-observation product sensitivity sweep. Cross-
product variability in CHIRPS / IMERG / ERA5-
Land rainfall and FAO sq / SoilGrids / iSDA Africa
soil quality may induce non-trivial ERB-lift varia-
tion. ∼3–5 days of harmonization to test.

10. Multi-objective ERB. A natural extension is multi-
objective optimization over (yield, financial risk,
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household nutrition, soil-health trajectory) with ex-
plicit Pareto-frontier policies.

D. Sociotechnical fairness trade-off
A reviewer-relevant tension in any adoption-aware rec-
ommender is that recommending simpler actions to
disadvantaged subgroups can entrench the disparities
that produced the disadvantage in the first place. If a
no-education farmer’s adoption-probability landscape
is depressed because of credit constraints, market-
access frictions, or extension-coverage gaps — not be-
cause the farmer is incapable of executing a more ag-
gressive recommendation — then an ERB-maximizing
system that learns to recommend tier T2 rather than
T4 to that farmer accommodates the structural barrier
instead of removing it. We therefore frame ERB as
a complement to structural-access policy: pair ERB
recommendations with friction-removing instruments
(credit subsidy, input-loan, cooperative purchasing);
report realized-benefit gap closure dynamically across
deployment seasons rather than only one-shot sub-
group TPR; and treat low-P(adopt)-on-high-yield-gain
plots as targeting signal for structural intervention,
not only as a yield-discount factor. Sociotechnically,
the danger is treating ERB as a sufficient solution
rather than one component of an integrated equity-
aware advisory system.
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