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A B S T R A C T

We conduct an adaptive randomized controlled trial to evaluate the impact of a SMS-based information
campaign on the adoption of social distancing and handwashing in rural Bihar, India, six months into the
COVID-19 pandemic. We test 10 arms that vary in delivery timing and message framing, changing content
to highlight gains or losses for either one’s own family or community. We identify the optimal treatment
separately for each targeted behavior by adaptively allocating shares across arms over 10 experimental rounds
using exploration sampling. Based on phone surveys with nearly 4,000 households and using several elicitation
methods, we do not find evidence of impact on knowledge or adoption of preventive health behavior, and
our confidence intervals cannot rule out positive effects as large as 5.5 percentage points, or 16%. Our results
suggest that SMS-based information campaigns may have limited efficacy after the initial phase of a pandemic.
1. Introduction

Preventive behaviors such as handwashing and social distancing are
critical to containing the spread of infectious diseases like COVID-19,
particularly in densely populated areas of developing countries with
crowded living quarters and public spaces. As a pandemic unfolds,
identifying ways to encourage the adoption of protective health behav-
iors in a timely, efficient, and cost-effective way is critical for public
health (Van Bavel et al., 2020).
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(J. Potter).

We examine the impact of text messages (or Short Message Service,
SMS) on preventive health behavior through a multi-arm iterative
randomized-controlled trial in rural India. Using a sample of phone
numbers from birth registers at health centers in Saran district in the
state of Bihar, we randomly sent some individuals four text messages
over the course of two days. We ran two experiments in parallel
during the first peak of the country’s COVID-19 pandemic, between 17
August and 20 October 2020, one encouraging handwashing and the
other social distancing. For each outcome – handwashing and social
vailable online 25 September 2021
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distancing – we test 10 treatment arms that vary across two dimen-
sions that could influence treatment effectiveness: message frame and
delivery timing. Informed by research in public health, psychology and
behavioral economics, we consider five variants of message framing,
changing content to highlight public gain or loss, private gain or loss,
or neutral. We also varied the time of day when the messages were sent:
either twice in the morning (7:00–8:00 a.m. and 10:00–11:00 a.m.)
or once in the morning and once in the evening (7:00–8:00 a.m. and
6:00–7:00 p.m.).

Testing these large number of arms lends itself to an adaptive
trial approach to efficiently recover the best policy. Following the
exploration sampling algorithm of Kasy and Sautmann (2021), we
reallocated treatment shares over the course of 10 rounds to identify
the combination of timing and message framing that is most effective.
This approach uses a modified Thompson sampling procedure to assign
observations in each stage of the experiment to arms such that we
achieve the best possible convergence rate to the optimal treatment.
We conducted phone surveys with recipients three days after the first
message was sent, along with surveys of control households who did
not receive any messages. To mitigate concerns about experimenter
demand, we measured preventive health behaviors first through an
open-ended question and then via direct elicitation and a list ex-
periment. We conduct inference using both the standard asymptotic
approach and randomization statistical inference. For a sub-sample, we
conducted phone surveys five days after the first message was sent to
check for decay in treatment effects.

We find no evidence that any of our SMS-based information cam-
paigns improve knowledge or adoption of social distancing and hand-
washing. This is true across several elicitation methods designed to
address concerns of experimenter demand. We cannot, however, reject
potentially meaningful treatment effects: Looking at all arms together
for each target behavior, our confidence intervals allow us to reject
direct impacts of 5.5 percentage points (p.p.) off of a control mean of
36% for adopting social distancing, and 5.6 p.p. off a base of 35% for
adopting handwashing. We also find no evidence of indirect effects,
e.g., of handwashing messages on social distancing behaviors, nor evi-
dence of heterogeneous treatment effects by timing of the experiment
round, literacy, and recall period, although our estimates for such
impacts are imprecise.

Our study makes several contributions: First, our results are par-
ticularly policy-relevant to the new waves in COVID-19 in Spring
2021 which occur after extensive awareness about the disease. Second,
our study builds on a growing number of studies in economics using
adaptive approaches to allocate treatment shares in an experimental
settings (Caria et al., 2020; Kasy and Teytelboym, 2020a, 2020b). We
implement what is to the best of our knowledge, one of the first appli-
cations of the exploration sampling approach of (Kasy and Sautmann,
2021). Third, we contribute to a rich literature that has tested the
potential for nudges and information to improve health behavior (e.g.,
Alatas et al., 2020; Bennear et al., 2013; Dupas, 2009; Madajewicz
et al., 2007; Meredith et al., 2013). Fourth, we also add to research
on optimal message framing by cross-randomizing gain or loss message
framing with public or private framing and comparing it with a neutral
message to understand their marginal impacts. Much of the evidence
on information campaigns during COVID-19 from developed countries
shows mixed results regarding the importance of these specific design
features of messages (Jordan et al., 2020; Favero and Pedersen, 2020;
Falco and Zaccagni, 2020). Fifth, we also examine whether the deliv-
ery timing impacts the efficacy of information or nudges (Kasy and
Sautmann, 2021).

Finally, our study also adds to recent research using phone-based
information campaigns to encourage preventive health behavior for
COVID-19 in South Asia. Banerjee et al. (2020) randomly sent video
links to households in West Bengal in May 2020 and measure both the
direct and spillover effects on respondents who directly received the
2

p

link or may have learned about it through their networks. They docu-
ment large positive overall impacts on social distancing, handwashing,
and hygiene behaviors. Our confidence intervals on handwashing in-
clude their point estimates. They do not find private or public gain
framed messages to have differential effects and do not find impacts
on knowledge of symptoms or precautions. In another study in Uttar
Pradesh and Bangladesh in April 2020, Siddique et al. (2020) find
significant impacts on both COVID-19 knowledge and behavior from
phone calls plus sending messages and phone calls alone relative to
just sending SMS. Armand et al. (2021) randomly sent a WhatsApp
video or audio recordings of messages from doctors to the urban poor
in Uttar Pradesh and find decreased probabilities of leaving the slum
area but no effects on handwashing. In rural Bangladesh, Chowdhury
et al. (2020) find that information campaigns on social distancing and
hygiene measures improved preventive behaviors.

There are several potential explanations for the lack of impacts in
our study. First, our study takes place several months into the pan-
demic, at a time when cases were spiking and after households across
India had received COVID-19 messages and endured lockdowns for
several months. At this stage, households may have already been well-
informed or too fatigued to respond; they may also have faced higher
opportunity costs of adopting preventive behaviors like social distanc-
ing after the prolonged economic disruption of the pandemic. Second,
our intervention featured relatively plain SMS, without any celebrity
or professional endorsements nor the video or audio components of
other studies. Text messages are accessible even on basic phones,
potentially expanding access in the context of only 24% smartphone
penetration in India (Rajagopalan and Tabarrok, 2020). Although SMS-
based information campaigns require literacy and may be relatively
less engaging (Favero and Pedersen, 2020), they can be effective at
changing health behaviors (Orr and King, 2015; Armanasco et al.,
2017). Third, we focus on a different elicitation approach to mea-
sure compliance with health behavior. To reduce risk of experimenter
demand, we asked respondents to list all actions they are taking to
protect against the virus. By contrast, Siddique et al. (2020) directly
ask respondents if they wash their hands or maintain distance. We do
elicit second-order beliefs on community behaviors like in Banerjee
et al. (2020) but find no evidence of treatment effects on reported
community-level social distancing and handwashing in our experiment.
Fourth, while Banerjee et al. (2020) randomize across communities,
our experiment varied treatment at the individual level. If there are
significant spillovers from our treatment like in Banerjee et al. (2020),
they will attenuate our point estimates.

The remainder of this paper proceeds as follows: Section 2 describes
the setting of the experiment, study sample, intervention, the adaptive
trial design, and primary data collection. Section 3 describes the empir-
ical strategy and main results, and Section 4 discusses implications for
health messaging campaigns, especially in the context of pandemics.

2. Study context and design

As of August 17, 2020, India had recorded a cumulative total of
2.7 million confirmed COVID-19 cases (Roser et al., 2020) and true
infection rates were an order of magnitude higher (Mohanan et al.,
2021). We conducted our study in collaboration with the Bihar state
government and our NGO partner, Suvita, during the initial height of
the country’s pandemic between August 17 and October 20, 2020. The
experiment took place in Saran, a rural district in the western part of Bi-
har that resembles the state’s overall socio-economic characteristics and
pandemic experience.1 New cases increased in early July and peaked

1 The study design was pre-registered at the AEA Registry as AEARCTR-
005780 but for two additional health behaviors, a smaller sample size, and
n the state of Maharashtra. We changed the study location and number of
ehaviors in response to local conditions, but all remaining aspects of the
re-registration still apply.

https://doi.org/10.1257/rct.5780-1.0
https://doi.org/10.1257/rct.5780-1.0
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in early August, just before our study started (Appendix Figure A.1).
Bihar imposed a full lockdown in mid-July and maintained a partial
lockdown in August that remained effective during the first three weeks
of our trial. Throughout the pandemic, public service announcements
advocating hygiene and social distancing to combat COVID-19 were
widely distributed via television, radio, newspapers, and text messages.
We are unable to test how the relative timing of the pandemic impacted
the effectiveness of our intervention, but we expect essentially everyone
in our sample to have been exposed to some messaging already about
the benefits of handwashing and social distancing. Although cell phone
ownership is almost universal among households in Bihar, this may
overstate the potential scope for SMS campaigns: according to the 2011
census, just 67% of women and 82% of men in Saran were literate.

Study sample. Our sample was recruited from a list of households who
ntered phone numbers into birth registries at health centers in 15
ut of 20 blocks in Saran between August 2019 and February 2020.2
lthough the phone numbers come from birth registers, the subjects
f our intervention and surveys are the users of the phones. Our
ample of respondents is comparable to the population of Bihar on basic
haracteristics (Table A.1). However, our sample is younger than the
verage adult Bihari.

We randomly selected phone numbers within four strata based on
lock characteristics from the 2011 Census: above and below average
iteracy rate and above and below average proportion of Scheduled
astes and Scheduled Tribes (SC/ST) population. Table 1 shows the
ummary statistics and balance across treatment and control groups for
ey demographic characteristics in Panel A, SMS-related information in
anel B, and knowledge of symptoms and access to health care in Panel
. About three-quarters of the respondents were male with an average
ge of 31 years. Less than a third of the sample was unemployed,
nd most of those who worked did so in a manual job. Eighty-six
ercent of respondents can read SMS in Hindi, but 36% do not ever
ead text messages. Less than a third read SMS daily in the week prior
o the interview. Knowledge of COVID-19 symptoms and practice of
nte-natal care is balanced across treatment and control.

ntervention design. Our trial compares 10 message types varying in
raming and timing to target social distancing and handwashing. Each
reated phone number was sent four text messages in Hindi over the
ourse of two days. We chose five different message frames based on
rinciples from psychology and behavioral economics (Tversky and
ahneman, 1979, 1991; Van Bavel et al., 2020): neutral, public gain
r loss, and private gain or loss. These message frames may appeal
o different emotions, such as fear (by making the threat of pandemic
alient) or prosocial motivation (by highlighting externalities of the
reventive actions). Table A.2 shows the different messages by content
raming for each behavior. The neutral messages give simple, directed
dvice: for social distancing, the neutral message states ‘‘Coronavirus
s here. Outside the house, keep a distance of at least two arms from
thers’’. For handwashing, the neutral message is ‘‘Coronavirus is here.
efore touching any food or touching your face, wash your hands with
ater and soap’’. In the public loss arms, appealing to both fear and
rosocial motivation, the first sentence is replaced with ‘‘Coronavirus
ills. Your action can put your community at risk of infection’’. In
he public gain arms, the first sentence is instead replaced with ‘‘Save
ives. Your action can protect your community from coronavirus’’. The
rivate gain and loss arms are the same as the public gain or loss arms,
xcept ‘‘community’’ is replaced with ‘‘family’’.

The delivery timing can also impact the efficacy of information or
udges. We expected most households to be less busy and more likely
o read SMS if they were delivered to them either at the start of the
ay or later in the evening. Moreover, Kasy and Sautmann (2021) find

2 According to the 2019–2020 National Family Health Survey (NFHS-5),
5% of births in rural Bihar take place at a health facility.
3

a

success with sending messages in the morning. Hence, to explore this
issue further, we vary the time of the day when messages were sent
across treatment arms. In all arms, the first message was sent between
7:00 and 8:00 a.m. in the morning. In twice-morning arms, a second
SMS was sent between 10:00 and 11:00 a.m., while in morning–evening
arms, the second message was sent between 6:00 and 7:00 p.m. Overall,
we create 10 treatment arms using each of the five framings for both
delivery timings.

Experimental design. We randomly assigned our treatment sample to
10 rounds of treatment for each behavior. We implemented the ‘‘ex-
ploration sampling’’ procedure from Kasy and Sautmann (2021) to
allocate sample to the different treatment arms over the course of
the experiment. An adaptive approach is particularly appealing in this
setting because it provides more statistical power in identifying optimal
treatment over a large set of alternatives. The ‘‘exploration sampling’’
method uses a modified Thompson sampling procedure to iterate over
the different messaging campaign attributes to identify those that are
most effective in shaping reported behavior. In each phase of the
experiment 𝑡, the probability that a unit is assigned to arm 𝑗 is given
y 𝑞𝑗𝑡 , as defined in Eq. (1), where 𝑝𝑗𝑡 is the posterior probability that
rm 𝑗 is optimal given outcomes up through period 𝑡 − 1.

𝑗
𝑡 =

𝑝𝑗𝑡 ⋅
(

1 − 𝑝𝑗𝑡
)

∑

𝑗 𝑝
𝑗
𝑡 ⋅

(

1 − 𝑝𝑗𝑡
) (1)

While traditional Thompson sampling procedures weight by 𝑝𝑗𝑡 ,
this modification shifts weight towards the close competitors of the
best performing arms. Indeed, exploration sampling is equivalent to
Thompson sampling if the same treatment assignment is never assigned
twice in a row. The key advantage of exploration sampling is that it
achieves the best possible exponential rate of convergence subject to
the constraint that in the limit, half of observations are assigned to the
best treatment, thereby converging much faster than Thompson sam-
pling or non-adaptive assignment. This particular approach does not
have an explicit stopping rule, and thus we decided on 10 rounds based
on the budget for conducting the surveys. We could have continued to
run the experiment to obtain more precise estimates of the treatment
effect for each arm. We find that the treatment shares assigned by
the algorithm stabilize by the second half of the experiment as shown
in Figure A.2, suggesting that 10 rounds were sufficient for identi-
fying the optimal treatment. We used open-ended reported practice
of either social distancing or handwashing as our main outcome for
the corresponding target behavior to adapt shares (described further
below).

Although we intended to begin with equal priors across all arms
(and therefore equal shares), due to an initial coding mistake, alloca-
tions were not matched to the correct arms when the messages were
sent for the first several weeks. In practice, this means that when the
algorithm began being implemented correctly, some arms (randomly)
had more observations upon which to form a prior about their effec-
tiveness. This can be seen visually in Figure A.2 by the fact that all
lines are not beginning at 10 percent in the first round. This error
does not affect the validity of our treatment effect estimates. However,
the error could inhibit our ability to identify the most effective arm
because, due to the error, the initial shares were assigned randomly
rather than optimally.3 We see no systematic evidence of this concern in
practice, as the algorithm settles on arms by about round 6, after which
it consistently identifies the same arms as performing relatively better.
Moreover, these arms are not systematically correlated with those arms
which were randomly assigned more observations in round 1.

In addition to these treatment arms, we include a pure control group
that received no message. This design choice allows us to both test

3 We explicitly account for this mistake in our simulated treatment
ssignments while conducting randomization inference.



Journal of Development Economics 153 (2021) 102747G. Bahety et al.

t
e
c
t
f
T
c
c
t

D
t
n
a
f
d
s

O
c

Table 1
Summary Statistics and Balance Tests.

Control Treatment Difference

Mean S.D. N Mean S.D. N 𝛥 S.E.

Panel A: Demographics
District - Saran 0.81 0.39 1,087 0.81 0.39 2,863 −0.00 0.014
Location - Town 0.06 0.24 1,079 0.06 0.24 2,845 0.00 0.009
Location - Rural Area 0.78 0.42 1,079 0.78 0.41 2,845 0.01 0.015
Age 30.66 11.07 1,047 31.10 11.10 2,794 0.42 0.402
Male 0.75 0.43 1,051 0.71 0.45 2,788 −0.04*** 0.016
Finished secondary school 0.17 0.38 1,034 0.17 0.38 2,763 −0.00 0.014
More than secondary school 0.28 0.45 1,034 0.28 0.45 2,763 −0.00 0.016
Unemployed 0.28 0.45 1,026 0.31 0.46 2,746 0.03** 0.017
Manual job 0.34 0.47 1,026 0.32 0.46 2,746 −0.02 0.017
Scheduled Castes 0.18 0.38 768 0.20 0.40 2,142 0.02 0.016
Other Backward Classes 0.63 0.48 768 0.59 0.49 2,142 −0.04** 0.020
Hindu 0.92 0.27 789 0.90 0.30 2,179 −0.02* 0.012
Muslim 0.08 0.27 789 0.10 0.30 2,179 0.02 0.012
Own phone 0.92 0.27 872 0.93 0.26 2,350 0.00 0.011

Panel B: SMS-related

Can read SMS in Hindi 0.86 0.35 862 0.86 0.35 2,340 −0.00 0.014
Trust information on SMS 0.96 0.21 90 0.92 0.26 702 −0.03 0.024
Did not read any SMS 0.38 0.49 784 0.35 0.48 2,143 −0.03 0.020
Read SMS daily 0.30 0.46 784 0.29 0.45 2,143 −0.02 0.019
Any SMS delivered (Admin) 0.72 0.45 2,779
# SMS delivered (Admin) 2.72 1.77 2,779

Panel C: Health

Know symptom: Fever 0.77 0.42 1,034 0.75 0.43 2,761 −0.02 0.015
Know: Cough 0.79 0.41 1,034 0.76 0.43 2,761 −0.02 0.015
Received Antenatal Care 0.78 0.42 108 0.75 0.44 292 −0.03 0.048
Child immunized 0.92 0.27 439 0.90 0.30 1,221 −0.02 0.015

Joint significance F-test
Panel A (𝑝-value) 0.256
Panel B (𝑝-value) 0.204
Panel C (𝑝-value) 0.431

Table 1 presents summary statistics for the control and pooled treatment group for key demographic characteristics in Panel A, SMS-related characteristics
in Panel B and knowledge of COVID symptoms and access to routine health care in Panel C. The difference between treatment and control (𝛥) is shown
in Column 7 (controlling for strata) with standard errors (S.E.) in Column 8. We also report the p-value for joint significance tests for the variables in
Panels A, B and C. Admin in Panel B refers to SMS delivery reports from the telecommunications provider. The statistics on ante-natal care and child
immunization is reported only for those households which had a pregnant woman and a child under 1 year of age, respectively. * p<0.1; ** p<0.05;
*** p<0.001.
a
2
o

he ‘‘behavioral’’ phrasings against a neutral framing as well as the
fficacy of any SMS against none. Table 1 shows that the treatment and
ontrol groups are balanced on most demographic characteristics. The
reatment group has more women, more unemployed respondents, and
ewer households identifying as Other Backward Classes and Hindu.
he bottom panel of the table shows that the joint test of signifi-
ance for these covariates are not statistically significant. However, we
ontrol for gender, occupation, education, and age fixed effects in all
reatment effect specifications.

ata collection. Three days after the first text message was sent, a
eam of enumerators called respondents over the phone.4 If the phone
umber was not answered, then the enumerators repeatedly redialed
fter the full list was tried once. We find no evidence of overall dif-
erential response rates by treatment status (p-value = 0.567 for social
istancing and 0.627 for handwashing) (results not shown).5 A random
ubset of phone numbers were called five days later instead of three

4 There were public/national holidays on August 21, September 17 and
ctober 2. We did not send SMS on holidays and the day before and made no
alls on holiday and the following two days.

5 We also find no difference in consent rates for the social distancing arm (p-
value = 0.608), though those who received a handwashing message were 2.7
p.p. less likely to consent conditional on answering (p-value = 0.058) (results
not shown). This could be suggestive evidence that the SMS had a discouraging
4

effect on engagement with the research team. i
to test for potential decay effects. We had expected that if there had
been treatment effects, they would fade at some point. Moreover, the
five-day delay worked well with the survey schedule for the adaptive
trial. We staggered the phone surveys for control, social distancing and
handwashing samples to facilitate the updating of the treatment shares
over the frequent iterations. Out of a total of 12,799 phone numbers
called, we had a response rate of 34.7%, of which – conditional on
answering the call – 8.9% did not consent to the interview and 0.62%
were under the age of 18 years and were excluded from the sample.
Of 3,964 eligible respondents who consented, 91.6% of respondents
answered key outcome questions, and 74.9% completed all questions
in the survey. We use all available answers for our analyses.6 The
survey covered basic respondent and household characteristics, phone
usage behavior, risk perceptions, and knowledge and action regarding
COVID-19 prevention.

Given concerns about experimenter demand, we elicited key pre-
ventive health behaviors using an open-ended (unprompted) question:
‘‘What are you doing to protect against the virus?’’. We classify com-
pliance with social distancing and handwashing based on whether the

6 We made an average of 1.4 attempts per number, ranging from 1 to 8
ttempts. Out of the phone numbers from which we did not get a response,
4% did not pick up despite multiple attempts, 22% were either unreachable
r switched off and 17% were invalid numbers. The median completed
nterview lasted 17 min.
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Table 2
First-Stage Results on Self-Reported Receipt of COVID-Related SMS.

Any SMS # SMS SD SMS SD SMS HW SMS HW SMS
| Any SMS | Any SMS | Any SMS | Any SMS

Pooled treatment 0.286** 1.045** 0.038 0.122*
(0.026) (0.137) (0.061) (0.050)

Treatment - SD 0.136
(0.093)

Treatment - HW 0.209**
(0.059)

𝑅2 0.21 0.22 0.23 0.23 0.16 0.16
𝑁 1,988 1,949 791 791 773 773
Control Mean 0.16 0.68 0.27 0.19 0.09 0.13
F-statistic 118.43 58.10 0.38 2.17 5.86 12.41

Table 2 shows the first stage results for four self-reported measures of receipt of any COVID-related SMS: any
SMS, number of SMS received in Column 1 and 2, recall of social distancing in Column 3 and 4 and handwashing
messages in Column 5 and 6, respectively. The last four measures are conditional on receiving any COVID-related
SMS. The regressions include fixed effects for gender, occupation, education, age, target behavior, block, day of
the week, round of the experiment, enumerator, and (random) order of the knowledge and action question for the
key outcomes. Robust standard errors in parentheses. Asymptotic p-values are denoted by: * p<0.1; ** p<0.05; ***
p<0.001.
a

(
l
c
t
f
o
d
H
t

respondent mentions each practice, respectively, and use this indica-
tor to guide our adaptive trial.7 We also elicited knowledge about
preventive measures with a similar open-ended question. The order
of the knowledge and practice questions was randomized across the
respondents. We subsequently directly asked respondents whether they
practice social distancing and handwashing.8 We also conducted a list
experiment to measure uptake of behaviors sensitive to social desir-
ability bias by bundling (or veiling) the sensitive questions with two
other innocuous statements (Chuang et al., 2020; Jamison et al., 2013;
Karlan and Zinman, 2012). We asked respondents how many actions
they did in the past two days: watching TV, speaking on the phone,
and either social distancing or handwashing. Finally, we administered
a randomly selected subset of three questions from the 13 statements
in the Marlowe–Crowne Scale Social Desirability Scale (Form C) which
assesses correlates to social desirability bias on measured self-reported
outcomes (Crowne and Marlowe, 1960; Reynolds, 1982; Dhar et al.,
2018). We used a subset of the full scale to reduce the survey length.

3. Empirical strategy and results

We estimate treatment effects with the ordinary least squares spec-
ification shown in Eq. (2):

𝑌𝑖 = 𝛼𝑖 + 𝛽𝑇𝑖 + 𝛾𝑂𝑖 + 𝐗′
𝑖𝜆 + 𝜀𝑖 (2)

where 𝑌𝑖 is the outcome for individual 𝑖, 𝑇𝑖 indicates treatment for the
target behavior (either social distancing or handwashing), 𝑂𝑖 indicates
treatment for the other behavior, and 𝐗𝑖 is a vector of fixed effects
including gender, occupation, education, age, target behavior, block,
day of the week, round of the experiment, enumerator, and (random)
order of the knowledge and action question for the key outcomes. Our
results are robust to regressions specifications without any controls or
with only strata fixed effects. We include both treatment groups in all
specifications: for each target outcome or behavior – social distancing
and handwashing – we include a separate treatment indicator for those
who were treated for the other behavior (Muralidharan et al., 2019).

7 For distancing, we use keeping two arms distance from others. For
andwashing, we include both washing hands with water and washing hands
ith soap regularly as the main outcome.
8 The prompted question for distancing asks ‘‘Have you come into close

ontact with anyone not in your household, that is within 2 arms distance
r less? For example, when you went to meet someone in a group or for a
eeting, get-together, or to go to the market or shopping’’. The corresponding

uestion for handwashing asks ‘‘Have you washed hands with soap and
unning water, or used hand sanitizer?’’ Table 5 compares our definitions of
5

utcomes to those used in related studies.
Table 3
ITT Results by Pooled Treatment.

Distancing Handwashing

Know Act Know Act

Treatment - SD −0.002 −0.003 −0.035 −0.051*
(0.030) (0.029) (0.029) (0.029)
[0.957] [0.928] [0.206] [0.056]

Treatment - HW −0.001 0.018 0.034 0.002
(0.028) (0.027) (0.027) (0.028)
[0.954] [0.448] [0.158] [0.943]

Adjusted 𝑅2 0.09 0.05 0.05 0.05
𝑁 3,563 3,563 3,563 3,563
Control Mean 0.49 0.36 0.32 0.35

Table 3 shows the ITT results by pooled treatment for the four main outcomes. The
regressions include fixed effects for gender, occupation, education, age, target behavior,
block, day of the week, round of the experiment, enumerator, and (random) order of
the knowledge and action question for the key outcomes. Robust standard errors are
in parentheses and Fisher exact p-values are in square brackets. Asymptotic p-values
re denoted by: * p<0.1; ** p<0.05; *** p<0.001.

This allows us to test for evidence of ‘‘attention’’ substitution – being
reminded about one behavior takes attention away from another – or
substitution in health practices—if social distancing more makes people
feel like handwashing is less necessary, for instance. We use the same
control group across both targeted behaviors. Unless otherwise noted,
we conduct analysis on the sample of treated respondents who were
reached three days after the first message was sent. We interviewed
control group respondents throughout the study period, on alternate
days.

Sample averages in adaptive trials are typically biased (Hadad
et al., 2019), but under exploration sampling, this bias is negligible
in large samples because assignment shares of sub-optimal treatments
are bounded away from zero (Kasy and Sautmann, 2021). Thus, as
long as the law of large numbers and central limit theorem apply,
we can run standard t-tests ignoring the adaptivity. Because some
of our treatment shares end up being quite small for some arms, in
addition to asymptotic standard errors that are robust to heteroskedas-
ticity, we also report exact p-values from randomization inference
using a two-tailed comparison). This inference approach is particu-
arly appealing in heterogeneous treatment effect specifications that
an be vulnerable to high leverage observations given the asymmetric
reatment shares (Young, 2019). To conduct the randomization in-
erence, we randomly allocate treatment status holding constant the
bserved distribution of outcomes. We recreate the full adaptive trial
ata-generating process to create the synthetic treatment allocations.
olding constant the initial strata, we randomly re-assign the initial

reatment shares and then re-run the Bayesian process to generate
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Table 4
Summary Statistics by Treatment Arm.

Behavior Framing Timing N 𝜇𝑗 𝜎𝑗 𝑝𝑗

Distancing Neutral 2× morning 69 0.310 0.054 0.019
Distancing Public gain 2× morning 81 0.325 0.051 0.027
Distancing Public loss 2× morning 79 0.309 0.051 0.014
Distancing Private gain 2× morning 14 0.125 0.080 0.003
Distancing Private loss 2× morning 199 0.373 0.034 0.067
Distancing Neutral Morn./Even. 142 0.396 0.041 0.224
Distancing Public gain Morn./Even. 106 0.343 0.045 0.034
Distancing Public loss Morn./Even. 46 0.292 0.065 0.022
Distancing Private gain Morn./Even. 285 0.425 0.029 0.575
Distancing Private loss Morn./Even. 73 0.307 0.053 0.015
Handwashing Neutral 2× morning 133 0.422 0.042 0.127
Handwashing Public gain 2× morning 176 0.461 0.037 0.431
Handwashing Public loss 2× morning 77 0.354 0.053 0.018
Handwashing Private gain 2× morning 137 0.439 0.042 0.223
Handwashing Private loss 2× morning 127 0.426 0.043 0.152
Handwashing Neutral Morn./Even. 113 0.348 0.044 0.005
Handwashing Public gain Morn./Even. 51 0.302 0.062 0.005
Handwashing Public loss Morn./Even. 114 0.379 0.045 0.025
Handwashing Private gain Morn./Even. 88 0.300 0.048 0.001
Handwashing Private loss Morn./Even. 103 0.362 0.047 0.013

Table 4 presents summary statistics by treatment arm. Column 1 denotes the target
behavior. Column 2 denotes the framing of the message. Column 3 denotes the timing
of when the SMS were sent. Column 4 lists the total number of treated respondents who
were reached in a phone survey. Column 5 (𝜇𝑗 ) shows the mean outcome for each arm,
and Column 6 (𝜎𝑗 ) presents the standard deviation. Column 7 (𝑝𝑗 ) lists the posterior
probability that each arm is the optimal arm at the conclusion of the experiment. For
calculating posterior probabilities, the above samples were restricted to respondents
who (1) consented to the interview, (2) were at least 18 years old, (3) were assigned
to a 3-day recall period, and (4) had a recorded response for the outcome variable
(total N=2,283).

future shares for each round. We do not adjust for multiple hypothesis
testing, as our estimates are mostly not statistically significant even
without this adjustment.

First-stage. We assess implementation fidelity by assessing whether
the treatment message was delivered to the targeted recipients, as
shown in Panel B of Table 1. Beginning on August 24th, 2020, a week
after the experiment began, we received reports from the telecom-
munications provider on whether the message was delivered to the
recipients’ phones. Within the treatment group, on average, 72% of
the respondents successfully received at least 1 message. On average
and unconditional on receiving any SMS, the treatment group received
2.7 messages out of a total of four messages that were sent. Non-
delivery and partial deliveries are likely due to phones being switched
off or service interruptions. Almost all respondents in the treatment
and control groups stated that they trusted the information in messages
related to the Coronavirus.

We also compare treatment compliance by assessing self-reported
measures of whether the respondent received any COVID-related SMS
in the week prior to the survey and, conditional on having received any
SMS, the number of SMS received and their recall of message content
(Table 2). Column 1 shows that treated respondents were 28.6 p.p.
more likely to report receiving any SMS related to COVID-19 in the
previous week, off a base of 16% in the control group. Column 2 shows
that the number of COVID-related messages the treatment group report
receiving is about one. Treated households who received handwashing
messages are 21 p.p. more likely to remember that specific guidance
relative to control households who also received COVID content, as
shown in column 6. The comparable effects for social distancing are
noisier but still positive (13.6 p.p.), as shown in column 4. These results
are consistent with our finding in Panel B of Table 1 where more than
a third of the respondents across the treatment and control groups did
not read any SMS at all in the week prior to the survey. For compar-
ison, Banerjee et al. (2020) found an average viewing rate of 1.14%
for their YouTube videos, while Armand et al. (2021) estimate that
respondents on average listened to 19%–23% of WhatsApp messages.
6

Treatment effects on primary outcomes. Overall, we find no evidence
that sending SMS increased uptake of social distancing and handwash-
ing. First, we show results for treatment arms pooled together for each
targeted behavior in Table 3 (results also shown in Appendix Figure
A.3). Looking at the social distancing arm in the top row of the table,
the observed treatment effects on both knowledge and uptake of social
distancing are small, negative (a decrease in 0.2 and 0.3 p.p., off of
a control mean of 49% and 36%, respectively), and not statistically
significant based on either asymptotic or randomization exact p-values.
Similarly for the handwashing arm in the bottom row of the table,
the treatment effect on knowledge is 3.4 p.p. off of a control mean
of 32%. The impact on uptake of handwashing is 0.2 p.p. off of a
control mean of 35%. Both are statistically insignificant across both
inference methods. Our 95% asymptotic confidence intervals are large
enough such that we cannot rule out direct effects as large as 5.5 p.p.
for each of our main behaviors. We find no systematic evidence of
treatment effects from messages targeting one behavior on the other,
although there is suggestive evidence of a negative effect of the social
distancing messages on the uptake of handwashing (a decline of 5.1
p.p., statistically significant at the 10% level). However, this could be
due to statistical chance. Using the randomized treatment assignment
as an instrument, we find no evidence of positive treatment effects
for either behavior, as shown in Table A.3. This is true both when
using administrative delivery reports on text message receipt as the
endogenous variable in a treatment-on-the-treated (TOT) specification
(Panel A) or self-reported receipt of any COVID-related message in an
instrumental variable (IV) specification (Panel B), suggesting that even
among the ‘‘compliers’’ who did receive and recall the SMS, the content
had no impact on uptake of preventive measures.

The null effects on practice of these behaviors may not be surpris-
ing given the lack of impact on stated awareness. We consider our
intervention to be a nudge or reminder about handwashing and social
distancing as opposed to providing new information. This aligns with
the findings by Banerjee et al. (2020) that already in March 2020, many
months before our experiment, respondents in West Bengal had heard
about social distancing 20.2 times and washing hands 16.9 times in the
previous two days alone. Thus, we interpret the outcome we refer to as
‘‘knowledge’’ as capturing some measure of awareness that we hope
might be spurred by our text messages.

We evaluate the treatment effects by pooling treatment arms within
the five frames in Table A.4 and within delivery timings in Table A.5.
We find no systematic evidence of any impact of different framings or
timings on behavior. Table A.6 presents treatment effects separately for
each of the 10 treatment arms and shows no consistent effects. The few
statistically significant point estimates across these specifications are
likely due to chance.

Optimal message design. Taken together, the previous set of results
suggests no consistent or compelling evidence that a particular framing
or timing was especially effective in increasing preventive health be-
havior. The few statistically significant effects we document are largely
not replicated for the other behavior and could simply be the artifact
of statistical noise. We can more formally explore the optimal message
design using the insights from the adaptive procedure. Comparing each
of our treatment arms against one another, we calculate the posterior
probability 𝑝𝑗 that each arm is optimal. Despite the lack of treatment
effects, the exploration sampling approach did converge towards a
small number of specific framings and timings as shown in Figure A.2.
We present the posterior probabilities in Table 4. For social distancing,
the private gain framing messages sent once in the morning and once
in the evening were optimal with probability 0.575. For handwashing,
the public gain messages sent twice in the morning were optimal with
probability 0.431. Disaggregating the treatment effects using Eq. (2)
by 10 treatment arms in Table A.6 suggests that relative to the control
mean of 36% for social distancing and 35% for handwashing, these

arms stand out with statistically significant treatment effects among
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Table 5
Comparison of Related Studies.

Bahety et al. (2021) Banerjee et al. (2020) Siddique et al. (2020) Armand et al. (2020)

Study design

Setting Bihar West Bengal Uttar Pradesh (& Bangladesh) Uttar Pradesh
Intervention Aug–Oct 2020 May 2020 Apr–May 2020 e

Sample size 3,563 1,883 1,680 (India) 3,991
Target behaviors Distancing; Handwashing Distancing; Hygiene Distancing; Handwashing;

Respiratory hygiene
Debunking fake news; COVID
protocolse

Treatment arms Ten per behaviora; Only SMS Fourb; Only SMS with link to
a celebrity video

Three {SMS onlyc, Phone calls
only, SMS & Phone calls};
Once a month in April and
May; No pure control arm

Fourd {WhatsApp Doctor
video & WhatsApp Doctor
Audio}; Message debunking
fake Bollywood news to
control arm

Respondents Registered at health clinic
6–12 months prior

Current and former village
council members

Households previously
surveyed by two local
organizations

Census of households within
mapped slum borders from
2017

Called after 3 and 5 days 2–14 days 1 month & 2 months e

Treatment compliance Received any COVID-related
SMS; +28.5 p.p. (1.78 times
more than control) (p-value
<0.05)f

Video viewing rate; 1.14%e e Audio message listened (%);
−16 p.p. for low &−12 p.p.
for low incentive

First-order outcomes (respondent behavior)

Distancing Open-ended: Maintain 2 arms
distance
−0.3 p.p. (p-value=0.511)f

Direct: Never came within 2
arms distance when meeting
someone outside of household.

+0.4 p.p. (p-value=0.525)

Direct: Number of
non-household people who
came within 2 arms distance
in the last 2 days
−1.47 (p-value=0.206)
Direct : Went outside the
village (yesterday & day
before yesterday)
−7.4 p.p. (p-value=0.026)

Direct: No close contact with
outsiders at least on 3
separate days in the past week

+85.3 p.p. (p-value=0.001) for
calls-only; +94.8 p.p.
(p-value=0.001) for
calls+SMSg

Direct: Received visitors last
weeke

−6 p.p.(p-value >0.1) for low;
+2 p.p. (p-value >0.1) for
high
Direct: Left slum last weeke

−3 p.p.(p-value >0.1) for low;
−8 p.p. (p-value <0.05) for
high

Handwashing Open-ended: Wash hands with
water and/or soap
+0.2 p.p. (p-value=0.362)f

Direct: Always washed hands
in the last two days
+0.7 p.p. (p-value=0.283)

Not collected Direct: Washed hands five
times in a day at least on 3
separate days in the past week

+80.2 p.p. (p-value=0.001) for
calls-only; +92.6 p.p.
(p-value=0.001) for
calls+SMSg

Open-ended: Number of correct
hand-washing practices
reportede

−0.07 (p-value >0.1) for low ;
+0.07 (p-value >0.1) for high

Second-order outcomes (community behavior)

Distancing Direct: Typical community
member maintained 2 arms
distance
−0.7 p.p. (p-value=0.531)

Not collected Not collected Not collected

Handwashing Direct: Typical community
member washed hands with
soap and water or used hand
sanitizer
+2.2 p.p. (p-value=0.125)

Direct: Times a typical person
in the village washed hands
with soap upon return (%)
+4.7 p.p. (p-value=0.044)

Not collected Not collected

a5 frames ×2 delivery times.
bTwo motivation frames (externality+internality; internality-only) crossed with two ostracism frames (no ostracism; neutral).
cThe SMS scripts have private gain framing.
dCross-randomized video & audio message with high-incentive or low-incentive lottery.
eDetailed data not available.
fFirst-stage results from Table 2; treatment effects on targeted behavior from Table 3.
gUsing Fisher exact p-values from their table A5. Estimates are relative to SMS-only arm, and only for India sample.
other modifications of the messages. It is unclear why the optimal
message characteristics are so different between the two behaviors.
One possibility is that the individuals on the margin for handwashing
and social distancing are different in ways that impact which messages
are more effective. The optimal odds could also still evolve if the
experiment were to have continued for longer. We note, however,
that after 10 rounds, even the best arms are not effective at changing
behavior relative to no message. Overall, the results do not highlight a
clear recommendation for a single SMS design for other campaigns.9

9 This is true even before implementing potential adjustments to account for
he Winner’s curse in this type of experiment (Andrews et al., 2021; Banerjee
t al., 2021).
7

Experimenter demand effects. One challenge in measuring preventive
health behavior in this setting is experimenter demand: respondents
may report practicing social distancing or handwashing simply because
they are aware they are expected to be doing so. For this reason,
our primary outcomes use responses to the unprompted elicitation of
behaviors or practices respondents are taking to prevent COVID-19,
based on the idea that if people are not directly asked whether they
are practicing a behavior, their answers will be more accurate. Ta-
ble A.7 presents correlations across each measurement of our primary
outcomes within the control group, and – consistent with experimenter
demand – the direct elicitation approaches yield considerably higher
rates of both social distancing and handwashing. For both outcomes,
the correlations between our main measure and the other elicitation
approaches are low, which we interpret as evidence that experimenter
demand may be of particular concern. Perhaps most surprisingly, the
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correlation between second-order beliefs about one’s community and
one’s own response to the unprompted elicitation is not significant
for either behavior. We view this as evidence that the community
questions like those asked in Banerjee et al. (2020) are potentially
capturing meaningfully different variation than true individual practice
of preventive health measures.

To explore these issues, we compare our preferred measure to
alternative elicitation approaches in Table A.8. Within each behavior,
the first two columns show effects on the open-ended question (our
preferred outcome) and the direct elicitation measure, respectively. The
third column presents outcomes from our list elicitation, in which we
embedded the behavior of interest with additional statements about
whether the respondent watched television yesterday or talked to a
relative on the phone yesterday. Respondents answered how many of
the statements (out of three) applied to them. Following Banerjee et al.
(2020), the fourth column reports impacts on second-order beliefs of
a typical community member’s practice of social distancing and hand-
washing. For social distancing, we also report whether the respondent
was with non-household members or at any other house other than her
or his own at the time of the interview in columns 5 and 6.

Across all of these measures, there is no evidence of treatment
effects. In Panel A, we evaluate the results for different measures for
each of the outcomes by pooling treatment arms by targeted behavior.
In Panel B of Table A.8, we test for treatment effect heterogeneity by
a measure of social desirability bias using the Marlowe–Crowne scale.
Because we only elicited a random subset of the full set of items for
each respondent, we estimate a 1-parameter item response theory (IRT)
model to aggregate across individuals onto a common scale and use this
measure for heterogeneity analysis. The intuition behind this test is that
if respondents report practicing the behavior because they believe that
is what the enumerator wants to hear, then we should observe stronger
treatment effects among those with a greater latent propensity to desire
social approval. In our analysis, we find no systematic evidence of
differential effects along this margin.10

Heterogeneity and spillovers. We explore three further dimensions of
heterogeneity. First, we examine whether our treatment effects varied
over the course of the study by dividing the experiment duration into
three periods of approximately four weeks. Given that the exploration
sampling was not correctly implemented in the first weeks of our
experiment, we create three approximately equal groups by classifying
the first round as the early period and compare treatment effects
over middle rounds (rounds 2 to 5) and later rounds (rounds 6 to
10) in Table A.9. We do not find any evidence of differing treatment
effects by periods of the experiment, though these effects are somewhat
difficult to interpret for two reasons: first, there is endogenous change
in our treatment as we allocate more shares over the course of the
experiment to more effective arms, and second because the underlying
disease environment and associated risks are changing at the same time.
Second, low SMS-literacy could also attenuate treatment effects; per
Table 1 about 86% of our respondents can read SMS in Hindi. We see
no strong evidence that our treatments were more effective among this
population in A.10, though the point estimates for handwashing are
large and noisy. Third, we test for treatment effects on the 18.2% of
our sample who were randomly assigned to be interviewed five days
after the first message to test for decay of treatment effects. As shown
in Table A.11, we find some evidence of decay of any potential baseline
treatment effect: relative to those interviewed three days after receiving
the first handwashing message, those surveyed five days later are about
six percentage points less likely to report washing their hands. The
point estimates are close to zero for social distancing.

10 We do find statistically significant heterogeneous treatment effects in
he list elicitation for social distancing, but this is difficult to attribute to
xperimenter demand because of the additional statements.
8

Additionally, we evaluate the effects of social distancing and hand-
washing outcomes on wearing protective masks and respiratory hy-
giene (covering mouth and nose while coughing or sneezing) in Ta-
ble A.12. Overall, we find null effects for both outcomes. We also
check for differences in risk perceptions of getting sick from or dying
of COVID-19 and do not see any statistically significant differences
between treatment and control group participants (Figure A.4). This
suggests that the SMS did not cause people to become particularly
more concerned about COVID-19 through increasing the salience of the
disease.

4. Discussion

During a pandemic, effective communication is critical to encourage
the take-up of preventive health behaviors that can help slow the spread
of infections (Van Bavel et al., 2020). This is especially important in
densely populated areas of developing countries with crowded living
quarters and public spaces, and weak health systems.

We examine whether SMS-based information campaigns can be
effective at encouraging the adoption of social distancing and hand-
washing, two key behaviors in preventing the spread of COVID-19.
In our setting of rural Bihar, India, treatment participants are about
2.8 times (28.6 p.p.) more likely to receive a SMS related to COVID-
19 than the control group. However, this first-stage does not translate
into any meaningful impact on knowledge or uptake of social dis-
tancing and handwashing behavior. Based on estimated confidence
intervals, we cannot rule out increases as large as 5.5–5.6 p.p. for
knowledge and adoption of social distancing and 8.8 and 5.6 p.p. for
handwashing knowledge and practice, respectively. Our main results
are not directly comparable to those of similar experiments conducted
during the COVID-19 pandemic in India. These studies work with
different populations and only used direct elicitation (see Table 5 for a
detailed comparison). Our point estimates for prompted questions are
statistically insignificant and at most 0.4 p.p. for always maintaining
two arms distance and 0.7 p.p. for washing hands. Banerjee et al.
(2020) find that the combined direct and spillover effects of their video
intervention decreased travel outside of villages by 7.4 p.p. (20%) and
no significant effect on socially distanced interactions; they also find
no statistically significant effects among the relatively small sample of
respondents who were directly targeted by the experiment. Siddique
et al. (2020) find that phone calls and phone calls paired with SMS
increased knowledge of preventive behaviors by 53 p.p. (28%) and 85
p.p. (45%), respectively. Reported handwashing and avoiding contact
increased by 80–95 p.p. compared to very low compliance in the
control group that received only SMS. In terms of second order beliefs
about typical community member complying with handwashing, we
find an increase of 2.2 p.p. (3% increase relative to control mean)
relative to 4.7 p.p. (7%) in Banerjee et al. (2020).

There are several substantive explanations for our null findings.
First, our study takes place during an advanced stage of the pandemic
when citizens might already be well-informed or too fatigued to re-
spond to nudges. Indeed, in a small number of qualitative interviews
we conducted towards the end of the study period, respondents in-
dicated that they had been exposed to many information campaigns
and had stopped abiding by these advisories. Similarly, participants
may experience higher opportunity costs of adopting certain preventive
behaviors, especially social distancing, after the prolonged economic
disruption. Second, the majority of study participants do not have a
high or very high risk perception of getting infected or dying from
COVID-19 (Appendix Figure A.4). This may reduce their responsiveness
to our information campaign. This perception could be a result of the
low local reported infection rates (Appendix Figure A.1), even though
true infections and deaths may be substantial and under-estimated (Mo-
hanan et al., 2021). Third, SMS may not be a sufficiently engaging
medium (Favero and Pedersen, 2020) and might convey too little

information (Sadish et al., 2021). In contrast to text messages, speaking
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with a real person (Siddique et al., 2020) or watching a video featuring
a well-known person (Banerjee et al., 2020) appear to be effective at
changing behaviors. More generally, many of our respondents do not
read SMS on a daily basis. However, these approaches require that
recipients have smartphones and are willing to use network or internet
bandwidth to download videos, pictures or audio files, or require more
costly live operators to place calls. Finally, although most respondents
indicated that they can read SMS in Hindi, literacy rates in our study
area are low. Other modes of communication, such as phone calls
or picture messages, may be more appropriate and effective for this
population (Siddique et al., 2020). Finally, our relatively young sample
may be less responsive to information if their perceived risk is low, even
if they may be more comfortable with SMS messages.

Overall, information campaigns based on text messages have low
marginal costs and potential to scale but may be ineffective at encour-
aging preventive behaviors, at least after the initial stage of a pandemic.
Other approaches may have more impact and, ultimately, be more
cost-effective.
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