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ABSTRACT. During health crises, like COVID-19, individuals are inundated with messages
promoting health-preserving behavior. Does additional light-touch messaging by a credible
individual change behavior? Do the features of the message matter? To answer this, we
conducted a large-scale messaging campaign in West Bengal, India. Twenty-five million
individuals were sent an SMS containing a 2.5-minute clip, delivered by West Bengal native
and 2019 Nobel laureate Abhijit Banerjee. All messages encouraged reporting symptoms to
the local public health worker. In addition, each message emphasizes one health-preserving
behavior (distancing or hygiene) and one motivation for action (effects on everyone or just on
self). Further, some messages addressed concerns about ostracism of the infected. Messages
were randomized at the PIN code level. As control, three million individuals received a
message pointing them to government information. The campaign (i) doubled the reporting
of health symptoms to the community health workers (p = 0.001 for fever, p = 0.024 for
respiratory symptoms); (ii) decreased travel beyond one’s village in the last two days by
20% (p = 0.026) (on a basis of 37% in control) and increased estimated hand-washing when
returning home by 7% (p = 0.044) (67.5% in control); (iii) spilled over to behaviors not
mentioned in the message — mask-wearing was never mentioned but increased 2% (p =
0.042), while distancing and hygiene both increased in the sample where they were not
mentioned by similar amounts as where they were mentioned; (iv) spilled over onto non-
recipients within the same community, with effects similar to those for individuals who

received the messages.
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1. INTRODUCTION

At the outset of the COVID-19 pandemic, governments faced the need to rapidly
inform their population about the new disease: its symptoms, mechanisms of trans-
mission, and behaviors that limit its spread. In particular, policymakers sought to in-
crease hygienic behaviors, such as handwashing, social distancing, and mask-wearing
(Lewnard and Lo, 2020; Prather et al., 2020; Kissler et al., 2020). In the absence of
widespread testing, they also needed to rapidly put in place an effective system of
reporting COVID-19 symptoms.

Very quickly, individuals were inundated with messages from numerous sources. In
India, by the end of March and beginning of April 2020, individuals received messages
about distancing and hygiene through television, radio, public signs, local government
addresses, and even a short jingle accompanying outgoing mobile phone calls. Besides
these official sources, they also receive messages via physical conversations, phone
calls, WhatsApp, Facebook and Twitter.

In a survey in the Indian state of West Bengal, residents reported that on average
in the two previous days, they heard about the importance of social distancing 20.2
times, about washing hands 16.9 times, and about wearing masks 17.2 times (N =
408) (see Appendix B, Table B2).

Absorbing and acting on multiple streams of information may be challenging and
despite the ubiquity of messages, or perhaps because of it, compliance with basic
recommendations is far from complete. Despite a nationwide lockdown in India during
the time of this experiment, on average, 37% of our respondents in the control group
left their village at least once every two days. Respondents report that typical villagers
systematically wash their hands only 68% of the times when returning home. This
suggests that the Indian government’s public health messaging was either ignored,
forgotten, misunderstood, or insufficiently disseminated within the community.

How can we create messages to have an impact in this setting of information over-
load? One potential avenue is celebrity messaging, a common public health tool in
both normal times and the COVID-19 crisis. Our previous research on Twitter in
Indonesia shows that there is a large premium for celebrity messaging in the context
of vaccination, and the value is mostly driven by authentic messages coming from the
celebrity’s voice rather than echoing others such as the Ministry of Health (Alatas
et al., 2019), but perhaps such messages get drowned in a context with such informa-

tion overload? Further, assuming that messaging works, how should the message be
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designed and diffused for effectiveness? In particular, should we provide comprehen-
sive information about the best way to stay safe, which may be ignored (given the
evidence that most people have limited attention span (Abaluck and Gruber, 2011;
Beshears et al., 2013; Carvalho and Silverman, 2019)) or rely on the fact that the
information is already out there and people mostly need a nudge to pay attention to
it, in which case a pithy and memorable message might work better? And finally, is
it important that we reach everyone directly or can we limit outreach and rely on the
information diffusing through the community?

To answer these questions, we conducted a large-scale randomized controlled trial
in West Bengal, a large state in India (population 91.3 million'), with over two-thirds
of the population living in rural areas.

We designed 2.5-minute-long video clips, delivered by Abhijit Banerjee, an author
of this study and a public intellectual, who is native to West Bengal and grew up there.
Since receiving the 2019 Sveriges Riksbank Prize in Economic Sciences in memory
of Alfred Nobel (also known as the Nobel Prize in Economics), he has been covered
widely in West Bengal media. He is also the chair of the West Bengal government’s
COVID-19 advisory board.

In the experiment, these video messages were sent via a link embedded in a text
message to 25 million subscribers of the phone network Reliance Jio (henceforth Jio),
randomly selected out of 28 million subscribers. The remaining three million received
a text containing a link to the government website on COVID-19, similar to the many
messages they have already received.

All video messages instructed individuals with cough and fever to contact their local
frontline health worker. In addition, there were eight different variants emphasizing
one practice (social distancing or hand-washing), one rationale for action (cost to self
or cost to everyone including self), and a social problem (either an explicit statement
that ostracism of COVID-19 victims is unacceptable and should be reported to the
authorities, or no mention of the issue). Experimental message treatments were ran-
domized at the PIN code (Postal Index Number) level across 1214 out of the state’s

1264 PIN codes, covering an estimated 88 million people.?

ndia does not use PIN codes as an administrative unit, so we lack precise data about the population
within each PIN code. We deliver messages in 1214 out of the 1264 PIN codes in West Bengal, and
estimate the total population in our study area by scaling the state’s population of 91.3 million down
by factor of 1214/1264. We present this estimate purely for illustrative purposes.

2India does not use PIN codes as an administrative unit, so we lack precise data about the population
within each PIN code. We deliver messages in 1214 out of the 1264 PIN codes in West Bengal, and
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A few days after the campaign, we conducted two surveys. First, we surveyed 677
frontline health workers from the sample communities to ask them about reporting
of symptoms. Second, we surveyed a random sample of 1,883 individuals drawn
from a publicly-available database of former and current local village council (gram
panchayat) members. We measured health-preserving behaviors, including whether
individuals traveled outside their villages, the number of interactions within two arms’
length (which was how the two meters mentioned in the message was interpreted in the
local context), the estimated frequency of hand-washing upon returning home, and
the use of masks or similar face covering when leaving home. We also measured the
frequency of conversations that respondents had about COVID-19 (which included
both face-to-face discussions, phone calls, or chats such as WhatsApp), beliefs about
symptomatic and asymptomatic carriers, and knowledge of the virus. Our surveyed
individuals included both those who received the message (Jio users) and those who
were not messaged directly (non-Jio users).

Our results demonstrate large effects of treatment with significant spillovers both
from message recipients onto non-recipients and also onto behaviors that were not
emphasized in the message.

First, reporting of symptoms to the frontline health workers, critical to the tracking
of the epidemic, doubled. Since the measurement was done within five days of the
intervention, this almost certainly reflects reporting, rather than an increased level of
sickness, given lag times for transmission and the time it takes for someone to become
symptomatic. Second, rates of not leaving the village, washing hands and wearing
masks improved significantly in treatment communities. Critically, the effects are of
similar magnitudes for behaviors targeted in the videos (not traveling out, washing
hands) and those not even mentioned (mask use). Third, distancing (hygiene) went
up in the sample where only hygiene (distancing) was mentioned by more or less
the same amount as when distancing (hygiene) was explicitly mentioned. Both these
spillovers are consistent with the view that the message acted as a nudge. Finally,
magnitudes of the effects are also similar between Jio users and others, suggesting
significant community diffusion of health behaviors.

Overall, the results show that even against a background of a high level of messag-
ing, an additional message by a respected public figure can still have large direct and

indirect effects.

estimate the total population in our study area by scaling the state’s population of 91.3 million down
by factor of 1214/1264. We present this estimate purely for illustrative purposes.
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2. CONTEXT, EXPERIMENT, AND DATA

2.1. Context. This study took place in the state of West Bengal, India. West Bengal
has a population of 91.3 million, with 62.2 million living in rural areas. The literacy
rate is 77.08% (Office of the Registrar General and Census Commissioner, India,
2011). As of March 19, 2019, around 57.72 million had access to mobile devices
(Department of Telecommunications, India, 2019).

Community health workers (Accredited Social Health Activists, known as ASHAs)
serve an important role in West Bengal’s COVID-19 response as frontline health
workers. Introduced as a part of the National Rural Health Mission in 2005, ASHAs
are women selected from within the community itself, and each ASHA is responsible
for serving the health needs of approximately 1000 residents. Prior to the pandemic,
ASHAs primarily focused on maternal and newborn health, family planning, child
vaccinations, and monitoring TB patients (further details are in Appendix A.1.2).
During the pandemic, ASHAs have been re-purposed to become the frontline health
workers responsible for connecting communities to the formal healthcare system for
COVID-19 concerns (Ministry of Health and Family Welfare, India, 2020). They are
tasked with community outreach, screening for symptoms, tracking return of migrants
via door-to-door checks, and referring cases to higher healthcare facilities.

In response to COVID-19, India began a nationwide lockdown on March 24, 2020.
At the time of our survey, India was in “Phase 3” of this lockdown, which began on
May 4, 2020 and was scheduled to last for the next two weeks. During this period
the country was divided into red, orange, and green zones. Red zones were those
with high COVID-19 cases that were increasing steadily, orange zones were those
with comparatively fewer cases, and green zones were those without any cases in the
past 21 days. At the start of our information campaign, out of the 23 districts in
West Bengal, 10 districts were red zones, five were orange, and eight were green.
Prior to Phase 3, states prohibited all non-essential services, inter-district travel, and
suspended all public transport. Phase 3 saw relaxations on some activities primarily
in green and orange zones, including inter-district travel with limits on the number
of passengers and resumption of public transport at 50 percent capacity.

Through all phases of the lockdown, individuals received messages on precautions,
hygiene and distancing through public service announcements on television, radio,
newspapers, and via text messages and jingles from their telecom service providers.
State governments also ran information campaigns (including using celebrity videos)

that were shared on social media. Apart from this, individuals received messages
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through their social networks via platforms like Facebook, WhatsApp and TikTok.
In a separate survey we ran in West Bengal, respondents reported hearing about
social distancing 20.2 times, washing hands 16.9 times and wearing masks 17.2 times
in the last 2 days (N = 408, Appendix B, Table B2).

2.2. Experiment. We delivered eight treatment messages in a cross-randomized
2 x 2 x 2+ 1 design, described below. The exact scripts were crafted under the
guidance of a physician member of the West Bengal COVID-19 advisory board, Ab-
hijit Chowdhury, as well as physician Marcella Alsan, both co-authors of this study
and are included in Appendix ??. Each message emphasized a health behavior and a

motivation for acting, and some messages addressed concerns of ostracism of the ill:

T1: Health Behavior: Social distancing vs. Hygiene
The message varied in whether it emphasized that people must maintain
2-meter distance (as mandated by the government), or the steps individuals
must take to maintain hygiene (e.g., hand-washing with soap). Some other
behaviors (e.g., not spitting) were mentioned in both and others (like wearing
a mask) came up in neither.
T2: Motivation: Externality + Internality vs. Internality
The message varied in whether it emphasized that the illness could be dam-
aging to others in one’s community, especially the elderly and vulnerable
(externality) or not. Both types of messages mentioned the effect on oneself
(internality).
T3: Ostracism: Anti-ostracism vs. No Mention
The message varied in whether it explicitly stated that ostracism of COVID-
19 victims is unacceptable and should be reported to the authorities, or stayed

silent on that issue.

Every message concluded by encouraging the individual to contact a health worker if
exhibiting symptoms of fever or coughing.

The messages were recorded by Abhijit Banerjee in separate 2.5-minute video clips
posted privately on YouTube. Banerjee jointly won the Nobel Prize in Economics in
October 2019 and is also the chair of the West Bengal COVID-19 advisory board.
Both events, his winning the Nobel Prize and his role in advising in the state during
the pandemic, have received widespread media coverage in West Bengal.

To deliver messages we partnered with Reliance Jio, one of the largest telecom

operators in India. We randomized each of the 1214 study PIN codes to receive one
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of the messages, and stratified our randomization at the district level 3. The telecom
partner then sent SMS messages to each of the 28 million subscribers on their network
in the study PIN codes. All SMS messages were sent on May 4, 2020 and May 5,
2020.

Subscribers in 1085 treatment PIN codes received an SMS with a link to one of
the eight video messages. The message contained the text: “Nobel laureate Abhijit
Vinayak Banerjee’s appeal on the subject of Coronavirus” and the unique YouTube
link to the treatment’s message. Those in 129 control PIN codes received an SMS
with a link to a government website with COVID-19 information, similar to typical
government messaging. The message contained the text: “An appeal on the subject
of Coronavirus” and a link to a website with COVID-19 information.* In total,
24,585,927 Jio users received an SMS message with a link to a video message and

3,358,819 received the control message.

2.3. Data. We collected two datasets to measure the impact of the campaign. First,
we surveyed 677 ASHAs by phone within 5 days of the messaging intervention to
measure symptom reporting in their local communities. Second, from May 8, 2020
to May 19, 2020, we surveyed by phone a random sample of individuals drawn from
a publicly available phone directory of previous and current village council (gram
panchayat) members. This generated a cross-sectional dataset spanning nine days.
In the council member survey, we asked respondents whether they had traveled
outside their village in the last 2 days. We also asked them the total number of
individuals they interacted with within two arms’ length, both within their own village
as well as outside of their own village, over the last 2 days. To measure the level of
conversation, we asked them the total number of people from whom they received
information, or gave information about COVID-19 over the last 2 days, be it in
person, over phone, on chat, or by other means. Hygiene practices were measured
by asking respondents whether they wear a mask when they step out of the house,
and how many times (out of 10) a typical person living in their village washes their

hands after coming back home (we deliberately ask about community handwashing to

3India has 36 States and Union territories. Each of these is further divided into administrative units
called districts. There are 19 districts in our study area. We use districts as specified in the most
recent Indian Census.

4These messages contained the link: https://wb.gov.in/COVID-19.aspx
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avoid demand effects). Respondents were also assessed for their knowledge of COVID-
19 symptoms and precautions.” For non-binary variables (number of COVID-related
conversations and number of in-person interactions), we winsorize at the 95%-ile level
to deal with unreasonable outliers and further show robustness to the 97.5%-ile cut
off in Appendix B, Table B3.

To keep the survey short, we collected minimal demographic information: gender,
age, current council member status and smartphone access. 57.6% of our sample
individuals belonged to a household where at least one member had a Jio connection.
Henceforth, we refer to these individuals as the Jio sample. Compared to the non-Jio
population, Jio users are significantly and substantially more likely to be male (21.5%
vs. 14.3%, p < 0.01) and own a smartphone (81.1% vs. 61.5%, p < 0.01), and perhaps
slightly younger as well (mean age 44.3 vs 45.8, t-test p < 0.01).

The rates of health-preserving behavior in the control villages are often low, but
varied. On average over the past two days, despite the lockdown, 37% of individuals
had travelled to other villages, the average respondent had interacted with 11 people
within 2 arms’ distance and reported washing their hands when they return home
only 65.7%, of the time. However, 97.8% wear a mask or cover their face when going
outside their house.

Finally, we have direct view counts of each video from YouTube (displayed in Ap-
pendix B, Figure B6). All treatments had similar viewing rates, on average 1.14%.
The low viewing rate is consistent with the literature on click-through-rates, which
documents low rates (0.3%-2.6%) (Richardson et al., 2007; Kanich et al., 2008). De-
spite this, given the large reach of the messaging campaign, 279,800 unique individuals
eventually clicked on the link to watch the video. In what follows, we focus on treat-
ment as receiving our treatment SMS (intention-to-treat from the perspective of the
YouTube video) and the spillovers from the Jio to the non-Jio individuals within a
PIN code.

3. RESULTS

3.1. Reporting Symptoms to Health Workers. Because every message encour-

aged individuals to report symptoms to the ASHA, we examine how reporting rates

SWe used the WHO list of symptoms to distinguish between correct and incorrect symptoms. Cor-
rect symptoms include cough, shortness of breath, sore throat, feverloss of taste, loss of smell,
diarrhea, body aches, headaches, covid-toes, conjunctivitis, tiredness, chest pain, and rash. Incor-
rect symptoms include unny nose, vomiting, dizziness, itching,chills, and swelling in the legs and
feet
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TABLE 1. ASHA Regressions

(1) (2)
VARIABLES Number of Fever Cases Number of Respiratory Cases

TREATMENT 0.272 0.187
(0.082) (0.083)
[0.001] [0.024]
Observations 677 677
District FE v v
Total Rounds FE v v
Smartphone FE v v
Control Mean 0.247 0.198

Notes: Both columns look at cases reported within a window of 5 days after broadcasting.

We include fixed effects for district, total number of survey rounds, and smartphone access,
and further control for the number of households the ASHA supervises. Standard errors
are clustered at the PIN code level and reported in parentheses, and p-values are reported
in brackets.

for fevers and respiratory issues responded to messaging. To isolate a reporting effect,
as opposed to possible effects on disease transmission itself, we look at reports within
a 5-day horizon of the intervention. Given that the average incubation period is 5.1
days (Li et al., 2020; Guan et al., 2020; Chan et al., 2020; Lauer et al., 2020), as well
as time lags for disease transmission, limiting ourselves to reports within 5 days of
the intervention means that is likely almost entirely capturing a change in reporting.
To show robustness, we study 3 and 4 day window periods (Appendix B, Tables B4
and B5) and find similar results there as well.

We estimate treatment effects using the following regression:
(3.1) y; = fTreatment; + 0'X; + ¢,

where y; is, for ASHA worker j, the number of reports of fever or of respiratory
symptoms. Reports include all means through which an ASHA might find out about
a case: through regular home visits, over the phone, or via the patient or their
household members approaching the ASHA in person. Xj is a vector of controls
including smartphone access and the number of households supervised by the ASHA
and fixed effects including district and total rounds of surveys done with the ASHA
within a 5 day horizon of the intervention. All standard errors are clustered at the

PIN code level. We find large effects on reporting. Reporting of fevers increases by
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TABLE 2. Phone Survey Regressions

M @ ®) @ ) ©)
VARIABLES Did you travel Number of Estimated % Did you use a Number of COVID-19
outside your interactions time washing mask? conversations in Knowledge
village? with people hands upon person /online Index
within 2 arms ~ returning home /mobile about
length COVID-19
Panel A: Pooled
TREATMENT -0.074 -1.473 0.047 0.019 -2.099 0.097
(0.033) (1.164) (0.023) (0.009) (1.303) (0.123)
[0.026] [0.206] [0.044] [0.042] [0.108] [0.435]
Observations 1,883 1,875 1,821 1,883 1,881 1,883
District FE v v v v v v
Survey Day FE v v v v v v
Jio FE v v v v v v
Control Mean 0.370 11.052 0.675 0.978 11.678 5.135
Panel B: Jio
TREATMENT -0.061 0.421 0.012 0.023 -0.539 0.227
(0.043) (1.527) (0.030) (0.014) (1.604) (0.140)
[0.155] [0.783] [0.694] [0.088] [0.737] [0.106]
Observations 1,082 1,076 1,046 1,082 1,082 1,082
District FE v v v v v v
Survey Day FE v v v v v v
Control Mean 0.376 10.096 0.708 0.976 11.368 5.088
Panel C: Non Jio
TREATMENT -0.094 -3.869 0.088 0.011 -3.794 -0.077
(0.057) (2.073) (0.036) (0.012) (2.121) (0.199)
[0.100] [0.063] [0.015] [0.349] [0.074] [0.699]
Observations 801 799 775 801 799 801
District FE v v v v v v
Survey Day FE v v v v v v
Control Mean 0.362 12.190 0.636 0.981 12.048 5.190
Treat(Jio) = 0.645 0.112 0.100 0.492 0.221 0.174
Treat(non-Jio)

Notes: All columns control for district and survey day fixed effects. Panel A also includes a Jio access fixed effect. The last row
presents p-values for a test of equality between treatment effects in the Jio and non-Jio samples. Respondent level controls also
include age, gender and smartphone access. Standard errors are clustered at the PIN code level and reported in parentheses, and
p-values are reported in brackets.

110% relative to the control mean (p = 0.001) and reporting of respiratory symptoms
increases by 94% (p = 0.024). In the absence of widespread community testing to

track disease spread, this is an extremely important and promising result.

3.2. Effects of Messaging. Next we report on self-reports of behavior in the com-
munity. Table 2 presents estimated treatment effects, pooling all eight messages.
Panel A presents results across the entire sample, including both Jio recipients and
non-Jio community members. Panels B and C restrict results to Jio recipients and to

non-Jio community members, respectively. In all cases, for respondent 7 in PIN code
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p and on survey day t, we estimate
(3.2) Yipt = BTreatment, + 6’ X;p + €

where y;,; is one of the following outcomes: traveling outside the village, interac-
tions within two arms’ length, percent of times washing hands upon returning home,
mask usage when leaving home, conversations about COVID-19, and knowledge about
COVID-19. Treatment,, indicates whether the PIN code p was assigned to any of the
eight treatment messages, and X, is a vector of controls including a district fixed
effect, a survey day fixed effect, a dummy for ¢ being a Jio user, and controls for age,
gender and smartphone access. All standard errors are clustered at the PIN code
level.

We begin by examining behaviors mentioned explicitly in messaging (columns 1-3).
In column 1, we see that being in a treated PIN code decreased travel outside one’s
village by 20% (p = 0.026). These effects are statistically indistinguishable in the Jio
and non-Jio samples and if anything, appear to be smaller in magnitude in the Jio
sample. As noted already, the Jio sample is quite different from the non-Jio sample
so we focus on the fact that there is an effect in the non-Jio sample, rather than the
difference between the two samples.

Treatment had no statistically detectable effect on social interactions that were not
appropriately socially distanced, with a 13.3% decline (p = 0.206, column 2) relative
to a base of 11.05 interactions with others within two arms’ distance in control villages.
This effect is larger among non-Jio users (31.7% decline, p = 0.063), but dampened
by an insignificant 4.2% (p = 0.783) increase in interactions among Jio users.

Column 3 shows treatment increased the rate of estimated hand washing upon
returning home from outside by 7% (p = 0.044) relative to the control village mean
of 67.5%. Again, the effect is indistinguishable from zero for Jio users (p = 0.694) but
large for non-Jio users, who report increases in handwashing by 13.8% (p = 0.015).

Column 4 reports impact on a behavior that was not directly targeted. Despite
a high baseline use rates of masks (97.8%), treatment spilled over to that behavior:
mask usage increased by 1.9pp (p = 0.042). We find this increase in both the Jio
and non-Jio samples, though less precisely than in the pooled sample. In Appendix
B, Table B3, we look at respondents’ estimates of mask usage by others in their
community and find a 4.0% (p = 0.037) increase relative to the control village mean

of 77.2%.
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The key result is thus that the intervention induced behavioral changes both in
reporting of symptoms and in prevention behavior and spilling over on to behaviors
that were not mentioned in the video, and these changes were at least as large in the
sample that was not directly treated, indicating large-scale community diffusion.

The next two columns investigate whether direct communication was a likely mech-
anism for this community diffusion. Column (7) looks at knowledge about COVID-19.
Knowledge also slightly improved in the Jio treated group (4.5%, p = 0.106), though
not in the non-Jio group (the point estimate is a reduction of 1.4%, p = 0.699 in the
knowledge index of this group). We don’t find evidence that the intervention sparked
conversations: in column 5 we estimate an 18% decline in the number of conversations
(in-person/online/on mobile) regarding COVID-19 (p = 0.108). The drop is partic-
ularly large among non-Jio community members (31.4%, p = 0.074), while for Jio
recipients it is indistinguishable from zero (p = 0.737). These findings are consistent
with people having fewer in-person interactions within 2 arms’ distance—as we report
above, there is a large effect on this measure of distancing though it is not significant
in the pooled sample—and not fully compensating for the missed conversations, be it
in person, over phone, on chat, or by other means. This interpretation explains both
the large drop in conversations for the non-Jio sample, who also report far fewer in-
person interactions, and the small drop in conversations in the Jio sample, for whom
there is no drop in in-person interactions. The finding that mass messaging doesn’t
necessarily spark conversations on a complicated topic is also consistent with other
recent empirical work in India (Banerjee et al., 2019). Overall it does not appear
likely that it is through conversations about COVID-19 that the intervention led to
diffusion: it seems more likely to have come from direct observations and imitation

of behavior.

3.3. Effects by Content. We next separately analyze the three message topics and
show results in Figure 1. In Appendix B, Figures B4 and B5, we further disaggregate
this analysis for both the Jio and non-Jio samples. Here, we fit a separate regression
for each of the three topics (behavior, motivation, and ostracism), including dummies
for the two message variants within a topic and omitting a dummy for the control

group. We adjust for the same covariates as in Table 2 and use the specification
(33) Yipt = & + Bml‘/;)ml + BmQ‘/me + 5/Xipt + €ipt-

Here m indexes each of the three regressions conducted, one for each of behavior,

motivation, and ostracism. V1 and V2 are dummies for the message variants
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FiGure 1. Effects by Content
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[SD =Hyg :0.46 | Ext=1Int:0.97 | NO = Neut: 0.64] [SD=Hyg :0.87 | Ext=Int:0.43 | NO = Neut:0.78] [SD=Hyg :0.84 | Ext=1Int:0.69 | NO = Neut: 0.40]

Notes: This figure presents estimated treatment effects by message content, with each panel
presenting the treatment effect on a separate outcome. For all regressions, we use district and
survey day, as well as controls for age, gender, smartphone access, and 