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Abstract

Randomized Controlled Trials (RCTs) are the gold standard for evaluating the effects of inter-
ventions because they rely on simple assumptions. Their validity also depends on an implicit
assumption: that the research process itself, including how participants are assigned, does not
affect outcomes. In this paper, I challenge this assumption by showing that outcomes can depend
on the subject’s knowledge of the study, their treatment status, and the assignment mechanism.
I design a field experiment in India around a soil testing program that exogenously varies how
participants are informed of their assignment. Villages are randomized into two main arms: one
where treatment status is determined by a public lottery, and another by a private computerized
process. My design temporally separates assignment from treatment delivery, allowing me to
isolate the causal effect of the assignment process itself. I find that estimated treatment effects
differ across assignment methods and that these effects emerge even before the treatment is
delivered. The effects are not uniform: the control group responds more strongly to the as-
signment method than the treated group. These findings suggest that the choice of assignment
procedure is consequential and that failing to account for it can threaten the interpretation and
generalizability of standard RCT treatment effect estimates.
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1 Introduction

Nothing is wrong with making assumptions;
causal inference is impossible without making assumptions,

and they are the strands that link statistics to science.
It is the scientific quality of those assumptions,

not their existence, that is critical.

(Rubin, 2005, p. 324)

Governments, organizations, and researchers seek to understand the effects of interventions to make
informed decisions, guide policy, and analyze counterfactuals. Through diverse research designs,
they test interventions and use the resulting knowledge under the implicit assumption that the
research process itself does not affect the potential outcomes (Rubin, 2005). This assumption
provides confidence in the accuracy of the study’s results and enables the findings to be generalized
to other settings.

To illustrate, consider a researcher aiming to estimate the effect of a cash transfer program
on employment, Y . The researcher samples subjects from a relevant population and conducts a
Randomized Controlled Trial (RCT). Subjects are randomly assigned through a statistical software
to either a treatment group that receives the cash transfer (t = 1) or a control group that does not
(t = 0). Following the intervention, the researcher estimates the Average Treatment Effect (ATE),
which is the expected difference in effective outcomes: � = E[Yi(ti = 1)� Yi(ti = 0)].

Imagine those assigned to the control group realize that they have not been selected and feel
demoralized, reducing their job search. If that is the case, the interpretation of the ATE is not
straightforward. Even setting aside complexities such as general equilibrium effects or spillovers, the
research process itself would have altered the subjects’ environment. I argue this occurs through a
change in what I term the subject’s “awareness state,” which includes: (i) awareness of participating
in a study (s 2 f0; 1g); (ii) awareness of one’s own and others’ treatment status (a 2 f0; 1g);
and (iii) awareness of how assignment into the treatment group or the control group took place
(k 2 f0; 1g).1 A central point of this paper is that the components of the awareness state may not
be easily separable from treatment and could therefore introduce bias into standard treatment effect
estimates, raising internal and external validity concerns. In the cash transfer program example, the
difference in employment rates between the control and treatment groups would capture the effect
of the cash transfer together with the demoralization effect. Moreover, it is unclear that the effects
of the cash transfer program can be replicated unless the same awareness state is reproduced.

In this paper, I study whether and to what extent subjects’ awareness of the assignment method
interferes with the treatment effect by varying a and k independently of the treatment status. My

1The literature has already identified the threat of some of these effects, as discussed in Duflo et al. (2007). In my
framework, variation in s corresponds to the Hawthorne effect (individuals change their behavior when they know
they are being observed), and variation in a is linked to the John Henry effect (subjects in the control group try to
overcompensate for their exclusion from the intervention).
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contribution is fourfold. First, I formalize the notion of an awareness state, developing a formal
taxonomy of the potential outcomes that arise from the interaction of treatment and the awareness
state. Second, I conduct a proof-of-concept field experiment embedded within a standard agri-
cultural intervention in India. The experimental design exogenously varies two components of the
awareness state, a and k, separately from the treatment distribution to test whether their interaction
with the treatment status is negligible. I find that awareness of the assignment method cannot be
ignored: the treatment effects vary depending on subjects’ understanding of the assignment method
(k), and the effects appear immediately after subjects know their assignment into the treatment or
control group (a), but only for the control group. Third, I develop a set of non-parametric diagnostic
tests to determine if the treatment effect can be separated from the assignment method awareness
effect. Finally, I explore which underlying behaviors might be driving the results, proposing avenues
to model and test the behavioral mechanisms activated with different awareness states.

My field experiment, designed around an existing soil quality testing program in India, allows
me to isolate the impact of the research process from the treatment effect. The intervention provides
small farmers with information about their soil quality, along with tailored recommendations, aiming
to reduce excessive fertilizer use. The first feature of my design is the temporal separation of the
assignment stage, where farmers learn their treatment status (so a is activated), from the distribution
stage when the intervention is delivered (so t is activated for the treatment group). This separation
is crucial because a standard RCT confounds any response to the assignment process (i.e., an
assignment effect) with the effects of the intervention itself, varying a, k, and t simultaneously. Yet,
the temporal separation between the assignment stage and the distribution stage is not enough to
capture the effects coming solely from the assignment stage: if I were to analyze a single assignment
method, the effects found after the assignment stage could correspond to subjects responding to
knowing the intervention will soon arrive (i.e., anticipation effects).

Therefore, my experimental design has two arms with identical timing and interventions, differing
only in the assignment method, which varies subjects’ understanding of the assignment method
(k). The intuition behind the design is as follows: if the assignment stage has no direct and
independent effect on the outcomes, both arms should exhibit identical behaviors before (and after)
the distribution of the treatment, even if that means they are reacting in anticipation. If, however,
they show different anticipatory effects, that implies that the assignment stage is generating an
independent effect.

I randomize clusters of villages into the two most popular random assignment methods used
in field experiments: a public lottery arm and the computer-generated random selection arm. The
Computerized Randomization method represents the approach most commonly used in RCTs, while
the Public Lottery method is usually chosen for its transparency and perceived fairness from the
participants’ perspective (Pathak and Sethuraman, 2011). While both methods are random, the
assignment methods vary in the visual appeal and ease of understanding, yielding kPublic Lottery >

kComp. Rand.. Within villages randomized into one of these two arms, farmers were assigned to
treatment using the corresponding assignment method. In both cases, awareness of one’s own and
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others’ treatment status (a) is the same: during the assignment step, in both arms, participants
were invited to assemble in a public space, and the names of those selected into treatment and into
control were read aloud. By comparing the Public Lottery and the Computerized Randomization
arms, any outcome differences observed between the assignment and distribution stages can only be
attributed to the assignment method rather than effects in anticipation of treatment distribution.

The soil quality testing program provides an ideal setting for my experimental design for three
reasons. First, it treats only a subset of farmers within a village, enabling within-village comparisons.
Second, a one-month interval separates treatment assignment from the delivery of test results,
creating a window to observe anticipatory effects and isolate the impact of assignment itself from
information receipt. Third, soil testing represents a standard agricultural intervention, facilitating
comparison with existing studies. Moreover, the soil test intervention allows me to measure how
farmers interpret and respond to the intervention. Specifically, I can assess whether farmers attribute
the test results (which can be either positive or negative depending on their previous expectations)
to their actions or external factors, providing further insight into the behavioral impacts of the
assignment method.

To know the effects of the soil quality test intervention, I collect a large set of variables related to
financial management decisions, on-farm practices, and knowledge of new soil practices. Moreover,
I measure several variables related to potential behavioral mechanisms activated through changes
in the awareness state: variables on attribution, risk aversion, well-being, and social networks.
The variables create a panel across three surveys: the baseline survey (survey 1), a midline survey
conducted between the assignment into treatment and the distribution of the treatment (survey 2),
and an endline survey done two weeks after the treatment distribution (survey 3). To analyze this
large number of variables, I calculate an index for groups of related survey variables. I use both
subjective indices, grouping variables according to my survey design, and data-driven indices. This
last approach groups the outcomes according to the semantic content of the survey questions, using
a natural language processing model to generate embeddings that capture shared aspects of the
questions’ meaning and context.

Building on this experimental design and focusing on the financial management decisions, on-
farm practices, and knowledge of new soil practices indices, I test a series of hypotheses motivated
by the conceptual role of the awareness state in shaping causal effects. First, I investigate whether
differences in participants’ awareness and assignment context can lead to systematically different
average treatment effects. Second, I test if these differences appear in anticipation of the treatment
distribution.

I find that the assignment method matters and that only the Public Lottery arm yields significant
treatment effects. The assignment method not only changes the magnitude of the treatment effects,
but it can also reverse the effects’ sign: the Public Lottery arm shows negative average treatment
effects, while there is no effect in the Computerized Randomization arm. These findings raise
concerns about internal and external validity. The internal validity concern appears as the treatment
effect is confounded with the effect coming from the assignment process: the same intervention yields
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different ATEs depending on how the randomization is presented to participants. The external
validity concern arises because it is unclear what we can learn from this RCT: unless we reproduce
the same awareness state, we may not obtain the same ATE.

I do not find evidence indicating differential average treatment effects in anticipation, but I find
differences inside each group: treatment and control. My experimental design allows for analyzing
the behavior of the control subjects and of the treated subjects separately, so I include direct com-
parisons of treated groups across arms and control groups across arms. Analyzing the control and
treatment groups separately, I find significant differences in the control group’s behavior depending
on the assignment method; I find no differences for the treated groups.

To further inspect the differential outcomes of each group between the Public Lottery and the
Computerized Randomization arms, I examine their change with respect to a benchmark. In the
case of the control group, the cleanest benchmark corresponds to places that are never exposed
to the intervention, as spillovers from treated subjects to control subjects are then impossible.
Hence, I randomize clusters of villages into a pure control arm, where no farmer knows about the
intervention. I also randomize clusters of villages into a pure treatment arm, where every farmer in
the village receives the intervention. Then, I compare the treated farmers in the Public Lottery and
the Computerized Randomization arm with those in the pure treatment group, and similarly for the
control farmers. This approach reveals how the assignment method affects participants differentially
depending on the group to which they were assigned, thereby influencing the measured impact of
the intervention.

Examining the reactions of the control subjects, I demonstrate that assignment effects are present
in both the Public Lottery arm and the Computerized Randomization arm, but not uniformly. Con-
trol subjects assigned via a public lottery exhibit distinct behavioral responses relative to the pure
control benchmark, changing their farm practices, input use, and financial management practices
in advance. The controls in the Computerized Randomization arm are indistinguishable from those
in the Pure Control in terms of agricultural outcomes. Still, they do exhibit distinct behavior com-
pared to the Pure Control in some of the other indices. For example, controls in the Computerized
Randomization arm attribute more of their success to their personal effort. After the distribution
of the treatment, the control group in the Public Lottery continues to diverge from the benchmark,
showing more adoption of the information provided, changes in financial management, and higher
risk aversion. Controls in the Computerized Randomization arm only exhibit significant differential
changes in financial management. The findings in the control group do not replicate when analyzing
the treatment groups. For the treated group, the mixed arms do not differ from the Pure Treatment
arm at any moment. This suggests an asymmetric impact of the assignment method: in my setting,
it only differentially affects the control group, not the treated group.

The asymmetric impact of the assignment between the treated and control groups creates an
identification challenge. If the assignment method affects only control subjects, the awareness
state may interact with the treatment status t 2 f0; 1g in ways that confound causal inference.
This interaction determines the appropriate empirical strategy. If awareness effects and treatment
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e�ects are additively separable, incorporating awareness as a �xed e�ect su�ces to recover unbiased

treatment estimates. However, if awareness and treatment status interact non-additively (such that

awareness in�uenceshow farmers respond to being part of the control group) then �xed e�ects alone

cannot identify the treatment e�ect of interest. In this case, modeling informed by behavioral theory

becomes necessary to separately identify the direct e�ect of treatment from awareness-mediated

channels.

I propose a set of logical inequalities for formally testing whether the awareness state operates

additively or interacts with treatment status. These tests provide (i) a set of necessary but not

su�cient conditions for separability, and (ii) upper bounds on the extent of the bias that the

assignment method creates. In my setting, I �nd that the treatment e�ect is separable from the

assignment e�ect, but I stress the importance of testing whether separability holds in other settings.

Even when the test suggests that the awareness state is separable from the treatment e�ects,

the heterogeneity in outcomes across arms and groups indicates the existence of group-speci�c

behavioral mechanisms in action. The interaction of treatment status and assignment method may

in�uence how individuals perceive the fairness of the intervention, update beliefs about their own

abilities, or attribute their success and failure to luck or e�ort. In practice, farmers may form

new self-assessments or alter social comparisons based on their group assignment and how it was

conducted. While my empirical design does not allow for precise pinpointing of the mechanisms, the

patterns observed strongly suggest that assignment-induced inferences drive the behavioral changes

documented in the analysis.

This paper contributes to the literature highlighting how behavioral responses to the research

process can contaminate estimates from RCTs, particularly where blinding is di�cult (Barrett and

Carter, 2010; List, 2011; Deaton and Cartwright, 2018b). A crucial insight from this literature is

that the context in which an experiment is conducted can matter as much as the treatment itself.

For instance, Ding and Lehrer (2010) show that treatment e�ects in an educational intervention were

signi�cantly larger when the treatment was more exclusive, suggesting that awareness of treatment

rarity induced a behavioral response in teachers and students. Prior work also demonstrates that

outcomes are a�ected by subjects' awareness of being in a study (a Hawthorne e�ect, corresponding

to variation in s in my framework) or their knowledge of treatment assignment (corresponding to

variation in a) (Du�o, Glennerster, and Kremer, 2007; Goldberg, 2017; Chassang, Padró i Miquel,

and Snowberg, 2012; Bloom, Liang, Roberts, and Ying, 2015). However, the literature does not

systematically analyze all these e�ects, and in particular does not analyze if the method of random

assignment itself directly impacts participants' behavior through their understanding of it (k).

I advance this literature in three ways. First, I develop a conceptual framework that formalizes

a participant's awareness state to systematically categorize these research-induced e�ects. Second,

I provide the �rst experimental evidence, to my knowledge, that exogenously varies the assignment

method (k) to isolate its causal impact on outcomes. Finally, I o�er a set of diagnostic tests for

researchers to assess the separability of the assignment e�ects from the treatment e�ect which can

also be extended to the other components of the awareness state. While discussion of such biases
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is not new, it is rare in practice in particular in RCTs (Peters, Langbein, and Roberts, 2018). My

paper provides a tangible framework and tools to advance the discussion in a structured and testable

way.

Within this framework, I empirically test the possibility that control subjects react to being

assigned to control. This questions the belief that research participants are used to not getting

programs and to arbitrariness, making randomization appear transparent and legitimate (Banerjee

and Du�o, 2009; Glennerster, 2014). By experimentally comparing two standard assignment meth-

ods and benchmarking against a pure control arm, my results shed light on whether all forms of

random assignment are perceived as equally transparent or whether procedural features matter for

how participants interpret and respond to their status.

Accordingly, my �ndings intersect with the procedural utility literature, which emphasizes that

subjects value not only outcomes but also fairness and transparency in allocation procedures (Frey,

Benz, and Stutzer, 2004). Experimental evidence shows persistent aversion to lotteries and a prefer-

ence for meritocratic mechanisms, even when alternatives are equally arbitrary in practice (Bouacida

and Foucart, 2025). My research extends this literature by empirically linking procedural percep-

tions directly to experimental design and response, demonstrating that assignment mechanisms are

not neutral from the perspective of participants.

By testing the two assignment methods, I also add to a parallel body of research that exam-

ines how individuals perceive and respond to randomness and assignment. Kahneman and Tversky

(1972) and Benjamin (2019) document widespread biases in reasoning about random processes, in-

cluding representativeness heuristics and errors in belief updating. While many di�erent behavioral

biases have been precisely recorded in laboratory settings (Möbius, Niederle, Niehaus, and Rosen-

blat, 2022), in this paper I suggest which of the possible mechanisms might be at play behind the

assignment bias, testing if the same laboratory behaviors can be generalized to the �eld.

Rather than engaging with broader debates on whether randomized experiments should be used

for causal inference (Heckman, 2020; Deaton and Cartwright, 2018a), I focus on the assumptions in-

herent in randomization itself. My results show that assignment methods invoke distinct behavioral

and psychological responses (which I term assignment e�ects), highlighting a new layer of complex-

ity that arises after the decision to randomize has been taken. My paper extends beyond critiques

of selection or participation bias to demonstrate that the process and context of assignment are

themselves essential to understanding and interpreting experimental results.

The implications of my �ndings extend beyond the scope of the speci�c intervention tested

and RCTs as a method to evaluate policies. My results indicate that subjects' awareness state

must be recognized as a signi�cant source of changes that, if ignored, could create biases in �eld

experiments. When assignment awareness is not controlled or standardized, RCTs may yield biased

or non-generalizable results, potentially undermining their value for guiding policy decisions. By

demonstrating how the assignment method can shape both control and treatment group outcomes,

I show the necessity for future RCTs to measure and report on subjects' awareness states. I propose

the standardization in reporting assignment and awareness practices in randomized trials, together
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with careful measurement of behavioral outcomes to capture the impact of interventions across

di�erent settings. To better understand the persistence of the e�ects, I plan to conduct a second

endline survey in November 2025.

This paper demonstrates that the process and awareness of random assignment are integral to

the estimation and interpretation of causal e�ects in RCTs. By foregrounding the awareness state,

the analysis reveals new threats to external validity and comparability in experimental studies,

illustrates the importance of standardizing assignment procedures as a tool for minimizing bias,

and highlights the need to identify which behaviors are triggered by di�erent awareness states.

2 Conceptual Framework

In this section, I develop a framework to test whether the research process itself alters potential

outcomes. Standard SUTVA requires �no hidden variations of treatment,� but I argue that the

awareness induced by the research process creates precisely such variations. To discuss this, I

introduce the concept of awareness state and incorporate it into the potential outcomes framework.

When evaluating the causal e�ect of an intervention on outcomeY, researchers design mecha-

nisms to assign subjects to either the treatment group, where they are exposed to the intervention

(t = 1 ), or the control group, where they are not (t = 0 ). Researchers aim to design an assignment

mechanism that sorts comparable subjects to each of these groups to calculate an unbiased esti-

mator of the average causal treatment e�ect (ATE). The standard potential outcomes framework

(Rubin, 2005) de�nes the ATE as:

E[Yi (t i = 1) � Yi (t i = 0)] = �

For this comparison to be correct, researchers need to make the stable unit treatment value

assumption (SUTVA), which assumes: (1) no interference between units, and (2) no hidden versions

of treatments (Rubin, 1980; Cox, 1958)2. The random assignment mechanism used in RCTs not

only complies with SUTVA,3 but is also assumed to be �ignorable� (Rubin, 1976, 1978).

An assignment mechanism is ignorable or unconfounded if the treatment assignment is inde-

pendent of the potential outcomes, controlling for covariates. This means that any observed or

unobserved factors that in�uence outcomes do not also in�uence treatment assignment. Techni-

cally, the random assignment in RCTs is ignorable by design. However, behind the technical term

of ignorability, there is an assumption on the assignment mechanism not introducing any systematic

bias related to the outcomes of interest: �An assumption that is also implicit (...) is that the sci-

2This last assumption itself includes the consistency assumption, which ties the potential outcomes to the observed
data. Formally, it poses that Yi (t) = Yi when Ti = t, i.e., the value of Y which would have been observed if T had
been set to what in fact was is equal to the value of Y which was in fact observed (VanderWeele and Hernan, 2013).

3The literature has already found ways to relax SUTVA even in the special case of random assignment: We allow
subjects to interfere with each other and call those interferences �spillovers�. Recognizing the existence of spillovers
allows researchers to assume structural functions to capture them, and employ empirical saturation strategies to
measure the e�ective treatment e�ect. For a thorough literature review on spillovers, see Muralidharan and Niehaus
(2017) and Han, Basse, and Bojinov (2024).
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ence�the covariates and the potential outcomes�is not a�ected by how or whether we try to learn

about it, whether by completely randomized experiments, randomized blocks designs, observational

studies, or another method� (Rubin, 2005).

I argue that although the random assignment mechanism technically complies with ignorability,

the implementation of the assignment mechanism can introduce new factors that alter the potential

outcomes. In particular, I argue that the potential outcomes themselves are not stable between

di�erent research processes. Then, I formalize a speci�c violation of SUTVA that arises from the

research process itself, which Rubin (2005) alluded to when he cautioned that the �science� might

be a�ected by �how we learn about it.�

Therefore, let's assume that the research process changes potential outcomes, even when the

assignment is random. In this case, we need to model that when a subject is exposed to an

intervention, it is not only the treatment that a�ects her outcomes, but also what I term her

�awareness state.�

De�nition 1. The awareness state of subjecti is:

� i := ( ai ; ki ; si );

where ai 2 f 0; 1g denotes if subjecti is aware of the existence of di�erent assignment groups and

her own status within them; ki 2 f 0; 1g indicates subject i 's awareness or understanding of the

assignment mechanism; andsi 2 f 0; 1g denotes whether subjecti is aware she is part of a research

study or, more generally, if she is aware she is being watched.

Intuitively, the awareness state of subjecti is the subject's awareness of the various aspects of

the research intervention she is part of.4 To illustrate, a can be active for a control subject when

she realizes someone else got the treatment and she did not, thus potentially activating the John

Henry e�ect or competition between the control subjects and the treated subjects. By �awareness

of the assignment mechanism,�k, I mean that subject i understands the rule the experimenter set

to exclude individuals from receiving treatment.5 Finally, variation in si captures the Hawthorne

e�ect: subjects being more reactive because they know they are being observed.

Note that varying t together with the three components of� i yields sixteen possible potential

outcomes, listed and explained in Appendix A.6 Also note that the awareness state does not make

any statements or assumptions on the subject's beliefs or understanding of the assignment method.

I can then de�ne the potential outcome of subject i as:

Yi (t i ; � i ) = Yi (t i ; ai ; ki ; si )

4The awareness state framework can be extended to include, for example, the identity of the intervention imple-
menter (Shenoy and Lybbert, 2024).

5 It is possible to think of k as a continuous parameter. However, for exposition purposes, I consider it a dichotomous
variable: a subject understands the assignment rule, or she does not.

6That is, sixty-four possible pairings of treatment and control subjects assuming the experimenter sets di�erent
� s for the treated and control subjects. For example, the experimenter might inform the treated group about the
assignment statuses (a = 1 ), but might not share this information with the control group.
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Thus, the unit-level causal treatment e�ect for subject i is:7

Yi (t i = 1 ; � i )) � Yi (t i = 0 ; � i )) = � i (� i )

RCTs assume the research process to be ignorable, implicitly assuming that the awareness state

does not a�ect potential outcomes. This is equivalent to assuming a strong form of SUTVA where

Yi (t i ; � ) = Yi (t i ) for all possible � . Under this assumption, the various awareness-contingent

potential outcomes collapse into the standard ones, and the estimand simpli�es to the familiar

ATE:

E[Yi (t i = 1 ; � Treated
i ) � Yi (t i = 0 ; � Control

i )] = E[Yi (t i = 1) � Yi (t i = 0)] = �; 8� i

However, if this strong SUTVA assumption is violated (that is, if the �science� is indeed a�ected

by how we learn about it) then the quantity estimated from a simple comparison of means in an

RCT is not the standard ATE. Instead, it is an average treatment e�ect that is speci�c to the

particular awareness states induced by the experimental design:

E[Yi (t i = 1 ; � Treated
i ) � Yi (t i = 0 ; � Control

i )] = � (� Treated ; � Control ) (1)

The estimand � (� Treated ; � Control ) is therefore a composite of the direct e�ect of the treatment

and the indirect e�ect of the treatment operating through the change in awareness. This paper

addresses the identi�cation and measurement of this estimand.

3 Hypotheses on Existence and Separability

The conceptual framework above postulates that the ATE is not a �xed quantity but is instead

conditional on the participant's awareness state,� i . This central claim leads to a set of directly

testable hypotheses. The �rst hypothesis states that participants' awareness of the research process

directly in�uences outcomes; the second hypothesis refers to the separability of awareness from the

treatment e�ect.

Hypothesis 1. The subjects' awareness state directly impacts the potential outcomes.

The �rst and most fundamental hypothesis directly evaluates the main argument: that a change

in the experimental context, as captured by the awareness state, will alter the measured impact of

the intervention. To test this, I propose two testable sub-hypotheses.

Hypothesis 1a. The average treatment e�ect does not depend on the awareness state.

� (� i ) = � (� j ) = �; with � i 6= � j

7 I ignore spillovers for the sake of simplicity, but the model can easily be extended to allow interference across
units, allowing Yi to depend on other agents' treatment status and outcomes.
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Suppose the research process is truly ignorable. In that case, the ATE should remain constant

regardless of whether participants are aware of the assignment or how it was conducted. A rejection

of the null hypothesis (� (� i ) 6= � (� j )) would provide strong evidence that the context of assignment

is not neutral and that failing to account for it confounds the estimation of the true treatment e�ect.

If Hypothesis 1a is rejected, a natural follow-up question is whether these e�ects can be predicted

in anticipation. That is, if part of the di�erent treatment e�ects are due to being assigned to a

group, conditional on participants knowing or inferring they are in one of the groups. Imagine that

the assignment is conducted before and temporally separated from the distribution of the treatment.

In that case, it would be possible to directly measure if participants' behavior starts to di�er once

they know their group assignment and before the treatment e�ects activate. This di�erence is what

I term assignment e�ects:

De�nition 2. The assignment e�ects are the di�erence in outcomes born from the assignment

into treatment or control, conditional on participants knowing or inferring their group a�liation.

The assignment e�ects are prior to and independent from the treatment e�ect.

One of the ways to test for the existence of assignment e�ects is to look at di�erential anticipation

e�ects. Then, I propose to test Hypothesis 1b.

Hypothesis 1b. Di�erences in treatment and control groups after the assignment step of an RCT

do not depend on the awareness state.

Intuitively, consider the moment a subject becomes aware of the assignment rule and her status,

triggering behavioral responses. Assignment e�ects could include changes in motivation, e�ort, or

investment, driven by feelings of fairness, luck, or deservingness associated with the assignment

method. Then, by varying how participants are assigned and what they understand about the

process (k), I can test whether the assignment method in�uences participants' behavior. A rejection

of Hypothesis 1b would mean that:

ki 6= kj ) � i 6= � j ) � (� i ) 6= � (� j )

Even if Hypothesis 1 holds, it may be possible to recover the true treatment e�ect by controlling

for the awareness state. This would mean that the assignment e�ects and the treatment e�ect are

separable.

De�nition 3. Suppose the potential outcomes can be decomposed into:

Yi (t; � ) = f (t) + g(� ) + h(t; � )

where f depends only on the treatment status,g depends only on the awareness state, andh

captures any non-additive interaction betweent and � . The treatment e�ect is separable from

the awareness state if and only ifh(t; � ) = 0 8 t; � .
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Non-separability would imply that there exists an interaction between the treatment status and

the awareness state that cannot be accounted for by controlling for the awareness state. This leads

me to my second hypothesis.

Hypothesis 2. The awareness state is not separable from the treatment status.

If Hypothesis 2 is rejected, it gives a clue on how to address the spillovers created by di�erent

awareness states into the estimation of treatment e�ects. Namely, controlling for the awareness

state could isolate the true treatment e�ect. However, failure to reject Hypothesis 2 indicates

that the participant's outcome is intrinsically context-dependent. In such cases, outcomes are

determined not solely by the treatment and the responses to the awareness state, but also by the

interaction between the treatment and the awareness state,h(t; � ). This means that to measure

causal e�ects accurately, researchers must account for how the study's design and the information

given to participants in�uence outcomes.

To that end, it is useful to disentangle the impact of the awareness state on the treatment and

control groups separately. A change in the ATE could occur if the awareness state only a�ects the

treated, only a�ects the controls, or a�ects both but to di�erent degrees. Hypothesis 2a posits that

the e�ects of awareness are uniform across experimental groups. A rejection of Hypothesis 2a would

suggest there is an interaction between treatment statust and the awareness state� that needs to

be modeled.

Hypothesis 2a. Di�erent awareness states a�ect subjects in the control group and the treatment

group uniformly.

To illustrate what would happen if Hypothesis 2a is rejected, assume that the awareness state

in�uences only the outcomes of the control group, sogControl (� ) 6= gTreatment (� ). Then, the control

group no longer serves as a pure counterfactual for untreated subjects in an unaware context;

instead, it re�ects a more complex condition: namely, subjects not receiving the treatment while

simultaneously being aware of their assignment status, the procedure, and their participation in the

study.

Given that a non-separable scenario is possible, we must be able to identify it. Hence, I develop

a set of nonparametric tests that can be applied to cross-sectional data and which rely on simple

assumptions about the direction of the treatment e�ects.8 The tests are derived directly from

Propositions 1 and 2, which provide necessary but not su�cient conditions for separability. However,

and most importantly, the tests provide a clue to the extent of the non-separability scenario: they

imply upper bounds on the interaction term between the treatment status and the awareness state.

Proposition 1. Let Yi (t; a; k; s) denote the potential outcome of subjecti under treatment t 2 f 0; 1g

and awareness state� = ( a; k; s) 2 f 0; 1g3. Suppose we can decompose potential outcomes into:

Yi (t; � ) = f (t) + g(� ) + h(t; � );
8The test is in essence a Bell-type inequality as those proposed to study contextuality in quantum systems (Khren-

nikov, 2018).
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Supposea = 1 and s = 1 for all cases such that onlyk varies inside the awareness state, and

de�ne the following di�erences:

T1 = E[Yi (t = 1 ; k = 0) � Yi (t = 0 ; k = 0)]

T2 = E[Yi (t = 1 ; k = 1) � Yi (t = 0 ; k = 1)]

T3 = E[Yi (t = 1 ; k = 0) � Yi (t = 0 ; k = 1)]

Then, under nonnegative treatment e�ects and monotonicity ink:

Yi is separable ) T1 + T2 � T3 � 0 (2)

If inequality 2 does not hold, it not only implies that separability fails, but also that the inter-

action term E[h(1; 1) � h(0; 0)] is su�ciently negative. 9 Refer to Appendix B for Proposition 1's

proof.

Proposition 1 not only provides a simple test of separability, but also an upper bound on the

interaction term E[hi (1; 1) � hi (0; 0)]. When Yi is non-separable, it is impossible to recoverE[� f i ]

and E[� gi ]. But the di�erences T1, T2, and T3 are still fully recoverable from the data. Therefore,

it is possible to recover a data-based upper bound under the assumptions that the true treatment

e�ect is non-negative and that awarenessk has a non-negative direct e�ect on the outcome:

E[hi (1; 1) � hi (0; 0)] � T1 + T2 � T3

This means that even if treatment and awareness interact in the most adverse way (so that the

control when k = 0 reacts in a stronger way than the treated group whenk = 1 ), the additional

outcome change generated by their coaction cannot exceedT1 + T2 � T3.

Similarly, and assuming that the interaction term E[hi (1; 0) � hi (0; 1)] might be �ipping the sign

of an intervention (so looking at the other diagonal in the space oft; k ), I derive a similar diagnostic

inequality, although with di�erent assumptions:

Proposition 2. De�ne the following additional di�erence:

T �
3 = E[Yi (t = 1 ; k = 1)] � E[Yi (t = 0 ; k = 0)]

Then, under the assumption that� f � � g:

Yi is separable ) T1 + T2 � T �
3 � 0 (3)

As a corollary, if the inequality is broken, then once again the inequality provides an upper

9Note that inequality 2 does not impose supermodularity or submodularity. Instead, it is a necessary condition
for separability under weak monotonicity assumptions. A violation implies non-separability; a non-violation does not
rule out interaction in other directions.
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bound for E[hi (1; 0) � hi (0; 1)]:

E[hi (1; 0) � hi (0; 1)] � T1 + T2 � T �
3

Empirically, it is also possible to derive a separability test without relying on assumptions

regarding � f and � g.

Proposition 3. De�ne

 = ( E[Yi (1; 1)] � E[Yi (1; 0)]) � (E[Yi (0; 1)] � E[Yi (0; 0)])

Then:

Yi is separable )  = 0 (4)

If h(t; k ) is supermodular (increasing di�erences), then � 0; under submodularity ofh(t; k ),  � 0.

Proposition 3 indicates which group is more a�ected by changes in awareness: the treated group

(when h(t; k ) is supermodular) or the control group (whenh(t; k ) is submodular). Refer to Appendix

B for the proofs of Propositions 2 and 3.

4 Experimental Design

To test the hypotheses on existence and separability, I need to independently vary subjects' exposure

to treatment ( t) and the subjects' awareness state (� ).

Inside the awareness state, I particularly focus on isolating awareness of the assignment method

(k). With this in mind, I vary whether the intervention is randomized at the individual level or

at the community level. The logic behind this decision is that when an intervention is randomly

assigned between communities, subjects within each community are unaware of the possibility of

being excluded from the intervention and are therefore not aware of the assignment process. Then,

if the whole community j is randomized into treatment or into control, I consider kij = 0 8i 2 j .10

In contrast, if randomization into treatment is performed within community j , I consider kij > 0

8i 2 j .

Accordingly, I randomize communities into �pure� arms, where everyone within the community

is assigned to the same category (treatment or control), and �mixed� arms, where subjects within

the community are randomly assigned to either the treatment group or the control group. Inside

the pure arms, I de�ne the �pure treatment� arm, where everyone within the community is assigned

to receive the intervention (t i = 1 8i 2 j ), and the �pure control� arm, where nobody receives it

and subjects are only surveyed (t i = 0 8i 2 j ). Figure 1 provides an intuitive representation of the

design and the variation in outcomes across survey rounds.

10 There is still a chance that subjects are aware of their community having been randomly chosen for treatment
across many communities and that they react to it, but I assume the e�ect to be constant across individuals of the
same community.
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Survey 3
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Y(1; 1; kCR ; 1)

Y (0; 1; kCR ; 1)

Y (1; 1; kP L ; 1)

Y (0; 1; kP L ; 1)

Y (1; 1; 1; 1)

Y (0; 0; 0; 1)

Y (0; 1; kCR ; 1)

Y (0; 1; kCR ; 1)

Y (0; 1; kP L ; 1)
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Y (0; 0; 0; 1)

Y (0; 0; 0; 1)

Y (0; 0; 0; 1)

Y (0; 0; 0; 1)

Y (0; 0; 0; 1)
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2=3

1=3

2=3

Computerized
Randomization
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Pure
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Pure
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Figure 1: Schematic of the experimental design and outcomes over three surveys. Outcomes are
Y(t i ; ai ; ki ; si ), whereai denotes if subjecti is aware of the existence of di�erent assignment groups
and her own status within them; ki indicates subject i 's awareness of the assignment process;
and si denotes whether subjecti is aware that she is part of a research study. The �rst two
arms listed, Computerized Randomization and Public Lottery, are the �mixed� arms that allow
for testing the variation in t i and ki simultaneously while keeping the same proportion of treated
subjects invariant; in those two arms, one-third of the participants are assigned to treatment. The
second set of arms, pure treatment and pure control, serves as a benchmark where assignment was
done at the community level. The assignment stage refers to the meeting at which farmers were
informed about their treatment status in the �rst three arms, and the distribution stage refers to
the day the results of the soil quality tests and the fertilizer subsidies were distributed. By design,
1 � kPL > k CR > 0.

The �mixed� arms allow me to vary assignment methods with intrinsically di�erent awareness

k. For ethical reasons, it is required to explain the selection method to subjects during �eld exper-

iments, so it is not possible to keepk = 0 in the mixed arms. Then, I selected to test variation in

the assignment method using the two most common assignment methods in RCTs: public lottery

and computer-generated random selection.11 The di�erence between these arms is based on the

11 Of 5,060 RCTs analyzed from the AEA Registry by May 2025, 81% use computerized randomization and 6% use
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explanation given to the subjects: while in the Public Lottery arm (PL) the randomization is done

visually, removing balls from a bag to determine who is treated and who is control, in the Comput-

erized Randomization arm (CR) subjects listen to the explanation about randomization, but they

can't see it. Hence, the assignment methods vary in their visual appeal and ease of understanding.

For this reason, I will assume and later test that kPL > k CR . Within each community, between

one-third and 40% of the subjects are randomly assigned to receive the treatment (t i = 1 ), while

the remaining participants are assigned to the control group (t i = 0 ). The two di�erent assignment

methods directly allow me to test for Hypothesis 1a.

Finally, to disentangle t from a, I separate the assignment stage of the intervention, when

subjects were informed about their group assignment (excluding the pure control, where there was

no announcement), from the distribution stage of the RCT, when treated subjects received the

treatment. I then measure subjects' outcomes and behaviors at three distinct moments in time:

before the assignment stage (ai = 0 and t i is unknown), between the assignment stage and the

distribution stage (ai = 1 but treatment has not yet been distributed), and after the distribution

stage (t i is realized). This variation across time directly allows me to test for Hypotheses 1b and

2a.

While anticipation e�ects can play a role in the period between the assignment and distribution

steps, the fact that I have included two di�erential assignment methods, which are equal except

for their explanation to the subjects in each arm, helps me rule them out. If assignment e�ects

do not exist, then there is no reason to expect di�erential anticipation e�ects between the Public

Lottery and the Computerized Randomization arms. However, if I �nd a di�erence, it serves as

further proof of concept regarding the assignment e�ects, which begin to play a role even before the

treatment is distributed.

Note that because of ethical concerns, I do not turn o� the awareness of being part of a research

study (si ) for most of the outcomes of interest. However, I can observe subjects' farming behaviors

without study awareness using satellite imagery (for example, I can analyze changes in crops, planted

area, or plowing dates). I plan to run this analysis to track changes during the season, which ends

in November 2025.

5 Intervention and Implementation

The intervention to test my hypotheses consists of providing information on soil quality paired with

a subsidy to purchase farming inputs. I chose this intervention because it replicates one of India's

most widespread agricultural federal programs, the Soil Health Card scheme; knowing whether

the e�ects are well estimated is of particular interest to the country's agricultural development.

Additionally, the program is designed to target only a subset of farmers within a village. Finally,

this intervention naturally allows me to survey the subjects over time, monitoring behavior, and

divide the assignment stage from the distribution stage.

public lottery as the assignment mechanism. The remaining 13% can't be clearly classi�ed.
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5.1 Experimental design adapted to a soil quality test program

Given the persistent decline in soil nutrient levels across India over the past three decades, Indian

authorities have implemented a suite of agricultural initiatives aimed at enhancing soil fertility and,

by extension, agricultural productivity. One such intervention is the Soil Health Card (SHC) pro-

gram, launched by the Government of India in 2015, which provides farmers with information on

critical soil nutrients and crop-speci�c recommendations for fertilizer use. This initiative seeks to

increase yields through more e�cient and targeted use of inputs (Ramappa, Manjunatha, Yashash-

wini, Bangarappa, and Mattihalli, 2024) and has, to date, distributed 250 million SHCs since its

inception (Press Information Bureau, 2025).

Speci�cally, the SHC program provides farmers with a soil quality test: a soil sample is collected

from the farmer's plot and analyzed at an accredited laboratory to assess its nutrient pro�le and

physical properties. Based on this analysis, farmers receive a comprehensive report containing

tailored recommendations about the optimal types and quantities of fertilizers required to satisfy

crop requirements while accounting for existing nutrient availability. The program is relatively well-

publicized and is valued by farmers, with empirical evidence showing yield improvements of 3 to 8%

and reductions in input costs of 7 to 9% (Abhishek, Deshmanya, Tevari, Lokesh, Ravi, and Suresh,

2020; Ramappa, Kannan, and Lavanya, 2015; Reddy, 2018).

Nonetheless, the program has not reached all farmers due to several barriers, including limited

internet access required to access the program, inadequate knowledge of sample collection proce-

dures, insu�cient extension support, and the remoteness of testing facilities, all of which contribute

to low program uptake (Kaur, Kaur, and Kumar, 2020; Ramappa, Kannan, and Lavanya, 2015).

Moreover, there seems to be institutional discrimination against the low caste farmers, as the ex-

tension service targets successful or progressive farmers (Sumanth et al., 2020; Kaur et al., 2021).

As the SHC program is a salient and scalable intervention whose expansion is restricted by

frictions in transportation, access to inputs, and knowledge dissemination, I replicated the program

within the context of my study. Soil testing was conducted in partnership with the University of

Agricultural Sciences, Raichur, which houses an o�cial SHC laboratory. J-PAL enumerators were

trained in best practices for soil sample collection and handling, and samples were transported

under controlled conditions to the laboratory. Following the analyses, each treated farmer received

a printed individualized soil quality report accompanied by crop-speci�c fertilizer recommendations

and a subsidy to buy agricultural inputs from a local input dealer. Additionally, all farmers were

provided with aggregated information regarding average soil quality within their respective villages

in the Computerized Randomization, Public Lottery, and Pure Treatment villages.

The experimental design is readily adapted to the soil quality test intervention, as the government

SHC program treats only a subset of farmers within a village and includes a one-month interval

between the time farmers learn of their selection into treatment and receive the results. This setup

provides an ideal framework for observing behavioral changes during the interim period between

assignment to the treatment and control groups and the distribution of the treatment. Moreover,

the soil test intervention also o�ers a unique opportunity to measure how farmers interpret and
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respond to the intervention. It allows me to determine whether farmers attribute the test results

(which can be either positive or negative) to their own actions or to external factors, providing

further insight into the behavioral impacts of the assignment process.

5.2 Implementation of the experimental design

The intervention took place in rural villages in the Raichur district in northeast Karnataka, India.

Farmers in this region work on small plots, and their agricultural activity depends mainly on the

monsoon rains. Knowing whether the e�ects of a soil quality information provision intervention are

accurately measured is of particular interest in Raichur for two reasons. First, the government of In-

dia estimates that the district's soil is poor in most of the components necessary for producing crops

in an economically viable way.12 Second, Raichur is one of the districts with higher consumption of

fertilizers in Karnataka, which could lead to faster depletion of secondary soil nutrients if misused

(Ramappa, Kannan, and Lavanya, 2015; Katsir, Biswas, Urs, Lenka, Jha, and Arora, 2024).

As shown in Figure 2, I randomized clusters of villages into the four di�erent arms, and I invited

farmers within each village to take part in a series of surveys.13 In all cases except for the Pure

Control arm, participation in survey 1 made farmers eligible to receive a soil quality test and a

subsidy for farming inputs after the second survey. In the assignment stage, eligible farmers from

the Computerized Randomization, Public Lottery, and Pure Treatment arms were invited to gather

in a caste-neutral area (in front of the government school or next to a tea stall). Appendix E details

how the assignment stage was done and explained to the farmers.

Public Lottery
N = 39, n = 599

Pure Treatment
N = 15, n = 233

Computerized
Randomization

N = 39, n = 598

Pure Control
N = 15, n = 237

108 villages
n=1667

T
n = 233

T
n = 216

C
n = 383

T
n = 214

C
n = 384

C
n = 237

Figure 2: Experimental design �owchart. N indicates the number of villages randomized into each
arm, and n indicates the number of farmers in each village based on participation in survey 1.

12 Data retrieved from https://www.soilhealth.dac.gov.in/piechart, cycle 2023-2024. Moreover, Raichur is one of
India's 112 �aspirational districts�: the most underdeveloped areas of the country where the Government wants to
focus all its e�orts to improve the situation of its inhabitants.

13 Refer to Appendix D to see the di�erences in consent scripts between the di�erent arms.
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Therefore, the trial employs a two-level randomized design: a cluster-level randomization, when

villages are randomized into the four arms under a geographic separation constraint that requires

villages assigned to di�erent arms to be at least 5 km apart. This constraint minimizes spillovers

and interference across arms. The second level is an individual-level randomization within villages.

Within each village, eligible individuals are assigned by simple randomization in the Public Lottery

and the Computerized Randomization arms. As the goal of the project is to compare alternative

assignment mechanisms, maintaining a simple, clearly understandable �equal-chance� process in

front of participants is essential for credibility and adherence. Strati�ed or blocked individual-

level randomization (e.g., by age, gender, or other categories) requires complex procedures that are

di�cult to implement transparently during a Public Lottery, potentially undermining community

understanding and trust. This would have added another level of variation to the design that is not

intended to be tested, given the hypotheses.

In the Public Lottery arm, farmers were assigned for treatment through a visual lottery. Each

farmer present had to select a ball from a closed bag. If the ball was green, they were assigned

to the treatment group and accompanied to their plots to gather the soil sample at the end of the

Public Lottery. 14

In the Computerized Randomization arm, an enumerator publicly read the names of the selected

farmers and explained that they had been chosen through a computer-generated lottery in the o�ce.

Finally, in the Pure Treatment arm, an enumerator publicly read the names of all the eligible farmers

and informed them that all of them were receiving a soil quality test.

To maintain a constant number of visits among arms, in the Pure Control arm surveyors asked

farmers to gather and provide administrative information about their plot. Enumerators then

accompanied each farmer to his plot to get the plot coordinates. As expected, participation in this

step was low.15

The timing of the surveys allowed me to follow participants across time: survey 1 was conducted

in February and March 2025, the assignment phase occurred during April, and survey 2 was con-

ducted between May to mid-June. Because of administrative delays, the laboratory could not share

all the soil tests until June. This delay, together with the early start of the rainy season, which

made it di�cult to reach some villages, meant that the distribution of the soil test results and the

fertilizer subsidies was delayed until the second half of June.16 survey 3 was conducted during July

2025.
14 Enumerators �rst contacted non-attending farmers by phone to con�rm their continued interest and arrange for

a family member to serve as a proxy. If a proxy could not be designated, an enumerator drew from the lottery on
the farmer's behalf. This process was conducted in public, with all farmers present to ensure the transparency of the
assignment mechanism. To guarantee data integrity, selected absentee farmers were revisited the following day; soil
samples were then collected from the correct plot under the farmer's direct supervision.

15 The only incentive to participate in this stage was to receive information on how to conduct a soil test properly,
information that was distributed in all the arms for all eligible farmers.

16 It is relevant to mention this delay as the Kharif season starts in early June. Therefore, farmers would have
found the information more useful two weeks before it was actually distributed. However, the information was still
useful as it indicated the amounts of fertilizer to be administered, and the subsidy was designed to cover around one
month of fertilizer for a 2 acre plot.
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6 Balance and Attrition

6.1 Balance between treatment and control groups, imbalance by arm

Just focusing on the di�erence between those assigned to treatment and those assigned to control,

only the education level and the household income seem to be signi�cantly di�erent according to

Table A3. However, what matters the most is that the di�erent arms are balanced in their charac-

teristics, even before sorting farmers into treatment or control. Table A5 shows these di�erences. In

this case, and in particular in the comparison of the Public Lottery and the Computerized Random-

ization arms, there is imbalance in many covariates. Given that I do not use sample strati�cation

in this study, the imbalance is expected. To account for the imbalance, I all speci�cations I use an

ANCOVA design, including the lagged dependent variable. As a robustness check and to solve the

imbalance, I also control for the level of education, household income, and ownership of the plot.

Moreover, to limit the discretion in the choice of control variables, I perform post-double selection

LASSO (Belloni, Chernozhukov, and Hansen, 2014) and report the main results in Appendix L.

6.2 Di�erential Attrition: More attrition in the Public Lottery arm

In this section, I analyze attrition from survey 1 to survey 2, and from survey 2 to survey 3. Given

my hypotheses, attrition is an interesting outcome in itself, which could provide insights into what

determines participation, depending on the awareness and assignment method.

The overall attrition rate for survey 2 is 21.85% but, as expected, it is not homogeneous between

those assigned to the treatment group and those assigned to the control group: 25.42% of those

assigned to the control group do not participate in survey 2, while only 16.44% of the treated

group do not participate.17 The attrition rate also varies by arm: 19.87% for the Computerized

Randomization arm, 25.92% for the Public Lottery arm, 22.46% for the Pure Control, and 15.88%

for the Pure Treatment arm.

The picture is di�erent for survey 3, where attrition is higher overall (26.95%). This was expected

as, by design, there was almost no incentive to continue participating in the intervention after the soil

results and the fertilizer subsidies were distributed. Once again, attrition is higher for those assigned

to the control group compared to those assigned to the treatment group (29.31% vs 23.38%).18 There

is almost no variation in attrition rate between arms for survey 3: 26.21% for the Computerized

Randomization arm, 27.26% for the Public Lottery arm, 27.54% for the Pure Control, and 27.47%

for the Pure Treatment arm.

Based on these attrition rates, the Public Lottery arm appears to create less engagement among

participants, with an attrition rate 6 percentage points higher than the Computerized Randomiza-

tion arm during survey 2. Table 1 con�rms that the Public Lottery arm has a higher attrition rate

and is statistically di�erent from the Computerized Randomization arm during survey 2, but this

17 The di�erence is starker if I focus on those whose soil sample was not taken in the assignment stage and those
who had their soil sample taken: 27.16% and 12.18%, respectively.

18 The di�erence is higher if I focus on those whose soil sample was not taken in the assignment stage and those
who had their soil sample taken: 30.6% and 20.30%, respectively.
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is not the case for survey 3. Adding whether the farmer was assigned to treatment in both surveys

signi�cantly lowers attrition, but it doesn't have a statistically signi�cant e�ect when interacting

with the Public Lottery arm.

(1) (2) (3) (4)

Left for Left for Left for Left for

survey 2 survey 2 survey 3 survey 3

Pure Control 0.0259 0.0012 0.0133 -0.0233

(0.0412) (0.0392) (0.0543) (0.0466)

Pure Treatment -0.0399 0.00459 0.0126 0.0784*

(0.0356) (0.0407) (0.0579) (0.0458)

Public Lottery 0.0605** 0.0803** 0.0105 -0.000272

(0.0276) (0.0379) (0.0304) (0.0354)

Treated - -0.0692** - -0.102***

(0.0275) (0.0249)

Treated � Public Lottery - -0.0539 - 0.0309

(0.04) (0.0493)

Constant 0.199*** 0.223*** 0.262*** 0.299***

(0.0177) (0.0239) (0.0196) (0.0212)

Observations 1,666 1,666 1,666 1,666

p-value: PL = CR 0.0284 0.0343 0.731 0.994

Table 1: The dependent variable is a dummy indicating farmers who did not participate in one of the
surveys. The set of dummies, Pure Control, Pure Treatment, and Public Lottery (PL), indicates the
arm each farmer belongs to. The constant represents the Computerized Randomization arm (CR),
and Treated represents the assigned treatment. At the bottom of the table, I report the p-value of
the null hypothesis of equal attrition in the Public Lottery and Computerized Randomization arm.

Tables A6 and A7 show balance tables between farmers who dropped out of the intervention in

each survey round and those who did not. In both surveys, younger farmers, those in households

that participate less in community roles, those whose land is not registered, and those who don't

own livestock, are more likely to abandon the intervention. Farmers who request an agricultural

loan and own the selected plot are more likely to remain in the intervention. All this evidence

suggests that farmers who are more attached to their land or community are more likely to continue

participating in the intervention.

7 Evaluation and Outcomes

In this section, I establish the econometric speci�cations to evaluate the hypotheses stated in Section

3. Then, I describe the indices used as outcomes: I use both indices de�ned in advance and indices

de�ned through clustering of vector embeddings.

20



7.1 Evaluation

First, to test Hypotheses 1a and 1b, I focus on the di�erence between the two mixed arms to

maintain a constant proportion of participants assigned to treatment and avoid di�erential spillover

concerns. I estimate the di�erent intent-to-treat (ITT) e�ects by arm: I compare farmers assigned

to the control group to those assigned to the treatment group, irrespective of whether they received

the soil quality test or not, and interact the assignment to treatment with an arm dummy. To

control for pre-existing group di�erences or other confounding variables, I use an ANCOVA design:

Yir = � r + 
 r t i + � r PublicLottery i + � r (t i � PublicLottery i ) + �Y i 1 + " ir (5)

Then, � r is the expected outcome value for those assigned to control in the Computerized

Randomization arm in survey round r ; � r + � r is the expected outcome value for the control

subjects in the Public Lottery arm; � r + 
 r is the expected outcome value for the treated subjects

in the Computerized Randomization Arm; and � r + 
 r + � r + � r is the expected outcome for the

treated subjects in the Public Lottery arm. The ITT e�ect on the Computerized Randomization

arm is 
 r , while the ITT e�ect on the Public Lottery arm is 
 r + � r .

To test Hypothesis 1a, I test the null hypothesis� 3 = 0 , which is the di�erence in the treatment

e�ects by arm after the distribution of the treatment. If the estimated coe�cient is signi�cantly

di�erent from zero, it would give evidence in favor of Hypothesis 1a. Moreover, it is the empirical

test of Proposition 3.

Focusing on survey 2, the interpretation changes:� 2 is the di�erential anticipation e�ects be-

tween the Computerized Randomization arm and the Public Lottery arm. If I reject � 2 = 0 , it is

evidence in favor of Hypothesis 1b.

Speci�cation 5 also allows me to test Hypothesis 2a: the assignment e�ect on the control is the

di�erence between the control subjects' expected levels in the Public Lottery arm and the control

subjects' expected levels in the Computerized Randomization arm,� r . The assignment e�ect on

the treated is captured by the di�erence between the treated subjects' expected levels in the Public

Lottery arm and the treated subjects' expected levels in the Computerized Randomization arm,

� r + � r . Then, I can test the null hypotheses� r = 0 and � r + � r = 0 .

I perform this exercise and tests for survey roundsr 2 f 2; 3g, controlling for the baseline value of

the outcome variableYi 1. Although in my main speci�cation I don't control for other covariates, in

robustness checks I include a vector of baseline covariatesX i to improve estimation precision: in one

speci�cation I control for the farmer's level of education, household income, and ownership status

of the relevant plot, while in another I use the Post-Double Selection LASSO (PDL) developed by

Belloni, Chernozhukov, and Hansen (2014).

In addition to ITT e�ects, I also report the local average treatment e�ect (LATE) as there

are non-compliers in my sample. I estimate the e�ect using the assignment into the treatment as

an instrumental variable for receiving the soil test and the fertilizer subsidy, soZ is the excluded

21



instrument for an indicator D of compliance in a two-stage least squares estimation of:

Yir = � + 
 r D i + � r PublicLottery i + � r (D i � PublicLottery i ) + �Y i 1 + " ir (6)

To tackle Hypothesis 2a more precisely, where I aim to test if changes in the awareness state

a�ect di�erently how the treated group and the control group behave, I use the four treatment

arms. First, focusing on subjects assigned to treatment, I use the Pure Treatment arm as the

comparison group and analyze the subjects' behavior in survey 2 and survey 3 in the Computerized

Randomization and the Public Lottery arms:

Yir = � + � CR;T
r ComputerizedRandomization+ � P L;T

r PublicLottery + �Y i 1 + " ir (7)

Coe�cients � CR;T
r and � P L;T

r indicate the di�erence in behavior between the subjects assigned to

treatment in the Computerized Randomization arm with respect to subjects in the Pure Treatment

arm, and the the di�erence in behavior between the subjects assigned to treatment in the Public

Lottery arm with respect to subjects in the Pure Treatment arm. These coe�cients provide insight

into how the two di�erent assignment arms behave compared to a context where everyone receives

treatment (i.e., with an awareness state of� P T = (1 ; 0; 1). I also test the null � CR;T
r = � P L;T

r to

evaluate if the di�erence between the mixed arms is statistically di�erent. As before, in my main

speci�cation, I don't control for other covariates, but I include a vector of baseline covariatesX i to

improve estimation precision in robustness checks.

For the control group, the speci�cation is the same as in Equation 7, but with the Pure Control

arm as the benchmark:

Yir = � + � CR;C
r ComputerizedRandomization+ � P L;C

r PublicLottery + �Y i 1 + " ir (8)

Similarly, coe�cients � CR;C
r and � P L;C

r indicate the di�erence in behavior between the subjects

assigned to control in the Computerized Randomization arm with respect to subjects in the Pure

Control arm, and the the di�erence in behavior between the subjects assigned to control in the

Public Lottery arm with respect to subjects in the Pure Control arm. These coe�cients provide a

clue on how the two di�erent assignment arms are behaving compared to a context where nobody

receives treatment (so with an awareness state of� P T = (0 ; 0; 1). I also test the null � CR;C
r = � P L;C

r

to evaluate if the di�erence between the mixed arms is statistically signi�cant.

Finally, I conduct the diagnostic tests for the separability assumption stated in Propositions 1

and 2. I empirically calculate the constructsT1, T2, T3, and T �
3 :

T1 = E[Y (1; 1; 0; 1) � Y (0; 1; 0; 1)]

T2 = E[Y (1; 1; 1; 1) � Y (0; 1; 1; 1)]

T3 = E[Y (1; 1; 0; 1) � Y (0; 1; 1; 1)]

T �
3 = E[Y (1; 1; 1; 1) � Y (0; 1; 0; 1)]

22



As shown in Figure 1, Y (1; 1; 0; 1) is the outcome for subjects assigned to treatment in the

Computerized Randomization arm in survey 3. As forY (0; 1; 0; 1), it refers to the outcomes of the

control group in the same arm also during survey 3. SoT1 represents the average di�erence between

the treated and control groups during survey 3 in the Computerized Randomization arm.

Similarly, T2 represents the average di�erence between treated and control subjects during survey

3 in the Public Lottery arm. The di�erence T3 does not have an intuitive interpretation: it is the

average di�erence between the treatment group in the Computerized Randomization arm and the

control group in the Public Lottery during survey 3. The same is true for the di�erenceT �
3 : it is the

average di�erence between the treatment group in the Public Lottery arm and the control group in

the Computerized Randomization arm during survey 3.

To test whether inequalities 2 and 4 hold, I de�ne the test statistics S = T1 + T2 � T3 and

S� = T1 + T2 � T �
3 . Formally, the null and alternative hypotheses to test inequality 2 are:

H0 : S � 0 H1 : S < 0 (9)

Likewise, to test whether inequality 4 holds, the null and alternative hypotheses are:

H0 : S� � 0 H1 : S� < 0 (10)

To evaluate these hypotheses, I employ a nonparametric bootstrap procedure. Speci�cally, I

repeatedly resample the observed data with replacement within each relevant group to generate

bootstrap samples, recalculatingT1, T2, T3, T �
3 , S, and S� for each iteration from the relevant

groups. I then approximate the sampling distribution of S under the observed data. The one-sided

p-value is given by the proportion of bootstrap replicates in whichS � 0. I also report a bootstrap

con�dence interval for S, with support for H1 indicated if the upper bound of this interval is not

less than zero. The same procedure is used to approximateS� and calculate thep-value for S� � 0.

Rejection of the null hypothesesH0 : S � 0 or H0 : S� � 0 indicates evidence against the

additive separability of treatment exposure and the awareness state. In other words, if the observed

data lead to S < 0 or S� < 0 with statistical signi�cance, this suggests that the causal e�ect of

treatment cannot be decomposed into independent contributions from the treatment assignment

and the awareness state.

Finally, in the case of non-separability (rejection of the null hypothesis),S provides an upper

bound on how much of the di�erence between the extreme states of treatment and full-awareness

versus control and no-awareness is due purely to the treatment and awareness interaction. Similarly,

S� provides an upper bound on how much of the di�erence between the opposite extremes: treatment

and no-awareness versus control and full-awareness.

As a robustness check, I perform the same calculation using Bayesian bootstrap (Rubin, 1981).

This method has two main advantages: �rst, it delivers estimates that are smoother than the simple

bootstrap due to its continuous weighting scheme. Second, the continuous weighting scheme prevents

corner cases from arising, as no observation will ever receive zero weight; thus, no collinearity
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problem will arise.

7.2 Outcomes

In this section, I outline the various outcomes I analyze in both the results and mechanisms sections.

To draw general conclusions about the experiment's results, I use summary indices that aggregate

information for variables consistently measured across the three survey rounds. Then, I use natu-

ral language processing to categorize the questions in a data-driven manner and discuss why this

approach proves to be more imprecise. Finally, I present the text analysis of open-ended questions.

7.2.1 Summary indices

Due to the comprehensive nature of the study, I collect a large number of outcome variables listed

in Appendix F. Therefore, I expect some of the variables to show signi�cant results due to chance.

Following Kling, Liebman, and Katz (2007) and Banerjee, Du�o, Goldberg, Karlan, Osei, Parienté,

Shapiro, Thuysbaert, and Udry (2015), I report an index for each group of related survey variables.

I de�ne each summary indexY c
iA (category c, for subject i within arm A) as the equally weighted

average of z-scores of its components, with the sign of each measure oriented so that higher values

correspond to better outcomes, or a more proactive behavior. The construction of these composite

indices yields greater statistical power to detect e�ects that go in the same direction within the

same conceptual category. Table 2 describes the categories, their interpretations, and the survey

variables included in each category.

The �rst three indices listed in Table 2 correspond to survey questions directly in�uenced by

reports on the state of farmers in India (Niti, 2014; Shekara et al., 2016; Ramappa et al., 2024). I

consider these three indices the outcomes of interest for a soil quality information provision interven-

tion. The other four indices are designed to measure the mechanisms behind potential behavioral

changes. The Attribution & Locus of Control index is based on Laajaj and Macours (2021), where

I replicate the use of visual aids to measure how much farmers believe their actions determine their

outcomes, either good or bad. Based on the context, I also added religiosity measures as a second

measurement of outcomes determined by an external force. The rationale for adding such measures

is based on the literature on attribution bias, which refers to the idea that temporary sensations or

situational factors are incorrectly attributed to an underlying, stable characteristic of a person or

good (Erkal et al., 2022).

For the Psychological Well-being index, I used similar questions to measure life satisfaction and

well-being as Devoto et al. (2012), and included a measure of expected revenue for the season that

is based mainly on optimism, as the season is starting by the endline survey. These measures intend

to explore the appearance of resentful demoralization or emotional distress as a result of being

excluded from the intervention (Cook, Campbell, and Day, 1979).

The Risk Aversion index aims to capture changes in risk behavior born in overcon�dence, there-

fore looking into motivated beliefs as a potential mechanism (Möbius et al., 2022). The questions
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inside this index include a standard time preferences elicitation task, a variation of the certainty

equivalent method, and variations of the Becker-DeGroot-Marschak method.

Finally, for the Social Network index, the questions are similar to Chandrasekhar et al. (2018)

but mostly based on interactions around agriculture. The aim of this index is to understand if the

assignment method changes interactions between the agents, potentially altering the network and

therefore having impacts on information �ows.

To standardize each outcome into a z-score to run Equations 5 and 6, I need to compare against

the behavior of a common group: the pooled sample of all control group participants from both

the Public Lottery and Computerized Randomization arms at baseline (survey 1). Therefore, I

subtract the pooled control group mean at survey 1 and divide by the pooled control group standard

deviation at survey 1. If an individual has a valid response to at least one survey measure of an

index, then any missing values for other survey measures are imputed at the group mean. Then,

I average all the z-scores and standardize them to the pooled control group at survey 1. This is a

deviation from the most common method, which would involve subtracting the control group mean

at the corresponding survey round and dividing by the control group standard deviation at the

corresponding survey round, then averaging all the z-scores, and again standardizing to the control

group within each round (Banerjee, Du�o, Goldberg, Karlan, Osei, Parienté, Shapiro, Thuysbaert,

and Udry, 2015; Dhar, Jain, and Jayachandran, 2022).19

My methodological choice ensures that all subsequent measurements are referenced to a �xed,

pre-intervention benchmark that re�ects the status quo before any possible assignment bias or

spillover appears. This approach is critical given my central hypothesis: that participants' awareness

state�including awareness of treatment assignment and study participation�may itself in�uence

outcomes, even for those not receiving the direct intervention. If I were to standardize using the

control group in later survey rounds, these benchmarks could be confounded by assignment e�ects

that shift behavior within the entire control group, resulting in post-assignment and post-treatment

bias. Using the baseline control group preserves the comparability and interpretability of index

values as deviations from the initial state (survey 1), with identical awareness states for all arms as

shown in Figure 1. Appendix J provides a detailed example of the risk of incorrect standardization.

In practical terms, this anchors all subsequent analyses to a stable reference, allowing treatment

and assignment e�ects to be interpreted as departures from baseline behavior. It also avoids masking

awareness-state-induced changes by normalizing them away. This approach thereby provides a

transparent and consistent measure of change, directly aligned with the conceptual framework of

context-dependent causal inference.

To tackle Hypothesis 2a through Equations 7 and 8, standardizing against each arm's control

at baseline would be incorrect. Using three di�erent benchmarks to de�ne the dependent variable

introduces unnecessary noise and complicates the interpretation of the coe�cients. Then, I con-

struct the outcome indices by standardizing each component variable using the mean and standard

19 My approach is similar to Dhar, Jain, and Jayachandran (2022) analysis of the gender attitudes index at endline
2: they standardize this index's variables using the mean and the standard deviation of the variables in endline 1
(see page 77 of their online appendix for further detail on their methodology).
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deviation calculated from the pooled sample of all control group participants at baseline (survey

1). This approach leverages the fact that all control groups were, in expectation, identical before

the assignment, providing a more precise and stable benchmark. It ensures that all estimated co-

e�cients are interpreted in the same units: deviations from the pre-assignment control mean in

pre-assignment control standard deviations.

Category ( c) Interpretation Variables included
Knowledge of

New
Information

A higher value re�ects
stronger information-seeking
behavior

soil_test_value a, wtp_max, farming_knowledge

Changes in
On-Farm

Practices &
Inputs

A higher absolute value
indicates recent changes in
on-farm practices

seed_extension, seed_board, fert_organic,
fert_chemical

Change in
Financial

Management

A higher absolute value
indicates recent changes in
�nancial management
practices

agri_loan_past, agri_loan_internal,
agri_loan_external, purposes_past_loan,
agri_loan_future, purposes_future_loan,
pur_investment_future_loan, past_agriloan_invest,
insurance

Attribution
& Locus of

Control

A higher value re�ects a
stronger belief that outcomes
are determined by personal
e�ort rather than external
factors

generic_poor_farmer, generic_good_farmer,
own_poor_farmer, own_good_farmer,
hard_work_tokens, yourself_tokens,
religiousity_worship, religiousity_pray

Psychological
Well-being

A higher value re�ects a
greater degree of optimism

avg_con�dence, life_satisfaction, feeling_cheerful,
feeling_worried, feeling_tired,
expected_revenuekharif

Risk Aversion
A higher value re�ects more
risk aversion

beh_measurement_eg, nitro_bet, b weather_bet,
time_discount, risk_lottery

Social
Networks

Indicates a greater number
social connections

links_advice, advice_farming, best_farmer1_talk,
best_farmer2_talk, best_farmer3_talk

a Because of a coding mistake, soil_test_value was not asked in survey 3 for farmers who got a soil test.
I removed the variable from the index, but intend to add it back when analyzing the second endline.

b The variable nitro_bet is not available for the pure control arm, so it is removed from the index when
pure control is used as a benchmark.

Table 2: This table describes the seven conceptual categories used in the analysis, each of which is
composed of several survey questions. The variable nitro_bet was not asked for in the Pure Control
arm to avoid informing farmers of the intervention taking place in other villages. Each outcome
variable is listed and explained in Appendix F.

7.2.2 Data-driven indices

In addition to the previously described summary indices, I implement a data-driven approach to

construct outcome groupings based on the semantic content of the survey questions themselves. To

achieve this, I use a natural language processing model (OpenAI Text Embedding 3) to generate
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