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This text represents the intentions of the research team at the time it is filed. We may deviate from
this plan if unexpected issues arise, but we will report a “populated PAP” if we materially deviate

from it (Banerjee et al., 2020).

Abstract

This study aims to understand the barriers to improving the targeting of policy instru-
ments. Focusing on the case of arsenic-safe governmental tubewells in rural Bangladesh,
we conducted a lab-in-the-field experiment to evaluate the separate and joint impacts
of two obstacles: lack of information and incentive misalignment. This pre-analysis
plan presents the details of our experimental design and survey and our plan for how
to analyze the resulting data.
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1 Introduction

In many developing countries, effectively targeting policy instruments remains challeng-
ing due to the difficulty of identifying those most in need (Alatas et al., 2012; Blumenstock
et al., 2015; Haushofer et al., 2025). Yet, even when such information barrier is removed
and policymakers can perfectly identify the most impactful resource allocation, corrup-
tion and misaligned incentives often prevent the realization of such optimal allocation in
practice (Olken and Pande, 2012).

This paper explores the separate and joint effects of information and incentive misalign-
ment in the optimal targeting of policy. We focus on rural Bangladesh, where more than
60 million people are exposed to drinking water with arsenic levels higher than the WHO
guideline–andwhere the suboptimal allocation of public, arsenic-safe governmental wells
have been subject to significant elite capture (Human Rights Watch, 2016; Mobarak and
van Geen, 2019). We combine a quasi nation-wide arsenic field test data comprising 6.3
million wells with machine learning models of well-water arsenic to develop an interac-
tive website displaying localized arsenic contamination status (“arsenic information dash-
board”). We then conduct a lab-in-the-field experiment involving 200 local policymakers
who hold discretionary authority in allocating the governmental tubewells. The policy-
makers are randomly assigned into three treatments: (1) an “information treatment” in-
volving the arsenic information dashboard, (2) an “incentive” treatment, where the policy-
makers are incentivized to prioritize high-arsenic neighborhoods, and (3) a joint interven-
tion combining the two. The experiment is designed to be highly realistic and high-stakes,
using real applications from villagers for public tubewells and involving a real probability
of the representatives’ stated preferences being realized.

This pre-analysis plan describes the set-up and the structure of the lab-in-the-field ex-
periment in detail, and presents the survey that accompanied the experiments. We also
discuss–and commit to–our plans for how to analyze the resulting data that will be col-
lected from the experiment.

2 Well-water Arsenic in Rural Bangladesh

2.1 Arsenic in Rural Bangladesh: An overview

Naturally occurring arsenic in shallow groundwater is among the largest environmental
health risks in the developing world, affecting hundreds of millions of people globally
(Podgorski and Berg, 2020). In rural Bangladesh, following a decades-long public health
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campaign that moved rural households away from microbially contaminated surface wa-
ter sources and towards groundwater drawn from shallow hand-pumped tube wells, an
unanticipated consequence emerged: a large share of the shallow Holocene aquifers un-
derlying the Bengal Basin is naturally enriched in dissolved arsenic (British Geological
Survey and Department of Public Health Engineering, 2001). More than 60 million peo-
ple in Bangladesh drink water with arsenic concentrations above the World Health Orga-
nization guideline of 10 𝜇g/L (Flanagan et al., 2012), and exposure of this magnitude is
estimated to generate on the order of 100,000 deaths annually (Quansah et al., 2015).

The health and economic consequences of chronic exposure are well documented. Long-
run cohort evidence from Bangladesh finds that individuals drinking water with arsenic
concentrations above 100 𝜇g/L face roughly a 100% increase in the all-cause mortality
risk of unexposed individuals (Argos et al., 2010). Beyondmortality, chronic arsenicosis is
associated with adverse pregnancy and infant health outcomes (Quansah et al., 2015) and
with substantial losses in labor productivity (Pitt et al., 2021). Further, recent evidence (Wu
et al., 2025) indicates that switching away from a contaminated well measurably lowers
mortality risk, highlighting the importance of risk mitigation measures.

Two features of the geography of well-water arsenic contamination are central to the de-
sign of this study.

Depth. Arsenic concentrations are strongly related to sand characteristics of sediments,
and hence to tube well depth. Shallow tube wells accessing Holocene era aquifers–the
overwhelming majority of privately installed wells–draw from the aquifers most likely to
be contaminated, whereas deeper aquifers from the Pleistocene era sediments are typically
arsenic-safe (Horneman et al., 2004).

In practice, there are twoways throughwhich a villager could access arsenic-safe aquifers.
First, in cases where the safe aquifer exists at depths accessible to private tube well in-
stallers (with inexpensive drilling technology), a household can opt to install a well to
sufficiently deep levels upon new installation. Second, when the safe aquifer exists be-
yond the reach of such private, village-level installers (i.e., beyond 300 feet), then a gov-
ernmental well (called “DPHE wells,” from the Department of Public Health Engineering
(DPHE), the governmental body in charge of drinking water source policy) is necessary.
Nevertheless, a DPHEwell costs roughlyUSD 1,000 perwell, an order ofmagnitude larger
than what a typical rural household will finance privately. This makes publicly-installed
wells a coveted resource subject to heavy oversubscription. The allocation of this DPHE
wells is the target of our intervention.
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Fine-grained spatial heterogeneity. Contamination varies sharply not only across dis-
tricts and upazilas but within unions, across neighboring mauzas (collection of one ormore
villages), and across neighboring villages. This spatial granularity is economically rel-
evant for allocation. Because the number of wells a union receives is fixed by budgetary
convention (Section 2.2), the public health return to a given year’s allocation is determined
almost entirely by which villages within the union receive the wells. Two allocations of iden-
tical size within the same union can differ significantly in the number of arsenic-exposed
households they reach.

Until recently, the fine-grained information required to act on this heterogeneity did not
exist in usable form. That changedwithDPHE’sArsenic Risk Reduction Program (ARRP),
a quasi-nationwide field-testing campaign that tested approximately 6.3 million drinking-
water wells across roughly 300 upazilas between 2021 and 2023, recording each well’s
geographic coordinates, depth, ownership type (public or private), and field-kit arsenic
reading.1 ARRP makes village-level contamination rates measurable at national scale for
the first time.

ARRP is nonetheless not a census of drinking-water wells. Testing was capped at 2,500
wells per union (Figure 1), with the consequence that roughly one third of villages na-
tionwide contain no tested well. Since the allocation problem we study is precisely the
within-union, across-village one, these gaps are not innocuous: a decision aid built on
tested villages alonewould systematically omit a third of the candidate sites. We therefore
gap-fill untested villages using amachine-learning predictor of well-level arsenic safety—
a random forest (Breiman, 2001) with 500 trees, taking well longitude, latitude, and depth
as inputs— fit separately by district using wells from the district and its neighbors so as to
preserve spatial continuity across district boundaries.2 Model performance is evaluated
by grouped cross-validation: rather than splitting individual wells, we hold out all wells
in a random third of villages, aggregate predictions to the village level, and compare pre-
dicted to realized shares of unsafe wells. This mirrors the spatial cross-validation practice
in the ecological prediction literature (Meyer et al., 2019) and rules out the possibility that
measured accuracy reflects memorization of village identities rather than genuine out-of-
sample spatial prediction. Across nearly all districts, out-of-sample RMSE for village-level
contamination rates is smaller for the random forest than for a kriging-type OLS bench-
mark using polynomial functions of coordinates and depth, and is smaller on average

1Field-kit readingswere recalibrated against laboratory analysis of a random subset of samples processed
in DPHE laboratories; see Khan et al. (2025). After cleaning to remove duplicates, coordinate outliers, and
non-drinking-water wells, we work with approximately 6.0 million wells.

2The outcome is a graded safety score constructed from the field-kit thresholds, taking the value 1 for
readings at or below 10 𝜇g/L, 0.5 for readings of 25 or 50 𝜇g/L, and 0 for readings strictly above 50 𝜇g/L,
following the laboratory validation in Khan et al. (2025).
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Figure 1. Incomplete arsenic testing in the ARRP campaign
Notes: Figure illustrates the incomplete coverage of wells in the Arsenic Risk Reduction Program (ARRP)
field arsenic test campaign. The distribution of well tests per union are shown in blue, versus the number
of households of the same unions in yellow.

than the standard deviation of village-level contamination rates — i.e. the predictions are
informative relative to the unconditional mean.

2.2 Current policy approaches to arsenic risk mitigation

The Government of Bangladesh has recognized arsenic contamination as a public health
priority for over two decades and has committed substantial resources to mitigation. The
operational responsibility rests with the DPHE, the government body charged with allo-
cating and installing arsenic-safe publicwells. The core instrument is the publicly financed
deep tube well, installed free of charge to the recipient community.

The allocation process. Allocation is application-driven and highly decentralized. In
each fiscal year, villagers submit applications to their local union parishad (UP) office
and/or the local DPHE office requesting installation of a well in their village. Bangladesh
is divided into roughly 500 upazilas, each comprising on average about 70,000 households;
each upazila is subdivided into unions of roughly 5,000 households, and each union con-
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Figure 2. Out-of-sample performance of machine learning-based downscaling approach
Notes: Figure compares, in all districts with ARRP data, the out-of-sample RMSE (root mean squared error)
of a krigging OLS model (green) versus that of a random forest-based downscaling model (red). The his-
togram is drawn by 50 different random sampling of sample draws, with sample drawn at the village level to
avoid underestimations of the true bias rate. The standard deviation of village-level arsenic contamination
shown in dotted black vertical line.

tains on average 13 villages. Within each union, a single Union Parishad chairperson
(henceforth “union leader”), the elected representative at the union level,3 decides which
of the submitted applications applications will receive half of the budgeted DPHE wells.
The remaining half of the budgeted wells are decided by the local Member of Parliament
(MP), who represents on the order of 50,000–70,000 households. While the union leaders
and MPs are formally advised by the upazila-level DPHE engineer, the engineers’ roles
have traditionally been relegated to managing the logistics of the wells’ installation and
their subsequent maintenance.4

The equity norm and the locus of discretion. Historically, the upazila-widewell budget
has been divided evenly across the upazila’s unions. This is a strong and durable equity
convention: in past years each union within an upazila has received the same number of

3Note that after the July Uprising of 2024, many union leaders–who are in principle apolitical–went into
hiding, for their suspected ties to the deposed Awami League party. Under such cases, the elected union
leaders were substituted by an interim chairperson who were either assigned from a district-level bureau-
cratic, nominated among the union parishad’s village-level representatives, or were taken over by the UP
secretary, a bureaucrat formerly charged with day-to-day operations of the union.

4Upazila DPHE offices are formally headed by Assistant Engineers (AEs), the entry-level cadre position
for engineerswho have passed the BangladeshCivil Service examination. In practicemost upazila offices are
staffed by Sub-Assistant Engineers (SAEs), recruited through DPHE-specific examinations into non-cadre
positions; the upazila-level officer is thus referred to colloquially as the SAE. We use “upazila engineer”
throughout.
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wells, and we do not expect it to be violated over the study period.5 The consequence is
analytically convenient and substantively important: because the extensive margin (how
many wells a union receives) is fixed by convention, essentially all of the discretion that
determines the public health return to the annual allocation operates on the intensivemar-
gin— the choice of which mauzas (villages) within the union receive that union’swells. Union
leaders and the upazila engineer face awithin-union targeting problem, and that is the de-
cision this study intervenes on. In the fiscal year covering our lab-in-the-field experiment,
DPHE policy sets the union-level budget at four wells.

Two barriers to efficient allocation. Despite the scale of public investment, the realized
allocation of DPHE deep wells falls well short of the total reduction in arsenic exposure
the same budget could achieve. Administrative records and prior research document that
placement bears little relation to measured contamination and is vulnerable to elite cap-
ture (van Geen et al., 2016; Mobarak and van Geen, 2019). We take two distinct barriers to
be operative, and the experiment is designed to separate them.

First, an information barrier. Even where decision-makers are motivated to target high-
arsenic villages, they may not know which villages these are. Although the ARRP cam-
paign has made within-union contamination patterns measurable, that information has
not been translated into a form usable by the officials who actually allocate wells.

To assess the existence of policy-relevant arsenic information at the union level, we elicit
predictions of mauza-level arsenic contamination rate fromDPHE upazila-level engineers,
who nominally advise the union leaders on arsenic levels and local water quality in gen-
eral. A comparison of the engineers’ predictions with true arsenic contamination levels
show that, however, while engineers exhibit acceptable knowledge ofwhich unions in their
upazila are high in arsenic, but pronounced deficiencies in identifying high-arsenic villages
within a union (Appendix Figure B3) — precisely the margin on which their discretion
operates. Engineers asked to estimate mauza-level contamination rates (for ARRP-tested
mauzas) produced estimates far from the measured values (Appendix Figure B3). This
strongly suggests that the union leaders do not possess the relevant information in prior-
itizing high-arsenic mauzas within their unions.

Second, an incentives barrier. The upazila engineer is an advisor, not a decision-maker,
and formal authority over which applications are approved rests with elected representa-
tives (i.e., union leaders). Approval decisions are shaped by political considerations, by
the relative organizational strength of the communities submitting applications, and by

5We treat the per-unionwell budget as fixed for the purpose of constructing our primary outcome. Where
we observe deviations–which we expect to be very rare–we will assess the robustness of results to dropping
the affected unions.
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the intensity with which local leaders press particular requests. Engineers’ recommen-
dations are therefore only partially adopted, and technically stronger sites are sometimes
displaced by weaker ones. Moreover, the officials involved are multitasking agents: well
allocation is one of many responsibilities, and attention devoted to improved targeting
competes with other duties. Under these conditions better information alone need not
translate into better allocation — it may simply be unused.

These two barriersmotivate the cross-randomized design set out in Section 3, which pairs
an information treatment (access to an “Arsenic Information Dashboard” presenting sub-
union contamination status, allowing digitization of the year’s applications, and simulat-
ing the public health consequences of alternative allocations) with an incentive treatment
(a tournament awarding a discretionary “bonus” deep well to leaders whose stated allo-
cations best prioritize high-arsenic villages).

3 Survey and Experiment Design

3.1 Overview

The experiment is a lab-in-the-field exercise embedded in the delivery of a field interven-
tion. It is administered to Union Parishad (UP) chairpersons, henceforth “union leaders,”
at the moment at which the Department of Public Health Engineering (DPHE) allocation
cycle for fiscal year 2026/27 is under way, and it uses the real applications for deep tube-
well installation that the union leader’s union has received in that cycle. Two barriers to
arsenic-minimizing allocation are manipulated independently:

1. Information. Union leaders lack spatially disaggregated knowledge of arsenic con-
tamination within their own union. We provide access to the Arsenic Information
Dashboard (https://nolkup.info/arrpPAP, sample ID: showcase, password: swc19),
which maps mauza-level contamination built from the Arsenic Risk Reduction Pro-
gram (ARRP) testing of 6.3 million wells and the ML downscaling algorithm, al-
lows applications to be digitized, and scores candidate allocations by the number of
arsenic-exposed families they reach.

2. Incentives. Union leaders may not internalize the public-health return to arsenic
targeting. We run a tournament in which chairmen whose selected wells go to the
highest-arsenicmauzas are awarded an additional deep tubewell (“bonus tubewell”)
that they may place at their own discretion.
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The two interventions are cross-randomized at the union level, yielding four arms (Sec-
tion 3.3). In every arm the union leader is asked to select the four applications he would
most like to see installed—his preferred allocation—from the union’s real application pool.
In the two arms without the tournament, incentive compatibility is instead supplied by a
truth-telling device: among lottery-winning unions, one of the four wells the union leader
named is installed at random, so naming a well is a costly and consequential act, but the
enumerator is explicitly directed to inform the union leader that the arsenic content of the
named wells is explicitly irrelevant to the leader’s payoff.

3.2 Setting, Sample, and Respondents

Sampling frame. The frame comprises 250 unions drawn from 23 upazilas in three dis-
tricts of the Chattogram division: Brahmanbaria (7 upazilas), Chandpur (3 upazilas), and
Cumilla (13 upazilas). The three districts were chosen for their high levels of arsenic and
for the large number of upazilas and unions that were tested by ARRP. Unions per upazila
range from 5 to 16. These unions are the universe loaded into the survey instrument’s cas-
cading district–upazila–union selection lists. Of the 250 randomized unions, 200 are “ac-
tive” and 50 are held as a replacement pool (Section 3.7). Active assignment is preloaded
into the instrument as a server dataset (active_200_unions_260716) and is retrieved at
the start of each interview by the union ID. Note that the ML-based downscaling method
showed exceptional performance in these three district (Figure 2).

Respondent. The respondent is the union leader—one per union, and the leaders do
not have discretionary authority on the allocation of wells outside of their own union.
So the union is simultaneously the unit of randomization, the unit of treatment, and the
unit of observation. The leader directs the upazila-level DPHE engineer onwhich applica-
tions to approve within his union; the upazila budget has historically been divided evenly
across unions, so the leader’s discretion operates over the within-union placement of a
fixed number of wells. This institutional fact is what makes the union the natural unit at
which to define our primary outcome.

Prevention of spillovers using credentials. The information treatment of the interven-
tion involves providing union leaders with an access to a website that illustrates the local-
ized arsenic contamination status to union leaders (see below for details). Although tra-
ditional conventions stop outside union leaders exercising authority on a different union
leader’s decisions, we further block the possibility of spillover by assigning individual IDs
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Figure 3. Timeline of intervention delivery, the lab-in-the-field experiment, and follow-up.
Notes: Randomization is conducted in R with a fixed seed over the 250-union frame; 200 unions are active
and 50 are held as a replacement pool. Collection of FY2026/27 applications and their entry into the Ar-
senic Information Dashboard are hard eligibility gates. Experiment-funded wells — bonus wells in T1 and
T3, lottery wells in Control and T2 — are installed following adjudication. The dashed outline denotes a
prospective follow-up not pre-specified in this plan; the endline visit is anticipated in the second half of
2027, with timing and scope to be arranged. Dates in coral denote a period rather than a point: DPHE in-
stallation of the FY2026/27 allocated wells proceeds throughout the fiscal year on its own schedule and is
not manipulated by the experiment. Milestones shown in gray on the spine are discrete events.

and Passwords to each union leader. The usage of each ID and password is tracked in real
time and archived on a server.
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Further, we note that in the lab-in-the-field environment, spillovers across union leaders
are very likely immaterial. This is because there are two types of spillovers possible:

1. Treated union leaders may share their credentials with control union leaders, or in-
fluence the control union leaders’ decisions. This is unlikely because we elicit the
preferences immediately, and it is against traditional conventions for a given union
leader to intervene on a different union’s well allocations. The strong spatial het-
erogeneity in arsenic contamination across unions also means that the information
from one union will be of little utility in other unions.

2. Treated union leaders may learn about the number of applications and applicants
from other union leaders, upon the latter’s sharing of credentials. Although this is a
possibility, it is not clear how such information would affect the preferred applications
of the union leaders.

We will, however, test for spillovers by assessing the relationship between treatment ef-
fect and the time elapsed between the first union treatment in each upazila (discussions
across upazila borders are very unlikely). A positive correlation between . We also note
that spillovers are a possibility for realized, not lab-in-the-field elicited, allocations ofDPHE
wells, as there are significant lags between the conferral of information and the actual deci-
sion. Although such realized outcomes are not part of this PAP, we will take the spillovers
into consideration in the analysis of administrative data (on actual well allocations).

Eligibility. Aunion enters the experiment only if it satisfies two screens, all implemented
as hard gates in the instrument:

1. Real applications in hand. The enumerator must confirm that the FY2026/27 appli-
cations were collected in advance from the upazila DPHE engineer (SAE/AE) and
from the union leader himself, and that they were entered into the dashboard be-
fore the visit (collect_realapplication, applicationsave_website). If either is
false the interview does not proceed.

2. A non-trivial choice set. The union must have strictly more than five applications,
i.e. at least six (haveenoughwells, howmanyapplications). Because the union leader
selects four wells, six is the minimum pool size at which the selection problem is
informative. Unions failing this screen are recorded as ineligible and dropped.

We additionally record how many of the applications originate from the union leader
himself (howmanyapplications_fromUP) and from theDPHEengineer (howmanyapplications_fromSAE).
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These counts are pre-specified covariates: they measure the extent to which the choice set
was furnished by the decision-maker.

3.3 Treatment Arms

Table 1 summarizes the 2 × 2 design. The information factor is the Arsenic Information
Dashboard; the incentive factor is the form of the well prize (arsenic-contingent tourna-
ment versus arsenic-neutral lottery). Both factors are held fixed within a union.

Table 1. Experimental design: information × incentives

Arm Label Dashboard Tournament Prize structure

Control Control No No Lottery; 1 of the 4 namedwells in-
stalled at random

T1 T1 No Yes Bonus well to chairmen targeting
highest-arsenic mauzas

T2 T2 Yes No Lottery; 1 of the 4 namedwells in-
stalled at random

T3 T3 Yes Yes Bonus well to chairmen targeting
highest-arsenic mauzas

Notes: 50 unions per arm; a fifth group of 50 unions is held in reserve for replacement. In the tour-
nament arms the bonus well is awarded on the arsenic ranking of the four named wells, but the union
leader may site the bonus well anywhere in his union—it need not be one of the four. In the lottery
arms enumerators are scripted to state explicitly that the content of the allocation does not affect the
union leader’s chance of winning.

3.3.1 The information treatment: Arsenic Information Dashboard

In T2 and T3 the enumerator introduces the dashboard on a tablet and delivers a scripted
three-part tutorial:

1. the mauza-level arsenic contamination map (tutorial_app_map_*);

2. entry of the union’s applications into the “simulate allocations” tab
(tutorial_app_applications_*);

3. use of the simulator to identify allocations that maximize arsenic impact, i.e.
that approach a score of 100% and the maximum number of families reached
(tutorial_app_evaluation_*).
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(a) Arsenic map (b) Application information

(c) Allocation simulation

Figure 4. The Arsenic Information Dashboard shown to chairmen in T2 and T3.
Notes: Figure shows the three main features that are provided to the “information” treatment group in the
T2 and T3 arms. Each union leader is given a unique ID and password code, thus not being given access to
other unions’ arsenic status. The example is taken for the Chhayfullakandi union, in Brahmanbaria district.

Treated chairmen also receive a printed access sheet with login credentials and a mauza-
level arsenic contamination table on the reverse (printed_infosheet, provideinfosheet_*),
so that the information persists beyond the visit and beyond connectivity constraints. See
Appendix Figure B1 for an example. Delivery is reinforced by an official letter from the
central DPHE office delivered by mail to the upazila DPHE engineer office, which estab-
lishes that the dashboard is a government-sanctioned instrument rather than a researcher
artifact. The dashboard also bears the official logo of the DPHE, obatined under approval
from the central DPHE office.
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3.3.2 The incentive treatment: the bonus-well tournament

In T1 and T3 the introduction states that a budget of “bonus wells” exists and that the
criterion for winning will be explained later in the visit; enumerators are instructed not to
reveal the criterion, and not to mention arsenic, at this stage. Later—immediately before
elicitation in T1, and after the pre-treatment knowledge module in T3—the enumerator
discloses the criterion: whether the union leader wins depends on whether the four wells
he names are sited in high-arsenicmauzas, evaluated against theDPHE-partneredmauza-
level contamination dataset, with top chairmen awarded by the end of August 2026. Two
features of the prize are emphasized. First, the union leader has full control over the bonus
well’s location. Second, the bonus well need not be one of the four wells he names. The
tournament therefore rewards the informational content of the reported allocation without
constraining the union leader’s ultimate discretion, which keeps the elicitation from be-
coming a constrained-choice problem.

In Control and T2 the same well budget is described as “allocated wells” distributed by
a lottery across participating unions, with one of the union leader’s four named wells
installed at random if his union wins. In T2, where the dashboard makes arsenic tar-
geting feasible, the script is explicit and repeated: changing the allocation toward high-
arsenic mauzas does not improve the union leader’s lottery chances, and enumerators are
instructed not to press the union leader to revise.

3.3.3 Credibility devices

Because both prizes are only credible if the union leader believes wells will actually be
installed, three devices are used in every arm: the enumerator introduces the teamasNGO
Forum for Public Health working in collaboration with DPHE; the enumerator discloses
that there have been letters sent from the central DPHE to the upazila’s DPHE engineer
office for cooperation; the union leader is given an official letter fromNGOForum restating
the terms of his arm (see Appendix Section A), so that nothing material rests on recall of
the verbal script (provideletter_*). At the close of the visit the union leader is told that
the team will return at the end of FY2026/27 (notify_willbeback).

3.4 Blinding and Enumerator Fidelity

The arms differ in what may be said and in what order, so enumerator error is a first-order
threat. Three safeguards are built into the instrument.

Deferred introduction. The form opens with an instruction not to introduce oneself yet,
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because the introduction is arm-specific (note_donotintroduce). All arm-specific content
sits inside groups whose relevance conditions are keyed to the preloaded assignment.

A comprehension gate. The enumerator is shown the assignment group and the treatment-
arm table, then asked independently whether this union receives the bonus-well tourna-
ment and whether it receives the dashboard and arsenic information sheet. Answers are
compared against the preloaded values; only if both match (understanding_correct= 1)
does any union leader-facing module become relevant. A mismatch triggers a correction
screen that restates the union’s arm and requires the enumerator to confirm having re-
read the arm table before proceeding. See Appendix Figure ?? for the table that is shown
to the enumerator.

Scripted disclosure order. The words “arsenic” and “website” are prohibited in the intro-
duction of every arm. Disclosure points are fixed by the form’s sequence rather than left
to enumerator judgment.

3.5 Survey Flow

Table 2 gives the module order by arm. The common backbone is: enumerator checks →
arm-specific introduction→ union leader characteristics→ digitization and display of the
real application list → (arm-specific disclosures) → elicitation of the preferred allocation
→ stated motivations → arsenic knowledge → closing letter → interview-environment
module. What varies is what the union leader knows when he names his four wells.

3.5.1 Union leader characteristics

Before any disclosure we collect a common battery: age, sex, highest completed educa-
tion (and undergraduate field of study for degree-holders), prior post, route into office,
whether the union leader was in post at the advent of the July uprising, intention to con-
test the next UP election, months of tenure in the post, years of prior public service, and
residence and childhood mauza or union. Two features of this battery deserve note. First,
the route-into-office variable distinguishes chairmen elected by their Union Parishad peers
(which commonly consist of the chairman and board members–all elected from villages,
except for the Secretary), elected by the general public, and assigned by the interim gov-
ernment via the UNO or District Commissioner—variation in the accountability channel
that is specific to the current political moment and that we expect to moderate responsive-
ness to both treatments. Second, the residence and childhood-mauza items let us construct
whether the union leader’s ownmauza is among the high-arsenicmauzas of his union, and
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Figure 5. Flow of the lab-in-the-field experiment by treatment arm
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Table 2. Module order by arm

Module Control T1 T2 T3

Enumerator checks; eligibility; comprehension gate 1 1 1 1

Arm-specific introduction (lottery vs. bonus well; ar-
senic and dashboard not mentioned)

2 2 2 2

union leader characteristics 3 3 3 3

Application list digitized, loaded, photographed 4 4 4 4

Arsenic knowledge ranking (pre) — — 5 5

Tournament criterion disclosed (arsenic) — 5 — 6

Dashboard introduced; three-part tutorial — — 6 7

Reminder of prize terms 5 6 7 8

Preferred allocation elicited (4 wells) 6 7 8 9

Open-ended motivations for the allocation 7 8 9 10

Allocation score fed back to union leader — — 10 —

Access sheet / arsenic table provided — — 11 11

Arsenic knowledge ranking (post) 8 9 12 12

Closing letter (Appendix Section A); notice of June
2027 return

9 10 13 13

Interview-environment module (enumerator) 10 11 14 14

Notes: Numbers are within-arm order, not comparable across columns. In Control and T1 the arsenic
knowledge ranking is asked once, after elicitation; “pre” therefore does not exist in those arms and the
singlemeasurement is the postmeasurement. In T2 andT3 it is asked twice, before and after dashboard
exposure, so the pre measurement can serve as a heterogeneity dimension and the post measurement
as a check that the information was absorbed. See Section 3.8 on the ordering of the T3 pre-ranking
relative to the tournament disclosure.

whether his selected wells go to it, which separates targeting from self-dealing. Because
this battery is administered before any treatment content, it is pre-treatment for all arms
and is admissible as a covariate and as a heterogeneity dimension.

3.5.2 Construction and display of the choice set

The enumerator loads the union’s real FY2026/27 applications into the dashboard and
photographs the resulting numbered list; the union leader then selects by list number (Fig-
ure 4c). Where connectivity fails due to poor internet connections (goodinternetconnection=
0), the enumerator writes the list on paper with the columns Caretaker name / Mauza / Fam-
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Figure 6. Dashboard website accessed by enumerators, for Control and T1 unions

ilies served by the well / Data source, photographs it, and uploads the digital record once
back in coverage. The photograph is the archival record of the choice set: it fixes both
the option set and the numbering used by the union leader, which is what allows us to
map choices to mauzas and thus to arsenic levels ex post. Connectivity mode is retained
as an implementation covariate, since in no-connectivity unions the T2/T3 union leader
experiences the information as a static table rather than an interactive map.

Further, note that the dashboard is used in Control/T1 unions too, but in these unions
it is only the enumerator who accesses the website. The website is only used to store and
upload the collected applications (Figure 6).

3.5.3 Preferred allocation elicitation

The union leader names, in order, the first through fourth wells he would like installed
(wellchoice1--4_*). The budget of four is set by DPHE policy for FY2026/27, so the elic-
itation reproduces the union leader’s actual decision problem rather than a hypothetical
one. Selections are recorded as application numbers from the photographed list and are
merged ex post tomauza identifiers and to ARRPmauza-level contamination, fromwhich
the arsenic-exposure-reduction score of the reported allocation is computed as described
in Section 4.

Immediately afterwards the union leader is asked, open-ended, what considerations en-
tered his choices, with reasons recorded as a comma-separated list (wellchoice_why_*).
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These will be coded into a fixed taxonomy (applicant need, water quality, village-level eq-
uity, opinions of elected representatives, opinions of unelected elders, own constituency,
other)6.

In T2 only, after the allocation is recorded, the enumerator reports the allocation’s score
back to the union leader, with the explicit instruction that the union leader is not to be
asked to reach 100% (wellchoice_infromscore). This preserves the arsenic-neutrality of
the T2 incentive while still delivering the informational content of the dashboard.

3.5.4 Arsenic knowledge

Knowledge is measured with a ranking task: the union leader is shown three mauzas
from his own union—preloaded as a high, middle, and low contamination triple
(Union_Mauza_Arsenic_HighMidLow)—and asked which is highest, which second, and
which lowest in arsenic. We strictly limit the mauza pool to those that were tested in the
ARRP campaign, and exclude those whose arsenic % levels were imputed. We can then
use Kendall’s 𝜏 against the true ordering as our measure of knowledge. In T2 and T3 the
task is repeated with the dashboard in hand, giving a within-union leader measure of
whether the information was successfully retrieved as distinct from whether it was acted
upon.

3.5.5 Interview environment

The enumerator finally records the number and type of bystanders (UP secretary, other ad-
ministrative subordinates, elected village representatives, other politicians, non-subordinate
bureaucrats, ordinary villagers), whether the union leader engaged with all questions, in-
terview duration, and—in T2 and T3—how interested the union leader was in the dash-
board. Bystander composition is a substantive covariate, not merely a quality check: a
union leader naming wells in front of the village representatives who lobbied for them
faces a different problem from one answering alone.

3.6 What Each Contrast Identifies

Table 3maps the arm contrasts to the parameters of interest. Two caveats are worth stating
in advance of the results.

First, the information contrasts bundle the dashboard with the salience of arsenic. In
6There may be other taxonomies added, depending on the leaders’ answers to the open-ended question.
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Table 3. Arm contrasts and target parameters

Contrast Target parameter Held fixed

T1 − Control Effect of arsenic-contingent incen-
tives

No dashboard

T3 − T2 Effect of arsenic-contingent incen-
tives

Dashboard provided

T2 − Control Effect of information (+salience
from knowledge test, see text)

Arsenic-neutral prize

T3 − T1 Effect of information (+salience
from knowledge test, see text)

Tournament prize

(T3 − T2) − (T1 − Control) Information × incentive interaction —

T2 and T3 the knowledge-ranking task precedes elicitation, so arsenic is made salient be-
fore the union leader chooses; in Control and T1 the aresnic tests are not administred until
afterwards (Table 2). T2 − Control and T3 − T1 therefore estimate the effect of the dash-
board plus the priming induced by being asked about contamination. Because the priming
is common to both information contrasts, the interaction is unaffected. Where we need to
isolate the dashboard more cleanly we will lean on T3 − T1, in which the tournament
disclosure has already made arsenic maximally salient in both arms and the marginal
salience contribution of the ranking task is smallest. We will report the information main
effect and the “dashboard plus salience” interpretation side by side rather than asserting
the narrower one.

Second, the outcome is a reported allocation, not an installed well. The lab-in-the-field
outcome measures preferences under a real but partial stake. Its external validity rests on
the truth-telling and tournament devices, on the credibility devices of Section 3.3.3, and
ultimately on the endline comparison with the allocations DPHE actually implements in
FY2026/27, which is where the administrative primary outcome is measured.

3.7 Randomization and Stratification

Randomization is at the union level, conducted in office in R with set.seed for repro-
ducibility, and assigns the 250 frame unions to five equal-sized groups: the four arms of
Table 1 plus a replacement pool. The set.seed used is 2026.

Strata are formed from two variables: the upazila, and the maximum gains of optimiza-
tion (i.e., the number of arsenic-exposed households reached under the “best allocation”
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minus that under the “worst allocation”). The latter is obtained from ARRP test results
(well type, field-kit arsenic results, recalibrated against DPHE laboratory analysis of a
random subsample). See Section 4.2 for how exactly the gains are calculated. For upazilas
with at least 10 unions we split the upazila’s unions at the median of the past-allocation
score, giving two strata per upazila; upazilas with fewer than 10 unions form a single stra-
tum. In the present frame 15 of the 23 upazilas have 10 or more unions, so this rule yields
15×2+8 = 38 strata. Stratifying on the past-allocation scorematters because it is the lagged
value of the outcome: unions that have historically allocated well have less headroom to
improve, and unstratified assignment would leave that headroom unbalanced.

The 50 replacement unions are placed in a pre-determined random order (the set.seed
is 20260716). When an active union attrits—the union leader is unavailable, refuses, or
the union fails the application-count screen—it is replaced by the next union in that order,
and the replacement is analyzed in the arm to which it was independently assigned. We
will report the number of replacements by arm and by attrition reason, and will verify
balance both on the intended 200 and on the realized 200.

3.8 Implementation Notes and Anticipated Deviations

1. Instrument version. The design above corresponds to the SurveyCTO form UP
Chairman intervention – July 2026 (up_chairman_intervention__july_2026),
variant “NoTwiceQuestions”. Preloaded server datasets are
active_200_unions_260716 (arm, incentive and dashboard flags by union),
Union_Mauza_Arsenic_HighMidLow and its long form (the three-mauza rank-
ing triples), and Mauza_List_For_All_Unions_CoverAllMauzas (residence and
childhood mauza lookups).

2. Connectivity. Where the dashboard is unreachable due to poor internet connection,
T2 and T3 chairmen receive the arsenic information as the printed table on the access
sheet. We will report the share of unions in this mode by arm and test whether
treatment effects differ across delivery modes.

3. Ineligible unions. Unions with five or fewer applications never reach the chairman-
facing modules. Because eligibility is determined by the union’s own application
flow rather than by anything we do, this screen is orthogonal to assignment in ex-
pectation; wewill nevertheless report screen-out rates by arm and test for differential
screening.

4. Enumerator effects. Enumerator identity is recorded. Because enumerators are not
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randomly assigned to unions, we will report robustness to enumerator fixed effects
and, given the fidelity requirements of the arm-specific scripts.

4 Outcomes

The experiment produces exactly one decision per union: the four applications the union
leader names as his preferred allocation (Section 3.5.3). All outcomes below are therefore
measured at the union level, with 𝑁 = 200, and the union is simultaneously the unit of
randomization, treatment and observation. This section first fixes the estimands and the
estimating equation (Section 4.1), which are common to every outcome defined below; it
then defines the primary outcome (Section 4.2) and the secondary outcomes (Section 4.3);
and it closes with a discussion on the statistical power, calculated using data on historical
allocation of wells in the 200 unions (Section 4.5). Table 4 collects the full list of outcomes.

The logic of the outcome set is as follows. The primary outcome asks whether the al-
location improved. The secondary outcomes decompose that answer into its two proxi-
mate channels—whether the arsenic information was absorbed (knowledge), and what
the union leader says he was trying to do (motivations)—and into the observable char-
acteristics of the mauzas he chose, which let us ask whether any improvement in arsenic
targeting came at the cost of other margins the literature associates with capture: wealth,
population, political return, and the union leader’s own village.

4.1 Empirical Specification

We will estimate the following model:

𝑌𝑖 = 𝛼 + 𝛽11{T1𝑖} + 𝛽21{T2𝑖} + 𝛽31{T3𝑖} + 𝛿𝑠(𝑖) + 𝑋′
𝑖𝜆 + 𝜀𝑖 (1)

where 𝑖 indexes unions, 𝛿𝑠(𝑖) are stratum fixed effects, and 𝑋𝑖 are the baseline characteris-
tics of the union leader, interview environment, and pre-intervention exposure and stan-
dard errors are heteroskedasticity-robust. We will also conduct randomization inference,
considering the relatively small sample size of our data. We also may pool the treatments
into Information𝑖 and Incentive𝑖 if the interaction terms are not statistically significant.

Considering the large spread of scores that could exist in some of the revealed outcomes,
we also plan to explore quantile regressions (Koenker and Bassett Jr, 1978) with the same
specification (1) to study effects concentrated in the tails of the distributions of the out-
comes.
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Table 4. Pre-specified outcomes

Outcome Level Source

Primary
Arsenic-exposure reduction score
of the elicited allocation, 𝑆𝑢

Union Elicitation × ARRP contamination
× application list

Secondary
Arsenic knowledge (Kendall’s 𝜏) Union Three-mauza ranking task

Self-described motivations for the
allocation

Union Open-ended, coded to fixed taxon-
omy

Mean arsenic contamination of cho-
sen mauzas

Union ARRP + ML downscaling

Mean household wealth, education
and other observables of chosen
mauzas

Union BBS Population and Housing Cen-
sus 2022

Mean population density of chosen
mauzas

Union BBS 2022

Political return to and pressure for
the allocation

Union Polling-station returns, most recent
national election

Choice of the union leader’s own
mauza

Union Elicitation + residence/childhood
mauza items

Pre-specified but measured at endline (not analyzed in this plan)
Arsenic-exposure reduction score
of the implemented FY2026/27 allo-
cation

Union DPHE administrative records

Notes: ARRP = Arsenic Risk Reduction Program, BBS = Bangladesh Bureau of Statistics. DPHE = De-
partment of Public Health Engineering. All outcomes are union-level; 𝑁 = 200. The primary outcome
and the mauza-characteristic secondary outcomes are constructed by merging the union leader’s four
named application numbers to the photographed application list (Section 3.5.2), from there to mauza
identifiers, and from there to the mauza-level data sources in the third column. The endline outcome
is defined here so that its construction is fixed in advance, but it is measured only after the FY2026/27
installation cycle completes and is not part of the analysis pre-specified in this plan.
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4.2 Primary Outcome: Arsenic-Exposure Reduction of the Elicited Al-
location

Definition. Fix a union 𝑢 with application pool 𝒥𝑢 , |𝒥𝑢 | = 𝐽𝑢 ≥ 6 by the eligibility
screen, and with a budget of 𝑘 = 4 wells set by DPHE policy for FY2026/27. Each ap-
plication 𝑗 ∈ 𝒥𝑢 names a prospective well site, which we map to a mauza 𝑚(𝑗), and
carries a recorded number of families the well would serve, 𝐹𝑗 , set at 20 for default and
changed upon the leader’s request. The 𝐹𝑗 is expressed as “Families served by the well”
in the column of the choice set (Figure 4b). Let 𝜋̂𝑚 ∈ [0, 1] denote the estimated share of
drinking-water wells inmauza𝑚 that are arsenic-unsafe, constructed fromARRP field-kit
readings recalibrated against DPHE laboratory analysis and, for untested mauzas, from
the random-forest downscaling described in Section 2.1. The number of arsenic-exposed
families reached by application 𝑗 is

𝑛 𝑗 = 𝐹𝑗 · 𝜋̂𝑚(𝑗). (2)

For an allocation 𝑎 ⊂ 𝒥𝑢 with |𝑎| = 𝑘, the benefit is 𝐵𝑢(𝑎) = ∑
𝑗∈𝑎 𝑛 𝑗 . Because the choice

set is finite and the budget fixed, the attainable range of 𝐵𝑢 is known exactly: writing
𝑛(1) ≥ 𝑛(2) ≥ · · · ≥ 𝑛(𝐽𝑢) for the order statistics of {𝑛 𝑗}𝑗∈𝒥𝑢 ,

𝐵max
𝑢 =

𝑘∑
𝑟=1

𝑛(𝑟), 𝐵min
𝑢 =

𝐽𝑢∑
𝑟=𝐽𝑢−𝑘+1

𝑛(𝑟). (3)

The primary outcome is the union leader’s realized allocation 𝑎𝑢 expressed as a position
in that range, in points:

𝑆𝑢 = 100 × 𝐵𝑢(𝑎𝑢) − 𝐵min
𝑢

𝐵max
𝑢 − 𝐵min

𝑢
∈ [0, 100]. (4)

𝑆𝑢 = 100 means the union leader selected the four applications that reach the largest num-
ber of arsenic-exposed families available to him; 𝑆𝑢 = 0 means he selected the four worst.
The MDEs in Table 6 are expressed in points of this score.

Why the normalization. Three considerations motivate scoring the allocation against
the union’s own attainable frontier rather than using the raw count 𝐵𝑢(𝑎𝑢). First, unions
differ enormously in contamination and in application volume, so the raw count is dom-
inated by variation in the choice set rather than by the quality of the choice; equation (4)
conditions that variation out by construction. Second, the normalized score is exactly the
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quantity the union leader is being asked tomove: it is bounded, it has awell-definedmaxi-
mum, and the counterfactual it embeds—what this union leader could have achieved from
this application pool—is the one over which he has authority. Third, the denominator of
𝑆𝑢 is the object used to stratify randomization, since the strata are formed from the gains
from optimization (Section 3.7). This makes the stratification precision-improving with
repsect to the outcome, rather than merely balancing.

The normalization also has a cost worth stating in advance. In T2 and T3 the dashboard
displays a score to the union leader while he chooses, and that score is built from the
same formula. Our primary outcome is thus, for treated chairmen, a quantity they can
see. This is intentional—the dashboard’s purpose is to make the objective legible—but it
means the information treatment effect on 𝑆𝑢 combines learning about contaminationwith
responding to a displayed target. We do not attempt to separate these two components
with the present design, and we will describe the estimated information effect in those
terms. The tournament effect is not subject to this concern in T1, where no score is ever
shown.

Degenerate andnear-degenerate denominators. Equation (4) is undefinedwhen 𝐵max
𝑢 =

𝐵min
𝑢 , which occurs only if every application in the pool reaches the same number of

arsenic-exposed families—in practice, when the whole union is estimated to be arsenic-
free (𝜋̂𝑚 = 0 for all mauzas in the pool). These unions do not occur in the sample. We
additionally report results excluding unions in the bottom decile of 𝐵max

𝑢 − 𝐵min
𝑢 , where

the score is a ratio of small numbers and is mechanically noisy.

4.3 Secondary Outcomes

Our secondary outcomes are the following.

1. Arsenic knowledge. Measured by the three-mauza ranking task of Section 3.5.4:
the union leader ranks a preloaded high /middle / low contamination triple drawn
from his own union, restricted to mauzas tested in the ARRP campaign so that the
truth against which he is scored is measured rather than imputed. The outcome is
Kendall’s 𝜏 between his ranking and the true ordering. With three items 𝜏 takes
four values, {−1,−1/3, 1/3, 1}, corresponding to zero, one, two or three concordant
pairs, so we also report two coarser andmore interpretable binaries: an indicator for
the ranking being exactly correct, and an indicator for correctly identifying the most
contaminated of the three. Measurement timing differs by arm and this is what
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the outcome is for. In Control and T1 the task is administered once, after elicita-
tion, and that single measurement is the post measurement. In T2 and T3 it is ad-
ministered twice on the same triple, before the dashboard is introduced and again
with the dashboard in hand. The post measurement tests whether the union leader
is capable of accessing the information and updating his understanding. The pre-
measurement exists only in T2 and T3 and we therefore use it as a heterogeneity
dimension (see the Heterogeneity section below) rather than as a covariate in the
pooled specification.

2. Self-described motivations for the allocation. Immediately after the four wells
are named, the union leader is asked, open-ended, what considerations entered his
choices. Responses are coded into the fixed taxonomy of Section 3.5.3. Each category
yields an indicator, and the water-quality indicator is the one of primary interest: it
tests whether the treatments change the stated objective and not only the chosen al-
location. We report the indicators separately and a standardized index of them.

3. Mean arsenic contamination of the chosen mauzas. The (population-weighted)
mean of 𝜋̂𝑚(𝑗) across the four named applications. This differs from the primary
outcome in dropping the families-served weighting and the within-union normal-
ization, and it therefore isolates the contamination margin from the size margin: a
union leader can raise the primary outcome either by choosing more contaminated
mauzas or by choosing larger ones, and this outcome, read alongside outcome 5,
separates the two.

4. Mean socio-economic characteristics of the chosen mauzas. Population-weighted
means, across the four named mauzas, of proxies for household wealth (e.g., house-
hold structure type), educational attainment, sectoral employment (agriculture /
industry / services) and religious composition, taken from the 2022 Population and
Housing Census conducted by the Bangladesh Bureau of Statistics. They are the
principal evidence on the distributional incidence of the treatments. Arsenic con-
tamination and poverty are not strongly correlated, so an intervention that succeeds
in raising arsenic targeting may simultaneously redirect wells away from poorer
mauzas; that possibility is somethingwewouldwant to detect and report, not some-
thing the primary outcome would reveal.

5. Mean population density of the chosen mauzas. Population-weighted mean den-
sity from the same census. Together with outcome 3, this decomposes movement in
the primary outcome into a contamination component and a population component.
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6. Political return to, and political pressure for, the allocation. Polling-station-level
vote margins in favor of the incumbent Bangladesh Nationalist Party (BNP) and
voter turnout in the most recent national election—the first held after the July 2024
student uprising— matched to mauzas via polling-station location, and averaged
across the four chosen mauzas. Where polling-station returns cannot be obtained in
practice we fall back to upazila-level results and use them as a driver of heteroge-
neous treatment effects rather than as an outcome, and wewill state clearly which of
the two is being reported. This outcome asks whether arsenic-based targeting dis-
places politically-based targeting, which is the mechanism the capture literature on
this setting emphasizes (van Geen et al., 2016; Mobarak and van Geen, 2019).

7. Choice of the union leader’s own mauza. An indicator for whether any of the four
named wells is sited in the mauza in which the union leader resides, elicited pre-
treatment in the characteristics battery (Section 3.5.1); we report the analogous in-
dicator for his childhood mauza, the count of named wells falling in either, and the
indicator restricted to the first-named well. This is the sharpest available test of self-
dealing, and it interacts informatively with the primary outcome: because the union
leader’s own mauza may itself be high-arsenic, we additionally report the indicator
separately for chairmen whose own mauza is above and below the union median
contamination, which distinguishes targeting from self-dealing that happens to look
like targeting.

8. Transformations of the primary outcome. These include:

(a) Unnormalized benefit. 𝐵𝑢(𝑎𝑢), the raw number of arsenic-exposed families
reached, in levels and in logs. This is the quantity a public-health planner cares
about, and it is the natural scale for an aggregate statement about what the
intervention would buy at national scale; it is not our primary outcome only
because its across-union variance is dominated by the choice set. We may also
log-transform the unnormalized benefit and the arsenic concentration levels to
deal with outliers.

(b) Order-weighted score. The union leader names the wells in order, first through
fourth.7 We recompute 𝑆𝑢 weighting the named applications 4, 3, 2, 1 and
renormalizing 𝐵max

𝑢 and 𝐵min
𝑢 with the same weights. Under the lottery de-

vice in Control and T2, one of the four is installed at random and the order is
payoff-irrelevant, so any treatment effect on the order-weighted score in excess

7For example, the first well is given in response to the question “which well would the chairman like to
install first?” The second well is a response to the question “which well would the chairman like to install
second?” and so on.
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of the effect on 𝑆𝑢 is informative about how the union leader ranks rather than
only about which set he names.

(c) Top-choice score. The score of the first-namedwell alone, 100×(𝑛 𝑗1 −𝑛(𝐽𝑢))/(𝑛(1)−
𝑛(𝐽𝑢)), which isolates the single choice least contaminated by list-completion be-
havior.

The ordering of the secondary outcomes in the enumeration above is the descending
priority order used there and is fixed by this plan.

Table 5. Shell: secondary outcomes

(1) (2) (3) (4) (5)
Knowledge Water-quality Mean Wealth Own

(𝜏) motivation arsenic index mauza

𝛽1 (incentive) — — — — —
𝛽2 (information) — — — — —
𝛽3 (incentive and information) — — — — —

Control mean — — — — —
Observations 200 200 200 200 200

Notes: Table shell fixed in advance; one column per secondary-outcome family, with the remaining
families (population density, political return) and the individual components of each index relegated
to an appendix table of the same form. Estimation is by equation (1) with stratum fixed effects and
heteroskedasticity-robust standard errors, and rows are the linear combinations in equation (??). Col-
umn (1) uses the post measurement, which exists in all four arms; the T2/T3 pre measurement enters
only as a heterogeneity dimension.

4.4 Additional Measures Recorded, Not Pre-Specified as Outcomes

Three further sets of measures are collected and will be reported descriptively. We list
them here so that their status is unambiguous: they are not confirmatory outcomes and
no hypothesis test on them enters the multiple-comparisons hierarchy.

1. Dashboard engagement. Credential-level usage of the dashboard is logged in real time
and archived on the server (Section 3.2), and the enumerator records how interested
the union leader appeared in the dashboard. Post-visit logins are the only available
evidence on whether the information persists beyond the interview. Because logins
are only defined for T2 and T3, they support no across-arm test and are reported as
a description of take-up.
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2. Fidelity and delivery mode. Whether the union operated in the no-connectivity mode
(Section 3.8). This enter as potential drivers of heterogeneity and robustness vari-
ables.

3. Interview environment. Bystander count and composition, whether the union leader
engaged with all questions, and interview duration (Section 3.5.5). Bystander com-
position is post-treatment in the weak sense that it is recorded at the end of the visit,
so we use it descriptively and, where we condition on it, we report the unconditional
estimate alongside.

4.5 Statistical Power

Power is computed for the estimands of Section 4.1, measured on the primary outcome of
Section 4.2 and estimated by the saturated specification of equation (1); no new specifica-
tion is introduced here.

Placebo re-randomization. Rather than impose an analytic variance, we compute stan-
dard errors under the design itself. We draw the treatment assignment 𝐾 = 500 times
using the actual randomization routine over the real 250-union frame with its strata and
allocation ratio, estimate equation (1) on each drawusing the score implied by unions’ past
allocations as a placebo outcome, and average the standard error of each contrast across
draws. The minimum detectable effect is then

MDE(𝐿) = (
𝑡1−𝛼/2, df + 𝑡𝜅, df

) · SE(𝐿′𝑏), (5)

with 𝛼 = 0.05 (two-sided), 𝜅 = 0.80, and degrees of freedom net of the estimated co-
efficients and the absorbed strata. This procedure prices in the stratification, the allo-
cation ratio and the residual variance of the actual sampling frame, which the standard√

2(𝑇 + 1)/𝑁 expression doesn’t easily accommodate.

Results. Table 6 suggests that the MDE for the 𝛽1, 𝛽2, and 𝛽3 terms under the balanced
distribution of cell sis 13.92, which is around 58.9% of the baseline SD (23.61) and 23.9%
of the baseline mean (58.04).
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Table 6. Minimum detectable effects by estimand and allocation

Balanced
Estimand [50/50/50/50]

𝛽1 (just incentive) 13.92
𝛽2 (just information) 13.92
𝛽3 (information and interaction) 13.92

Notes: Entries are minimum detectable effects in points of the primary targeting score, at 80% power
and a 5% two-sided test, computed from equation (5) and averaged over 𝐾 = 500 placebo re-
randomizations of the real 250-union frame with 𝑁 = 200 surveyed unions. Bracketed figures give
the number of unions assigned to Control/T1/T2/T3.

5 Heterogeneity

We will combine two different machine learning models, the generalized random forest
(GRF, Wager and Athey, 2018) and the DR-Learner (Kennedy, 2023) to flexibly estimate
the conditional average treatment effect (CATE) of the treatment. We first summarize the
different potential drivers of heterogeneous treatment effects, and discuss the statistical
procedures used in obtaining the CATE estimates.

5.1 Potential drivers of heterogeneity

We use the following characteristics as potential drivers of heterogeneous treatment ef-
fects:

1. Union leader’s prior exposure to arsenic. The baseline survey that accompanies
the lab-in-the-field experiment collects information on multiple union leader char-
acteristics. In particular, we hypothesize that (1) whether union leader resides in the
union, (2) union leader’s tenure in his position, (3) whether union leader spent his
childhood in the union, (4) union leader’s baseline knowledge of themauzas’ arsenic
status, (5) the number of DPHE well applications possessed by the leader, and (6)
the leader’s education levels could be potential drivers of the leader’s response to
novel information on information on water quality to his decisions.

2. Union leader’s political aspirations and potential for elite capture. As previously
discussed, DPHE wells are coveted possessions that are subject to intense political
pressure. Thus, we assess the heterogeneity of the information and incentives’ im-
pacts with respect to the leader’s political aspirations and different aspects of the
political calculus, such as (1) the union leader’s plans on the upcoming union leader
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election, (2) the union’s (and its subsidiarymauza’s) vote returns and turnouts in the
most recent national parliamentary election, (3) themodality of the leader’s appoint-
ment to his post (e.g., elected from a general election before the JulyUprising, elected
among his peers after the July Uprising), and (4) other proxies of pre-existing elite
capture (e.g., the scores of prior DPHE well installations in the union, the absolute
number of DPHE well installations).

3. Survey environment. In rural Bangladesh, union leaders work in a highly public
environment where villagers and their representatives freely enter the chairperson’s
office with inquiries and requests. The lab-in-the-field experiment also took place
within such public contexts, and we posit that the composition and number of the
bystanders in the office as the survey was conducted could drive the response to
changes in information and in incentives. The collected data include (1) the num-
ber of bystanders, (2) the existence of villager representatives, (3) the existence of
ordinary villagers, (4) the subjective attentiveness of the union leader, and (5) the
duration of the interview, in minutes.

5.2 Statistical procedures for heterogeneity analysis

5.2.1 Generalized Random Forests and R-learner

The above list presents a vector of variables 𝑋𝑖 that could drive the heterogeneity in the
treatment effect of our intervention. In practice, the different elements of𝑋𝑖 will likely have
strong interactive and nonlinear relationship in driving the conditional expectation of the
observed outcome. For example, a union leader with strong political aspirations (driver
type #2) may show stronger responsiveness to the information treatment if more villagers
are observing the lab-in-the-field experiment (driver type #3). Under such circumstances,
machine learning based methods, such as random forests (Basu et al., 2018), can be used
to flexibly model the outcome model and estimate the CATE.

Further, note that the experimental characteristic of our intervention provides us with a
known propensity score. While some descriptions of the GRF/R-learner and DR-learner
below (the twoML approaches thatwewill be using)may refer to propensity scoremodels
for completeness, wewill not be estimating the propensity scoremodel. Wemay, however,
refer to our own computed propensity score models to understand how changes in the
probability of treatment would alter the estimates of CATE and ATE in general.

The Generalized Random Forest (GRF), first developed in Athey et al. (2019), present an
empirical approach for adopting machine learning methods for causal estimates. To fix
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ideas, we discuss the estimation approach under a binary treatment first–and then apply
it to a multi-treatment arm case following Nie andWager (2021). Our estimand of interest
is CATE, defined as following under binary treatment:

𝜏(𝑥) = E[𝑌(1)
𝑖 − 𝑌(0)

𝑖 |𝑋𝑖 = 𝑥] (6)

where𝑌(1)
𝑖 and𝑌(0)

𝑖 are the potential outcomes for union leader 𝑖, under treatment and con-
trol assignment, respectively. When𝑊𝑖 ∈ {0, 1} represents the treatment status of union
𝑖, its CATE can be expressed as follows using the Robinson (1988) partial linearization8

(Robins, 2004):

𝜏(𝑋𝑖) = arg min
𝜏

{
E
(
[{𝑌𝑖 − 𝑚(𝑋𝑖)} − {𝑊𝑖 − 𝑒(𝑋𝑖)} 𝜏(𝑋𝑖)]2

)}
(7)

where 𝑚(𝑥) is the conditional expectation of the outcome given 𝑋𝑖 = 𝑥, and 𝑒(𝑥) the
propensity score (i.e., probability of treatment). In finite samples, the estimates of this
𝜏(𝑋𝑖) can be obtained from R-learner (Nie and Wager, 2021), which takes two steps:

1. Divide the data into 𝑄 folds, and estimate 𝑚̂ and 𝑒 models using machine learning-
basedmethods. As alluded to above, wewill not be training the 𝑒 model in practice–
as the propensity scores are already known from our experiment design. But we
retain 𝑒 notation for completeness.

2. Estimate the CATE by minimizing the following:

𝜏̂(𝑋𝑖) = arg min
𝜏

[
𝐿̂𝑛(𝜏(𝑋𝑖)) +Λ𝑛(𝜏(𝑋𝑖))

]
where Λ𝑛(𝜏)) is a “penalty function” preventing overfitting, obtained over the sam-
ple 𝑖 = 1, . . . , 𝑛, and 𝐿̂𝑛 is the mean prediction error

𝐿̂𝑛 =
1
𝑛

𝑛∑
𝑖=1

[{
𝑌𝑖 − 𝑚̂−𝑞(𝑖)(𝑋𝑖)

} − {
𝑊𝑖 − 𝑒−𝑞(𝑖)(𝑋𝑖)

}
𝜏(𝑋𝑖)

]2

8To be precise, this formulation comes from the fact that the revealed outcome for a unit 𝑖 with covaraite
𝑋𝑖 and treatment status𝑊𝑖 can be expressed as

𝑌𝑖 = 𝜇0(𝑋𝑖) +𝑊𝑖𝜏(𝑋𝑖) + 𝜀𝑖

Under conditional mean outcome 𝑚(𝑥) = E[𝑌|𝑋 = 𝑥] and propensity model 𝑒(𝑥) = E[𝑊 |𝑋 = 𝑥), we have
the following moment condition:

E[(𝑊 − 𝑒(𝑥))(𝑌 − 𝑚(𝑥)) − (𝑊 − 𝑒(𝑋))𝜏(𝑋)|𝑋 = 𝑥] = 0
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where 𝑒−𝑞(𝑖) and 𝑚̂−𝑞(𝑖) are models trained on folds that the unit 𝑖 does not belong to
(cross-fitting).

Under multiple treatment arms (in our case with 𝑘 = 3 potential treatments), the treat-
ment status𝑊 can now be defined in a 𝑘 dimensional space as𝑊 ∈ {0, 1}𝑘 . The first step is
identical, where the outcome model 𝑚̂ and propensity score model 𝑒 are trained on folds.
The difference is that the outcome model 𝑚̂ is trained on the predictor vector 𝑋𝑖 and the
vector of treatments𝑊𝑖 ∈ {0, 1}𝑘 , while the propensity score model is a vector 𝑒(𝑋𝑖) ∈ R𝑘 .
The second step is (Nie and Wager, 2021):

𝜏̂(𝑋𝑖) = arg min
𝜏

[
1
𝑛

𝑛∑
𝑖=1

[{
𝑌𝑖 − 𝑚̂−𝑞(𝑖)(𝑋𝑖)

} − ⟨
𝑊𝑖 − 𝑒−𝑞(𝑖)(𝑋𝑖), 𝜏(𝑋𝑖)

⟩]2 +Λ𝑛(𝜏(𝑋𝑖))
]

(8)

where the squared bracket refers to the inner product. Note that the 𝜏̂(𝑋𝑖) is a 𝑘-dimensional
vector for each 𝑖, and the minimization is being conducted over the 𝑘 × 𝑘 dimensions.

In practice, the randomization of treatment in our context simplifies the procedure, as the
propensity scores are known and 𝑚̂ is the only quantity that needs to be estimated. We
will refer to regression random forests for the 𝑚̂ model, with tuning parameters defined
using cross-validation exercises (with out-of-bag RMSE as the measure of accuracy). The
random forest model will adopt honesty in node splits and leaf populations. To the extent
that the GRF models do not allow categorical predictors, such predictors will be either
dropped (for not ordered factor variables) or converted to numerical values, if they are
ordered (e.g., education levels). The CATE will be estimated for individual union leaders,
and its standard errors obtained using the out-of-bag predictions. A plot comparing the
CATE estimates (with standard errors) against different 𝑋𝑖 values and their combinations
(to identify interactions) will be generated. These processes are native to the grf package.

5.2.2 DR-learner

TheDR-learner (Kennedy, 2023) builds on theR-learner approach (Nie andWager, 2021) to
construct AIPW pseduo-outcome for individual units 𝑖. For binary treatments𝑊𝑖 ∈ {0, 1},
the AIPW pseudo outcome is

𝜑̂(𝑋𝑖 ,𝑊𝑖 , 𝑌𝑖) = 𝜇̂1(𝑋𝑖) − 𝜇̂0(𝑋𝑖) + 𝑊𝑖 − 𝑒(𝑋𝑖)
𝑒(𝑋𝑖)(1 − 𝑒(𝑋𝑖))(𝑌𝑖 − 𝜇̂𝑊𝑖 (𝑋𝑖)) (9)

where 𝜇̂1(𝑋𝑖) = Ê[𝑌|𝑊 = 1, 𝑋𝑖] is the conditional expectation of the outcome under treat-
ment, 𝜇̂0(𝑋𝑖) is the same but for control, 𝑒 the propensity score, and 𝜇̂𝑊𝑖 (𝑋𝑖) the conditional
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expectation of the outcomeunder the observed treatment assignment. Note that theAIPW
psuedo-outcome (9) is similar to the Robins partial linearization formulation (7) but has a
“doubly robust” characteristic where mis-specification in either the outcome model or the
propensity score model still leads to unbiased estimates.

To be concrete, the three-step process of DR-learner is (Algorithm 1, Kennedy, 2023)9:

1. Split the sample into two folds, (𝐷𝑛
1 , 𝐷

𝑛
2 ), and estimate the 𝜇̂1(𝑋𝑖) and 𝜇̂0(𝑋𝑖)models

for the 𝐷𝑛
1 sample.

2. Use the 𝐷𝑛
1 -estimated 𝜇̂models to calculate the pseudo-outcome model (9) for sam-

ples in 𝐷𝑛
2 . Then, regress the 𝜑̂ in 𝐷𝑛

2 sample against the covariates 𝑋. Use the
regression model fitted to the 𝐷𝑛

2 sample to obtain:

𝜏̂𝑑𝑟(𝑥) = Ê𝑛
[
𝜑(𝑋𝑖 ,𝑊𝑖 , 𝑌𝑖)

]
3. Carry out the same process but using 𝐷𝑛

2 as the data set for nuisance model estima-
tion, and 𝐷𝑛

1 the regression sample used for obtaining the 𝜏̂𝑑𝑟(𝑥) function. Take the
average of the 𝜏̂𝑑𝑟(𝑥), one from the 𝐷𝑛

2 model and another from 𝐷𝑛
1 model, as the

CATE estimate.

Theorem 2 of Kennedy (2023) shows that the DR-learner estimates will achieve oracle ef-
ficiency if (1) the second-stage regression estimator is “stable,” and (2) either the outcome
model or the propensity scoremodel are unbiased (doubly robust).10 The second assump-
tion is trivially satisfied for randomized control trials.

While the mutli-treatment arm version of the DR-learner approach is not discussed ex-
plicitly in Kennedy (2023), we build on the Nie and Wager (2021) approach to the multi-
dimensional treatment problem to take the following steps, where𝑊𝑖 ∈ {0, 1}3:11

1. Split the sample into two folds, (𝐷𝑛
1 , 𝐷

𝑛
2 ), and using 𝐷𝑛

1 samples, estimate the out-
come models 𝜇̂𝑘(𝑋𝑖) for 𝑘 = {T1, T2, T3} and 𝜇̂0(𝑋𝑖) for the control samples.

2. Using the 𝜇̂𝑘(𝑋𝑖) models from 𝐷𝑛
1 , compute for each individual 𝑖 in 𝐷𝑛

2 sample, and
for all 𝑘 ∈ {T1, T2, T3} the multi-treatment pseudo-outcome :

𝜑̂𝑖 ,𝑘 = 𝜇̂𝑘(𝑋𝑖) − 𝜇̂0(𝑋𝑖) + 1[𝑊𝑖 = 𝑘]
𝜋𝑘

(𝑌𝑖 − 𝜇̂𝑘(𝑋𝑖)) − 1[𝑊𝑖 = 0]
𝜋0

(𝑌𝑖 − 𝜇̂0(𝑋𝑖)) (10)

9Here we skip discussions on the estimation of the propensity score model, as the propensity score is
known.

10Note that in Theorem 2 of Kennedy (2023) this is expressed as 𝑑(𝜑̂, 𝜑) 𝑝−→ 0.
11For example, for the control arm the𝑊𝑖 = (0, 0, 0), for T2 arm𝑊𝑖 = (0, 1, 0), for T3 arm𝑊𝑖 = (0, 0, 1).
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𝜋𝑘 is the known propensity score (identical for all units) for treatment 𝑘, and 𝜋0 the
probability of being assigned to the control group. Run three separate regressions,
one for each 𝑘, using the 𝐷𝑛

2 pseudo-outcomes. This will yield the 𝜏𝑑𝑟 model (using
𝐷𝑛

1 as the source of nuisance models, and 𝐷𝑛
2 as the source of the regression model):

𝜏̂𝑑𝑟,𝑘(𝑥) = Ê𝑛
[
𝜑𝑘 |𝑋𝑖

]
3. Do the same but using 𝐷𝑛

2 as the source of nuisance models and 𝐷𝑛
1 as the source of

the regression model. This will yield another 𝜏̂𝑑𝑟,𝑘 model; take the average of the two
𝜏̂𝑑𝑟,𝑘 models as the CATE estimate for 𝑖, where the comparison is treatment 𝑘 versus
control (as implied in the 𝜇̂0(𝑋𝑖) term in (10)).

As in the GRF/R-learner case, we will use random forest model with real-valued predic-
tors as the source of the mean outcome model.
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Appendix

A Notification letters for Union Parishad Chairpersons

A.1 Control group

শৰ্েদ্ধয় ইউিনয়ন পিরষদ েচয়ারময্ান,

আপনার সদয় অবগিতর জনয্ জানােনা যােচ্ছ, “Improving State Effectiveness in Arsenic Risk Mitiga-
tion” (আেসর্িনক ঝুঁিক পৰ্শমেন রাষ্টৰ্ীয় কাযর্কািরতা বৃিদ্ধ) শীষর্ক গেবষণার জনয্ আপিন (ইউিনয়ন পিরষদ) ৈদবচয়ন
পদ্ধিতেত (randomly) িনবর্ািচত হেয়েছন। গেবষণা পৰ্কল্পিট এনিজও েফারাম ফর পাবিলক েহলথ (NGO Forum
for Public Health), জনসব্াস্থয্ পৰ্েকৗশল অিধদপ্তর (DPHE), ঢাকা িবশব্িবদয্ালয়, যুক্তরােষ্টৰ্র কলিমব্য়া িবশব্িবদয্ালয়
এবং যুক্তরােষ্টৰ্র িমিশগান েস্টট িবশব্িবদয্ালেয়র েযৗথ অংশীদািরেতব্ বাস্তবািয়ত হেচ্ছ।

এই গেবষণার মূল উেদ্দশয্ হেলা—ইউিনয়ন পিরষদ েচয়ারময্ান িকভােব জনসব্াস্থয্ পৰ্েকৗশল অিধদপ্তেরর (DPHE)
নলকূপ স্থাপেনর মাধয্েম তাঁেদর এলাকার জনগেণর জনয্ িনরাপদ ও িবশুদ্ধ খাবার পািনর বয্বস্থা করেত পােরন, তা
িবশদভােব েবাঝা। আপিন সম্পৰ্িত েয জিরপিটেত (survey) অংশ িনেয়েছন—েসখােন আপনার কােছ এই অথর্বছের
(২০২৬/২৭ অথর্বছর) নলকূপ স্থাপন করেত চান এমন আেবদেনর তািলকা চাওয়া হেয়েছ যা ইউিনয়ন পিরষেদর
েচয়ারময্ানেদর িসদ্ধান্ত গৰ্হেণর পৰ্িকৰ্য়ািট েবাঝার জনয্ িবেশষভােব ৈতির করা হেয়েছ।

আমােদর এই গেবষণায় অংশগৰ্হণ করার জনয্ কৃতজ্ঞতার িনদশর্নসব্রূপ, আমরা আপনােক একিট "বরাদ্দকৃত
নলকূপ" (allocated well) পৰ্ািপ্তেত সহায়তা করেত চাই । আপিন যিদ এই "বরাদ্দকৃত নলকূপ"িট পান, তেব
আপনার পছন্দকৃত ৪ িট তািলকা েথেক ৈদবচয়েনর (randomly) মাধয্েম একিট নলকূপ আমরা সমূ্পণর্ িবনামূেলয্
স্থাপন কের েদব।

আমরা আন্তিরকভােব দুঃিখত েয, সীিমত সম্পেদর কারেণ সকল ইউিনয়ন পিরষদেক এই "বরাদ্দকৃত নলকূপ" েদওয়া
সম্ভব হেচ্ছ না। তাই িনরেপক্ষতা, নয্াযয্তা ও সব্চ্ছতা িনিশ্চত করার লেক্ষয্, েকান েকান েচয়ারময্ান এই "বরাদ্দকৃত
নলকূপ" পােবন তা িনধর্ারেণর জনয্ একিট লটািরর আেয়াজন করা হেব। এই লটািরিট ২০২৬ সােলর ৩১েশ আগস্ট
এর মেধয্ অনুিষ্ঠত হেব এবং এিট েরকডর্ করা হেব। েরকডর্কৃত িভিডওর সমূ্পণর্ অপিরবিতর্ত (unedited) সংস্করণিট
জনসাধারেণর জনয্ উনু্মক্ত করা হেব।

এই গেবষণা সংকৰ্ান্ত েযেকােনা পৰ্শ্ন বা িজজ্ঞাসার জনয্ অনুগৰ্হ কের এনিজও েফারাম ফর পাবিলক েহলথ-এর
গেবষণা সহেযাগী জনাব মীর আবু রায়হােনর সােথ (েমাবাইলঃ ০১৯১২৮১০৪৭৪) েযাগােযাগ করুন।

িবনীত িনেবদক,

………………

েমাঃ আহসান হািবব, িপএইচিড, এনিজও েফারাম ফর পাবিলক েহলথ
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Respected Union Parishad Chairman,

For your kind information, you (the Union Parishad) have been randomly selected for the
research titled ”Improving State Effectiveness in Arsenic Risk Mitigation”. The research
project is being implemented in a joint partnershipwith theNGOForum for PublicHealth,
the Department of Public Health Engineering (DPHE), Dhaka University, Columbia Uni-
versity in the USA, and Michigan State University in the USA.

The main objective of this research is to understand in detail how the Union Parishad
Chairman can arrange safe and pure drinking water for the people of their area through
the installation of tubewells by the Department of Public Health Engineering (DPHE).
In the survey you recently participated in, you were asked for a list of applications for
installing tubewells in this financial year (2026/27 financial year), which was specially
designed to understand the decision-making process of Union Parishad Chairmen.

As a token of gratitude for participating in our research, we would like to assist you
in receiving an ”allocated well”. If you receive this ”allocated well”, we will install one
tubewell completely free of cost, chosen randomly from your preferred list of 4.

We are sincerely sorry that due to limited resources, it is not possible to provide this ”al-
located well” to all Union Parishads. Therefore, to ensure neutrality, fairness, and trans-
parency, a lottery will be organized to determine which Chairmen will receive this ”al-
located well”. This lottery will be held by August 31, 2026, and it will be recorded. The
completely unedited version of the recorded video will be made open to the public.

For any questions or queries regarding this research, please contact Mr. Mir Abu Raihan,
Research Associate of the NGO Forum for Public Health (Mobile: 01912810474).

Yours sincerely,

....................

Md. Ahsan Habib, PhD, NGO Forum for Public Health
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A.2 T1 group

সম্মািনত ইউিনয়ন পিরষদ েচয়ারময্ান মেহাদয়,

আপনার সদয় অবগিতর জনয্ জানােনা যােচ্ছ, “Improving State Effectiveness in Arsenic Risk Mitiga-
tion” (আেসর্িনক ঝুঁিক পৰ্শমেন রাষ্টৰ্ীয় কাযর্কািরতা বৃিদ্ধ) শীষর্ক গেবষণার জনয্ আপিন (ইউিনয়ন পিরষদ) ৈদবচয়ন
পদ্ধিতেত (randomly) িনবর্ািচত হেয়েছন। গেবষণা পৰ্কল্পিট এনিজও েফারাম ফর পাবিলক েহলথ (NGO Forum
for Public Health), জনসব্াস্থয্ পৰ্েকৗশল অিধদপ্তর (DPHE), ঢাকা িবশব্িবদয্ালয়, যুক্তরােষ্টৰ্র কলিমব্য়া িবশব্িবদয্ালয়
এবং যুক্তরােষ্টৰ্র িমিশগান েস্টট িবশব্িবদয্ালেয়র েযৗথ অংশীদািরেতব্ বাস্তবািয়ত হেচ্ছ।

এই গেবষণার মূল উেদ্দশয্ হেলা জনসব্াস্থয্ পৰ্েকৗশল অিধদপ্তেরর (DPHE) িটউবওেয়ল স্থাপেনর মাধয্েম ইউিনয়ন
পিরষেদর েচয়ারময্ানরা কীভােব িনজ এলাকার জনগণেক িনরাপদ ও িবশুদ্ধ পানীয় জল সরবরাহ করেত পােরন,
তা েবাঝা। আপিন েয জিরেপ অংশ িনেয়েছন—েসখােন চলিত অথর্বছের (২০২৬/২৭) স্থাপেনর জনয্ আপনার
চািহদানুযায়ী িটউবওেয়েলর একিট তািলকা চাওয়া হেয়েছ—েসিট মূলত ইউিনয়ন পিরষেদর েচয়ারময্ানেদর িসদ্ধান্ত
গৰ্হেণর পৰ্িকৰ্য়ািট েবাঝার জনয্ই ৈতির করা হেয়েছ।

আমােদর এই কাযর্কৰ্েম আপনার অংশগৰ্হেণর পৰ্িত কৃতজ্ঞতা সব্রূপ, আমরা আপনােক একিট "েবানাস িটউবওেয়ল
(Bonus well)" পৰ্ািপ্তেত সহায়তা করেত চাই। আপিন যিদ "েবানাস িটউবওেয়লিট" পান, তেব আপনার ইউিনয়েনর
আওতাধীন েযেকােনা গৰ্ােমর েযেকােনা সুিবধােভাগীর জনয্ একিট গভীর নলকূপ (deep tubewell) স্থাপেনর সুেযাগ
পােবন। এই েবানাস িটউবওেয়লিট আপনার িনবর্ািচত িটউবওেয়লগুেলার তািলকা েথেক হেত হেব এমন েকােনা
বাধয্বাধকতা েনই, এমনিক আপনার কােছ জমাকৃত আেবদনগুেলার মধয্ েথেক নাও হেত পাের।

আপনার ইউিনয়েনর সবেচেয় েবিশ আেসর্িনক দূিষত েমৗজাগুেলা শনাক্ত করার েক্ষেতৰ্ িনেজেদর সক্ষমতা পৰ্মাণকারী
শীষর্ ৩ জন ইউিনয়ন পিরষদ েচয়ারময্ানেক এই "েবানাস িটউবওেয়ল" পৰ্দান করা হেব। আেসর্িনেকর মাতৰ্া সম্পেকর্
আপনার ধারণা যাচাই করার জনয্ আমরা িডিপএইচই (DPHE)-এর সহেযািগতায় ৈতির করা েমৗজা-িভিত্তক আেসর্িনক
দূষণ মাতৰ্ার একিট েডটােসট বয্বহার করব। জিরপ েশেষ আগামী ৩১ আগস্ট, ২০২৬ এর মেধয্ আপনােদর েস্কার
িহসাব করা হেব। সমূ্পণর্ সব্চ্ছতার সব্ােথর্ েস্কােরর পূণর্াঙ্গ তািলকা এবং ৩ জন িবজয়ীর নাম অংশগৰ্হণকারী সকল
ইউিনয়ন পিরষদ েচয়ারময্ানেক জািনেয় েদওয়া হেব।

এই গেবষণা সংকৰ্ান্ত েযেকােনা পৰ্শ্ন বা িজজ্ঞাসার জনয্ অনুগৰ্হ কের এনিজও েফারাম ফর পাবিলক েহলথ-এর
গেবষণা সহেযাগী জনাব মীর আবু রায়হােনর সােথ (েমাবাইলঃ ০১৯১২৮১০৪৭৪) েযাগােযাগ করুন।

িবনীত িনেবদক,

………………

েমাঃ আহসান হািবব, িপএইচিড, এনিজও েফারাম ফর পাবিলক েহলথ
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Respected Union Parishad Chairman Sir,

For your kind information, you (the Union Parishad) have been randomly selected for the
research titled ”Improving State Effectiveness in Arsenic Risk Mitigation”. The research
project is being implemented in a joint partnershipwith theNGOForum for PublicHealth,
the Department of Public Health Engineering (DPHE), Dhaka University, Columbia Uni-
versity in the USA, and Michigan State University in the USA.

The main objective of this research is to understand how Union Parishad Chairmen can
supply safe and pure drinking water to the people of their respective areas through the
installation of tubewells by the Department of Public Health Engineering (DPHE). The
survey you participated in—where a list of tubewells as per your demand for installation
in the current financial year (2026/27) was requested—was primarily designed to under-
stand the decision-making process of Union Parishad Chairmen.

As a token of gratitude for your participation in our program, we would like to assist
you in receiving a ”Bonus well”. If you receive this ”Bonus tubewell”, you will get the
opportunity to install one deep tubewell for any beneficiary in any village under your
Union. There is no obligation that this bonus tubewell must be from your selected list of
tubewells, and it might not even be from among the applications submitted to you.

This ”Bonus tubewell” will be awarded to the top 3 Union Parishad Chairmenwho prove
their capability in identifying the most arsenic-contaminated mouzas in their Union. To
verify your knowledge about arsenic levels, we will use a mouza-based arsenic contami-
nation level dataset created in collaboration with DPHE. After the survey, your scores will
be calculated by August 31, 2026. For the sake of complete transparency, the full list of
scores and the names of the 3 winners will be communicated to all participating Union
Parishad Chairmen.

For any questions or queries regarding this research, please contact Mr. Mir Abu Raihan,
Research Associate of the NGO Forum for Public Health (Mobile: 01912810474).

Yours sincerely,

....................

Md. Ahsan Habib, PhD, NGO Forum for Public Health
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A.3 T2 group

সম্মািনত ইউিনয়ন পিরষদ েচয়ারময্ান মেহাদয়,

আপনার সদয় অবগিতর জনয্ জানােনা যােচ্ছ, “Improving State Effectiveness in Arsenic Risk Mitiga-
tion” (আেসর্িনক ঝুঁিক পৰ্শমেন রাষ্টৰ্ীয় কাযর্কািরতা বৃিদ্ধ) শীষর্ক গেবষণার জনয্ আপিন (ইউিনয়ন পিরষদ) ৈদবচয়ন
পদ্ধিতেত (randomly) িনবর্ািচত হেয়েছন। গেবষণা পৰ্কল্পিট এনিজও েফারাম ফর পাবিলক েহলথ (NGO Forum
for Public Health), জনসব্াস্থয্ পৰ্েকৗশল অিধদপ্তর (DPHE), ঢাকা িবশব্িবদয্ালয়, যুক্তরােষ্টৰ্র কলিমব্য়া িবশব্িবদয্ালয়
এবং যুক্তরােষ্টৰ্র িমিশগান েস্টট িবশব্িবদয্ালেয়র েযৗথ অংশীদািরেতব্ বাস্তবািয়ত হেচ্ছ।

এই গেবষণার মূল উেদ্দশয্ হেলা জনসব্াস্থয্ পৰ্েকৗশল অিধদপ্তেরর (DPHE) িটউবওেয়ল স্থাপেনর মাধয্েম ইউিনয়ন
পিরষেদর েচয়ারময্ানরা কীভােব িনজ এলাকার জনগণেক িনরাপদ ও িবশুদ্ধ পানীয় জল সরবরাহ করেত পােরন,
তা েবাঝা। আপিন েয জিরেপ অংশ িনেয়েছন—েসখােন চলিত অথর্বছের (২০২৬/২৭) স্থাপেনর জনয্ আপনার
চািহদানুযায়ী িটউবওেয়েলর একিট তািলকা চাওয়া হেয়েছ—েসিট মূলত ইউিনয়ন পিরষেদর েচয়ারময্ানেদর িসদ্ধান্ত
গৰ্হেণর পৰ্িকৰ্য়ািট েবাঝার জনয্ই ৈতির করা হেয়েছ। পাশাপািশ, ‘আেসর্িনক ইনফরেমশন ডয্াশেবাডর্’-এর সােথ
আপনােক পিরিচত করােনা হেয়েছ, এিটও আপনােদর সিঠক িসদ্ধান্ত গৰ্হেণ সহায়তা করার জনয্ ৈতির করা।

আমােদর এই গেবষণায় অংশগৰ্হণ করার জনয্ কৃতজ্ঞতার িনদশর্নসব্রূপ, আমরা আপনােক একিট "বরাদ্দকৃত
নলকূপ" (allocated well) পৰ্ািপ্তেত সহায়তা করেত চাই । লটািরর মাধয্েম আপিন যিদ এই "বরাদ্দকৃত িটউবওেয়লিট"
পান, তেব আপনার িনবর্ািচত িটউবওেয়লগুেলার তািলকা েথেক েযেকােনা একিট িটউবওেয়ল [ৈদবচয়েনর (ran-
domly) মাধয্েম] আমরা সমূ্পণর্ িবনামূেলয্ স্থাপন কের েদব।

আমরা আন্তিরকভােব দুঃিখত েয, সীিমত সম্পেদর কারেণ আমােদর পেক্ষ সকল ইউিনয়ন পিরষেদর েচয়ারময্ানেক
এই "বরাদ্দকৃত িটউবওেয়ল" েদওয়া সম্ভব হেচ্ছ না। তাই িনরেপক্ষতা, নয্াযয্তা ও সব্চ্ছতা িনিশ্চত করার লেক্ষয্ আমরা
একিট লটািরর আেয়াজন করব, যার মাধয্েম িনধর্ারণ করা হেব েকান েকান েচয়ারময্ান এই িটউবওেয়লিট পােবন।
অনুগৰ্হ কের েখয়াল রাখেবন, আেসর্িনক ওেয়বসাইট েথেক আপনার িনবর্ািচত তািলকার পৰ্াপ্ত েস্কার েকােনাভােবই
আপনার িটউবওেয়ল েজতার সম্ভাবনােক বাড়ােব বা কমােব না।

আগামী ৩১ আগস্ট, ২০২৬ তািরেখর মেধয্ এই লটাির অনুিষ্ঠত হেব এবং এর পুেরা পৰ্িকৰ্য়ািট িভিডও েরকডর্ করা
হেব। সব্চ্ছতার সব্ােথর্ লটািরর ধারণকৃত অসম্পািদত (unedited) িভিডওিট পরবতর্ীেত সকেলর েদখার জনয্ উনু্মক্ত
করা হেব।

এই গও েফারাম ফর পাবিলক েহলথ-এর গেবষণা সহেযাগী জনাব মীর আবু রায়হােনর সােথ (েমাবাইলঃ
০১৯১২৮১০৪৭৪) েযাগােযাগ করুন।

িবনীত িনেবদক,

………………

েমাঃ আহসান হািবব, িপএইচিড, এনিজও েফারাম ফর পাবিলক েহলথ
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Respected Union Parishad Chairman Sir,

For your kind information, you (the Union Parishad) have been randomly selected for the
research titled ”Improving State Effectiveness in Arsenic Risk Mitigation”. The research
project is being implemented in a joint partnershipwith theNGOForum for PublicHealth,
the Department of Public Health Engineering (DPHE), Dhaka University, Columbia Uni-
versity in the USA, and Michigan State University in the USA.

The main objective of this research is to understand how Union Parishad Chairmen can
supply safe and pure drinking water to the people of their respective areas through the
installation of tubewells by the Department of Public Health Engineering (DPHE). The
survey you participated in—where a list of tubewells as per your demand for installation
in the current financial year (2026/27) was requested—was primarily designed to under-
stand the decision-making process of Union Parishad Chairmen. Additionally, you have
been introduced to the ’Arsenic Information Dashboard’, which is also designed to assist
you in making correct decisions.

As a token of gratitude for participating in our research, we would like to assist you in
receiving an ”allocated well”. If you receive this ”allocated tubewell” through a lottery,
wewill completely freely install any one tubewell from your selected list of tubewells [ran-
domly].

We are sincerely sorry that due to limited resources, it is not possible for us to provide
this ”allocated tubewell” to all Union Parishad Chairmen. Therefore, aiming to ensure
neutrality, fairness, and transparency, we will organize a lottery through which it will be
determined which Chairmen will get this tubewell. Please note that the score obtained
for your selected list from the Arsenic website will in no way increase or decrease your
chances of winning the tubewell.

This lottery will be held by August 31, 2026, and its entire process will be video recorded.
For the sake of transparency, the captured unedited video of the lottery will later be made
open for everyone to see.

Please contact Mr. Mir Abu Raihan (Mobile: 01912810474), Research Associate of the
NGO Forum for Public Health.

Yours sincerely,

....................

Md. Ahsan Habib, PhD, NGO Forum for Public Health
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A.4 T3 group

সম্মািনত ইউিনয়ন পিরষদ েচয়ারময্ান মেহাদয়,

আপনার সদয় অবগিতর জনয্ জানােনা যােচ্ছ, “Improving State Effectiveness in Arsenic Risk Mitiga-
tion” (আেসর্িনক ঝুঁিক পৰ্শমেন রাষ্টৰ্ীয় কাযর্কািরতা বৃিদ্ধ) শীষর্ক গেবষণার জনয্ আপিন (ইউিনয়ন পিরষদ) ৈদবচয়ন
পদ্ধিতেত (randomly) িনবর্ািচত হেয়েছন। গেবষণা পৰ্কল্পিট এনিজও েফারাম ফর পাবিলক েহলথ (NGO Forum
for Public Health), জনসব্াস্থয্ পৰ্েকৗশল অিধদপ্তর (DPHE), ঢাকা িবশব্িবদয্ালয়, যুক্তরােষ্টৰ্র কলিমব্য়া িবশব্িবদয্ালয়
এবং যুক্তরােষ্টৰ্র িমিশগান েস্টট িবশব্িবদয্ালেয়র েযৗথ অংশীদািরেতব্ বাস্তবািয়ত হেচ্ছ।

এই গেবষণার মূল উেদ্দশয্ হেলা জনসব্াস্থয্ পৰ্েকৗশল অিধদপ্তেরর (DPHE) িটউবওেয়ল স্থাপেনর মাধয্েম ইউিনয়ন
পিরষেদর েচয়ারময্ানরা কীভােব িনজ এলাকার জনগণেক িনরাপদ ও িবশুদ্ধ পানীয় জল সরবরাহ করেত পােরন,
তা েবাঝা। আপিন েয জিরেপ অংশ িনেয়েছন—েসখােন চলিত অথর্বছের (২০২৬/২৭) স্থাপেনর জনয্ আপনার
চািহদানুযায়ী িটউবওেয়েলর একিট তািলকা চাওয়া হেয়েছ—েসিট মূলত ইউিনয়ন পিরষেদর েচয়ারময্ানেদর িসদ্ধান্ত
গৰ্হেণর পৰ্িকৰ্য়ািট েবাঝার জনয্ই ৈতির করা হেয়েছ। পাশাপািশ, ‘আেসর্িনক ইনফরেমশন ডয্াশেবাডর্’-এর সােথ
আপনােক পিরিচত করােনা হেয়েছ, এিটও আপনােদর সিঠক িসদ্ধান্ত গৰ্হেণ সহায়তা করার জনয্ ৈতির করা।

আমােদর এই কাযর্কৰ্েম আপনার অংশগৰ্হেণর পৰ্িত কৃতজ্ঞতা সব্রূপ, আমরা আপনােক একিট "েবানাস িটউবওেয়ল
(Bonus well)" পৰ্ািপ্তেত সহায়তা করেত চাই। আপিন যিদ "েবানাস িটউবওেয়লিট" পান, তেব আপনার ইউিনয়েনর
আওতাধীন েযেকােনা গৰ্ােমর েযেকােনা সুিবধােভাগীর জনয্ একিট গভীর নলকূপ (deep tubewell) স্থাপেনর সুেযাগ
পােবন। এই েবানাস িটউবওেয়লিট আপনার িনবর্ািচত িটউবওেয়লগুেলার তািলকা েথেক হেত হেব এমন েকােনা
বাধয্বাধকতা েনই, এমনিক আপনার কােছ জমাকৃত আেবদনগুেলার মধয্ েথেক নাও হেত পাের।

েয ওেয়বসাইেটর (েস্কািরং অয্াপ) সােথ আপনােক পিরিচত করােনা হেয়েছ, েসখােন যােদর বরাদ্দকৃত তািলকা
সেবর্াচ্চ েস্কার পােব, এমন শীষর্ ৩ জন ইউিনয়ন পিরষদ েচয়ারময্ানেক এই "েবানাস িটউবওেয়ল" পৰ্দান করা হেব।
জিরপ েশেষ আগামী ৩১ আগস্ট, ২০২৬ তািরেখর মেধয্ আপনােদর েস্কার িহসাব করা হেব। সমূ্পণর্ সব্চ্ছতার সব্ােথর্
েস্কােরর পূণর্াঙ্গ তািলকা এবং ৩ জন িবজয়ীর নাম অংশগৰ্হণকারী সকল ইউিনয়ন পিরষেদর েচয়ারময্ানেক জািনেয়
েদওয়া হেব।

এই গেবষণা সংকৰ্ান্ত েযেকােনা পৰ্শ্ন বা িজজ্ঞাসার জনয্ অনুগৰ্হ কের এনিজও েফারাম ফর পাবিলক েহলথ-এর
গেবষণা সহেযাগী জনাব মীর আবু রায়হােনর সােথ (েমাবাইলঃ ০১৯১২৮১০৪৭৪) েযাগােযাগ করুন।

িবনীত িনেবদক,

………………….

েমাঃ আহসান হািবব, িপএইচিড, এনিজও েফারাম ফর পাবিলক েহলথ
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Respected Union Parishad Chairman Sir,

For your kind information, you (the Union Parishad) have been randomly selected for the
research titled ”Improving State Effectiveness in Arsenic Risk Mitigation”. The research
project is being implemented in a joint partnershipwith theNGOForum for PublicHealth,
the Department of Public Health Engineering (DPHE), Dhaka University, Columbia Uni-
versity in the USA, and Michigan State University in the USA.

The main objective of this research is to understand how Union Parishad Chairmen can
supply safe and pure drinking water to the people of their respective areas through the
installation of tubewells by the Department of Public Health Engineering (DPHE). The
survey you participated in—where a list of tubewells as per your demand for installation
in the current financial year (2026/27) was requested—was primarily designed to under-
stand the decision-making process of Union Parishad Chairmen. Additionally, you have
been introduced to the ’Arsenic Information Dashboard’, which is also designed to assist
you in making correct decisions.

As a token of gratitude for your participation in our program, we would like to assist
you in receiving a ”Bonus well”. If you receive this ”Bonus tubewell”, you will get the
opportunity to install one deep tubewell for any beneficiary in any village under your
Union. There is no obligation that this bonus tubewell must be from your selected list of
tubewells, and it might not even be from among the applications submitted to you.

This ”Bonus tubewell” will be awarded to the top 3 Union Parishad Chairmen whose al-
located list receives the highest score on the website (scoring app) you were introduced
to. After the survey, your scores will be calculated by August 31, 2026. For the sake of
complete transparency, the full list of scores and the names of the 3 winners will be com-
municated to all participating Union Parishad Chairmen.

For any questions or queries regarding this research, please contact Mr. Mir Abu Raihan,
Research Associate of the NGO Forum for Public Health (Mobile: 01912810474).

Yours sincerely,

....................

Md. Ahsan Habib, PhD, NGO Forum for Public Health
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B Additional Figures and Tables

Appendix Figure B1. Example of information sheet provided to a union leader

Appendix Figure B2. Control/T1/T2/T3 arms shown to the enumerator for comprehen-
sion
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(a) Mauza-level engineer estimates (b) Union-level average of engineer estimates

Appendix Figure B3. Evaluating the DPHE engineers’ understanding of local arsenic con-
tamination
Notes: Figure assesses the accuracy of upazila-level DPHE engineer’s understanding of within-upazila dis-
tribution in arsenic, who formally advise union leaders on well-water arsenic issues. Figure B3a compares
the DPHE upazila-level engineers’ estimates of arsenic contamination rate in different mauzas (𝑥 axis), ver-
sus their true values (𝑦 axis). The estimates are only elicited for ARRP-testedmauzas; mauzas whose arsenic
contamination are gap-filled using theML algorithm are excluded. Figure B3b averages the arsenic contam-
ination rate (both their true values and engineers’ predictions) to the union level. 𝑦 = 𝑥 line shown in red,
versus a fitted linear regression line shown in blue. A total of 146 engineers were selected for the analysis,
who were elicited predictions on up to 3 mauzas for up to 5 unions in their upazila.
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