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Abstract

In a series of large-scale experiments, I test the efficacy of a novel approach for
locally crowdsourcing interventions. Participants (n = 1,822) created nudges to
encourage recipients to opt-in to receive notifications about the spread of
COVID-19 in Kenya. Another set of participants (n = 1,360) predicted the
effects of these nudges, and following preregistration I selected the top ten
interventions for further testing. In two randomized field experiments, I evaluated
the effects of all 1,822 nudges (n = 40,911) and the ten crowd-selected nudges (n
= 35, 183). The average nudge reduced uptake of the notification service by 19.6%
relative to control (p = 0.20). However, the ten crowd-selected nudges increased
adoption by 44.0%(p < 0.01) or 39.4% (p = 0.05) compared to benchmark nudges.
In a follow-up study (n = 2, 284), only local forecasters similar to intervention
recipients could predict which types of nudges would be effective. These results
demonstrate the efficacy of crowdsourced interventions: local participants can
produce effective nudges, and incentivized local forecasts provide a mechanism to

harness the wisdom of crowds to identify these interventions.
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1 Introduction

Recent cross-country experiments show that local conditions significantly affect the effi-
cacy of interventions (Banerjee et al., 2015; Dunning et al., 2019; Kizilcec et al., 2020;
Blair et al., 2021; Slough et al., 2021; Legate et al., 2022). As a result, researchers and
policymakers are increasingly calling for tailored interventions that suit the local context
(Bates and Glennerster, 2017; Bryan et al., 2021; Szaszi et al., 2022). While foundational
theories across the social sciences highlight the power of “local knowledge” to inform pol-
icy (Rousseau, 1782; Galton, 1907; Hayek, 1945; March and Simon, 1955; Arrow, 1971;
Brown and Duguid, 1991; Fischer, 2000; Surowiecki, 2005), there is a shortage of practical
guidance and causal evidence on how this can be done.

I introduce a new paradigm for producing policy interventions and demonstrate its
effectiveness in a series of large-scale field experiments. In these studies, I elicit over
1,800 policies from people similar to intervention recipients, and then use incentivized
predictions from crowds of local participants to prioritize interventions for further testing.
The procedure is based on the intuition that people familiar with a particular setting
possess rich information about the types of interventions that will be effective in their
environment, but this information is often noisy (Kahneman et al., 2021) requiring the
“wisdom of crowds” to extract promising policies (Galton, 1907; Surowiecki, 2005).

In two large-scale randomized field experiments with over 75,000 participants, I es-
timate the causal effects of (i) the full set of policies crowdsourced from participants,
and (i7) the “crowd-selected” policies that were predicted to be most effective. This ex-
perimental procedure differs in important ways from the tremendous number of previous
randomized policy experiments. First, traditional experiments evaluate the effects of a
predefined set of interventions, whereas mine evaluates the effects of interventions elicited
from local participants (following a pre-registered protocol). This bottom-up approach
for designing interventions is appealing because it provides a mechanism for interventions
to be tailored to the local setting.

Second, my experiments provide causal evidence on how to crowdsource policies, in
contrast to previous research that has evaluated the effect of a single crowdsourced policy
(Zhang et al., 2015; Pan et al., 2017; Tang et al., 2019). Specifically, I evaluate the
impact of providing different randomized incentives to local policy designers, investigate
the importance of crowd-selection to reduce noise in the crowdsourcing process, and test
whether crowd forecasts need to be “local” to identify impactful policies. The empirical

results from these experiments insights into how local knowledge can be leveraged to



produce and identify high-impact policies, which complement other recent innovations in
experimental social science (Banerjee et al., 2021; Milkman et al., 2021; Almaatouq et al.,
2021; Duckworth and Milkman, 2022).

Concretely, participants designed light-touch nudges in the form of a short text mes-
sage intervention aimed at increasing opt-in to a COVID-19 notification service in Kenya.
Nudge interventions of this sort have gained widespread adoption among policymakers
and researchers (Thaler, 2018; Duckworth and Milkman, 2022; DellaVigna and Linos,
2022). First, I recruited 1,822 Kenyan participants over online advertisements, and each
participant created a single text message nudge. Then, I randomly assigned participants
to one of three different incentive schemes that provided bonus payments based on the effi-
cacy of their nudges (Gibbs et al., 2017; Charness and Grieco, 2019). Second, I developed
a crowd-selection procedure that leveraged the wisdom of crowds to reduce noise in the
crowdsourcing process. From a sample of 1,360 Kenyan participants, I collected 324,160
incentive-compatible forecasts of the causal effects of the locally designed nudges. Unlike
previous studies that collected predictions of the causal effects of interventions (DellaVi-
gna and Pope, 2018; Thomas et al., 2020; Milkman et al., 2021, 2022; Otis, 2022), I used
these forecasts to select the ten nudge interventions with the largest predicted effects for
additional testing.

Next, I conducted two large field experiments to estimate the causal effects of these
crowdsourced nudges on recipients’ willingness to opt into the COVID-19 notification
service. In the first experiment (n = 40,911), I evaluated (i) the average impact of all
1,822 crowdsourced nudges relative to a control condition, and (i) whether the efficacy of
these nudges varies based on the incentives faced by the nudge producers. In the second
experiment (n =35,183), I estimated the causal effect of the 10 nudges with the highest
crowd-predicted effects relative to the same control and three benchmark nudges from
the literature (two messages) and based on communications from the Kenyan Ministry of
Health (one message).

I present four main results. First, the average treatment effect across all 1,822 nudges
is, if anything, negative, reducing opt-in rates by 19.6% (0.21 percentage points (pp);
p=0.20) compared to a control message. This result is not driven by a lack of incentives for
participants to create persuasive content; those facing higher incentives for nudge efficacy
spend significantly more time designing messages (p < 0.001) but produce messages that
are no more effective. Second, I evaluate the effects of the 10 crowd-selected nudges that
local participants predicted would have the largest causal effect. The crowd-prediction

procedure allows me to aggregate the beliefs of many participants, reducing noise in



the crowdsourcing process. These crowd-selected nudges increase opt-in to the COVID-
19 notification service by 44.0% (0.41 pp; p<0.01) compared to the control group or by
39.4% (0.31 pp; p=0.05) relative to three benchmark conditions. Finally, using predictions
from a new set of participants, I demonstrate that local Kenyan participants’ predictions
correlate strongly with observed experimental effects (cor=0.69, CIgs = [0.33,0.85]), while
nonlocal forecasters (from the U.S.) fail to identify what types of interventions will be
effective (cor=-0.19, Clgs = [—0.53,0.20]. Together, these results provide evidence on the
effectiveness of crowdsourced and crowd-selected nudges: local participants can create
effective nudges, and incentivized predictions from local crowds provide a mechanism to
identify effective nudges from a larger menu of interventions.

The remainder of the paper is structured as follows. Section 2 provides an overview
of the experiments and results. Section 3 concludes. Details on the design of the four

studies and the empirical strategy are provided in Section 4 and in the appendix.

2 Experimental design and results

Crowdsourcing nudges (Study 1). To generate a large set of crowdsourced nudge
interventions I recruited 1,822 Kenyan participants over Facebook ads. Each partici-
pant designed a text message to increase opt-in to an SMS-based notification service that
provides updates on the spread of COVID-19 in Kenya (For details on recruitment, see
Appendix C). This service provides details on the positivity rate, deaths, and the distri-
bution of cases across the country. Light-touch changes to communication materials are
among the most used policy levers in behavioral science (DellaVigna and Linos, 2022),
and delivering accurate real-time information on the spread of COVID-19 has been a key
priority of the Kenyan Ministry of Health (Kenyan Ministry of Health, 2019, 2020), and
is a cornerstone of pandemic control (Organization et al., 2017; Tumpey et al., 2018).
Figure 1 provides an overview of the experimental design (Panel A), and a depiction of
how nudges are displayed to participants (Panel B), and Panel A of Table A1 provides a
randomly selected list of ten example messages.

Participants creating nudge interventions were randomly assigned to one of three dif-
ferent incentive contracts that paid either 0, 4, or 10 Kenyan Shillings for each randomly
assigned recipient that opted into the notification platform (as reference, study partici-
pants earned about 250 Kenyan Shillings ~$2.50 per day). Both incentive conditions were
effective at increasing effort; incentivized participants spent on average 0.78 more minutes

(winsorized at the 5% level) creating their messages (0.32 sd, p < 0.001; see Figure A1 for



robustness checks). There was no significant difference in completion time by incentive
level (p = 0.50), suggesting that incentives were sufficiently large to induce effort to a

point where marginal costs were high.

Crowd selection of nudges (Study 2). The previous study crowdsourced a large
menu of interventions, but some of these interventions are going to be from producers of
low ability or who exert minimal effort. In other words, crowdsourcing produces many
nudges, but quality of crowdsourced content is likely to be variable. Study 2 extends the
crowdsourcing process to crowd selection of nudges. I collected 324,160 forecasts of the
causal effects of 1,496 messages in Study 1 from a new sample of 1,360 forecasters (see
Appendix C for details). Following preregistration, the ten nudges with the largest pre-

dicted effects were selected for experimental evaluation in Study 4, as depicted in Figure 2.

Evaluating crowdsourced nudges. I ran two large experiments (ngtuays = 40,911 and
Nstudya = 35, 183) to evaluate the effects of the crowdsourced nudges. All message recip-
ients were sent an invitation to opt in to the COVID-19 notification service, which was
accompanied by a randomly assigned nudge intervention in the treatment conditions (see
Figure 1 for details). The main outcome is the percent of participants that opt into the
notification service, which they were only able to do through the text message invitation.
While the focus of this study is on the effects of crowdsourced nudges, Panel C of Table A6
and Table A9 also provide evidence on the effectiveness of financial incentives for signing

up for the information service.

The average effect of crowdsourced nudges (Study 3). How effective are the 1,822
crowdsourced nudges at increasing adoption of the COVID-19 notification service? I ran-
domly assigned these nudges to a sample of 36,517 participants and compared the pooled
effect of these interventions to a control condition (n = 4,394) that received the invitation
depicted in Panel B of Figure 1, absent any additional motivating message. Panel A of
Figure 3 depicts the average effects of the crowdsourced nudges. Compared to the con-
trol condition which opted in on average 1.07% of the time, the 1,822 nudges on average
decrease opt-in rates by 19.6% (0.21 pp; p =0.20).

Effect of incentives on nudge efficacy. Are participants creating ineffective nudges
due to lack of incentives? In Study 1, I randomized the sample of 1,822 participants

to one of three outcome contingent contracts that paid 0, 4, or 10 Kenyan Shillings for



each message recipient that signed up for the COVID-19 notification service, Panel B of

Figure 3 shows that incentives did not improve average nudge effectiveness.

The effect of crowd-selected nudges (Study 4). Next, I test the effects of the ten
messages from Study 3 that participants predicted would be most effective. Each of these
crowd-selected nudges was sent to an average of 1,864 new recipients (18,665 participants
total). I benchmark these crowd-selected nudges against (4) the control message from
Study 3 (n = 10,939), and (4) three additional messages (sent to a total of 5,579 partic-
ipants) based on recent experimental literature (Legate et al., 2022) and a public health
campaign from the Kenyan government (see Appendix E for details). Importantly, the
purpose of this study is to estimate the aggregate impact of messages predicted to have
the largest experimental effects relative to control and benchmark conditions. It is not
meant to test the effects of individual messages, nor is it powered to make these com-
parisons. Panel A of Figure 4 depicts the effects of the crowd-selected and benchmark
messages relative to the pure control, and Panel B displays the effects of the ten crowd-
selected messages and the three benchmark messages. The crowd-selected nudges lead to
an average increase in opt-in rates of 44.0% over the pure control (0.41 pp; p<0.01), and
a 39.4% (0.31 pp; p=0.05) improvement over the three benchmark messages. Comparing
across studies the crowd-selected nudges outperform the full set of crowdsourced nudges
by 0.61 pp (p < 0.01).

The value of local knowledge (Study 5). The results presented so far demonstrate
that local forecasters can identify effective policies in their environment, but other fore-
casters may also be effective regardless of their contextual familiarity. I compared 278,810
forecasts from 1,138 non-local forecasters on Amazon Mechanical Turk (MTurk) in the
US, to 280,770 forecasts from 1,146 local forecasters in Kenya. Both groups spent a simi-
lar amount of time providing forecasts (723 seconds for locals and 751 for non-locals), and
previous research has shown that MTurk participants can provide accurate predictions of
experimental results in the U.S. (DellaVigna and Pope, 2018).

For each group I first calculate the average predicted effects of messages which were
grouped by research assistants into nine topics following a preregistered protocol (see
Appendix G for detail). I then calculate the correlation between the predicted and exper-
imentally estimated effects. If the results are driven by local knowledge, local forecasters
in Kenya should show a higher correlation than nonlocal forecasters in the US. On the

other hand, if the wisdom of the crowds drives the results regardless of forecasters’ ori-



gins, we should observe similar levels of accuracy in both samples. In Panel A of figure 5
we see that forecasts from local participants show a strong correlation with the observed
experimental effects (cor = 0.69, Clgsy, = [0.33, 0.85]), whereas in Panel B predictions
from nonlocal forecasters are negatively correlated with these effects (cor=-0.19, Clg5¢]
= [0.53, 0.20]). This suggests that local knowledge plays a central role in the crowdsourc-
ing process (methods described in Appendix G and Appendix table Table A10 provides

robustness checks).

3 Discussion

Foundational theories in economics, sociology, and political science suggest that people
possess valuable knowledge about local beliefs, preferences, and constraints. Motivated by
this idea, this paper provides a large-scale experimental test of a new method for producing
policy interventions, which involves (i) crowdsourcing a large set of interventions from
individuals with local contextual knowledge, and (iz) using incentive compatible local
forecasts of the causal effects of these nudges to prioritize interventions for testing.

My results highlight the value of crowd-selection in the crowdsourcing process: the
average crowdsourced nudge is ineffective and if anything reduces opt-in to the COVID-
19 notification service. In contrast, the average prediction from crowds of incentivized
forecasters identifies a set of nudges that increase opt-in rates by 44.0% (0.41 pp; p<0.01).
An implication of this result is that, even if the mean effect from a menu of crowdsourced
nudges is negative, the effect of crowd-selected nudges can still be positive if the crowd
can identify effective interventions from this menu. My findings clarify the important role
of local knowledge in the crowd-selection process, as shown by the fact that only local
predictions were positively correlated with experimental estimates of treatment effects.

Formalizing the crowdsourcing process into two stages—developing a choice set and
selecting interventions from this choice set—suggests several directions for future research.
Policymakers may be interested in interventions that will induce a high-variance distri-
bution of nudges if the wisdom of crowds can identify top performers in the right tail of
this distribution. In this paper I test the effect of linear incentives for developing effective
nudges that may have prevented participants from developing riskier messages that would
produce a longer-tailed distribution of effects (Ederer and Manso, 2013). Refinements to
the crowd-selection process, such as applying differential weights to forecasters based on
past performance (Tetlock and Gardner, 2016), testing different methods for eliciting

predictions (DellaVigna et al., 2020) or allowing for communication between forecasters



(Becker et al., 2017) may result in even better crowd choices. Finally, in future work it
will be crucial to understand the boundary conditions under which crowds can produce
and identify effective interventions, and to consider other benchmarks for the production

and selection of nudges.

4 Materials and methods

Study 1 design. 1,822 Kenyan participants recruited via Facebook passed pre-treatment
screening (see Appendix C) and pre-registered exclusion criteria (see Table A4 for details
on exclusion criteria in all five studies).

e Performance incentives. Participants were randomly assigned to one of three exper-
imental conditions with performance incentives of 0, 4, or 10 Kenyan Shillings for each
message recipient who signed up for the COVID-19 notification service. Almost all par-
ticipants (99.23%) passed a comprehension check about the magnitude of their incentives.

Treatment groups were balanced on covariates, as shown in Table A5.

Study 2 design. 1,360 Kenyan participants recruited over Facebook passed pre-registered
exclusion criteria and provided predictions for 1,496 nudges from Study 1 (see Appendix D
for details).

e Forecast elicitation. Participants predicted the effects of randomly selected messages
on a slider scale bounded at 0 and 3, using a benchmark opt-in rate for the control
group (1%) as a reference. Bonus payments were given based on prediction accuracy (see
Appendix D). Panel B of Figure 1 shows the slider scale used to make predictions.

e Aggregation and policy choice. I pre-registered (see Table A4) that I would cal-
culate the average predicted effect for each message, and that I would experimentally

evaluate the ten messages predicted to be most effective (see Appendix D).

Study 3 design. In Study 3, messages were sent to 40,911 participants randomly se-
lected from the Busara Center for Behavioral Economics’ sample pool via a five-digit
SMS shortcode. The control text was identical to the crowdsourced text except it did
not include an experimental message. See Appendix F for an example invitation. Each
participant was assigned to receive only one experimental message, and then was given
an opportunity to opt into the COVID-19 notification service. A reminder was sent if no

response was received after 6 hours.



Study 4 design. Study 4 tested the effects of ten crowd-selected messages relative to
the same control message used in Study 3 and three benchmark messages. Participants
were from a new sample drawn from the Busara Center’s pool. Messages were delivered
to 35,183 participants and were balanced across experimental conditions (see Table AR).

Details on the benchmark messages and crowdsourced nudges can be found in Appendix F.

Study 5 design. 1,146 new Kenyan participants were recruited over Facebook and
passed pre-registered exclusion criteria. A second sample of 1,138 forecasters from the
U.S. were recruited over Amazon Mechanical Turk. The set of predicted nudges, exclusion
criteria, forecast elicitation, and forecast aggregation were the same as in Study 2. See

Appendix G for details.

Empirical strategy

I evaluate the average effects of crowdsourced nudges using the following equation:

where Opt In; € {0, 1} takes a value of 1 if recipient i opts in to the COVID-19 notification
service, « is the average opt-in rate in the control group, and ¢; is the error term. T; is a
vector of dichotomous treatment variables randomly assigned at the individual level and
which varies by study, and 3 is the corresponding vector of regression coefficients.

e Average effect of crowdsourced nudges (Study 3): T, is a single variable
equal to 1 if i receives a crowdsourced message (see Panel A of Table A6).

e Effect of incentives (Study 3): T, is a vector of three dichotomous variables
each equal to 1 if 7 is randomly assigned to a message from a producer facing bonus
payments of 0, 4, or 10 Kenyan Shillings per recipient who opts in (see Panel B of
Table A6, or Table A7 for robustness checks).

e Effect of crowd-selected and benchmark messages (Study 4): T, is a vector
of two dichotomous variables equal to 1 if i received one of the (a) ten crowdsourced
messages 1 or (b) three benchmark messages. I also provide estimates at the message
level. Alternative specifications control for recipient gender (see Table A9).

All estimation uses robust standard errors. When estimating the effects of individual
crowd-selected nudges and benchmark nudges in Study 4 I also provide adjusted p-values
which control for the false discovery rate (Benjamini and Hochberg, 1995), while noting

that my substantive focus is on the pooled effects of these interventions.



Local versus nonlocal predictions (Study 5). In Study 5, I estimate the correlation
between predicted and experimentally estimated effects of messages which were grouped
into nine topics according to a pre-registered protocol (see Table A4). I use a bootstrap
procedure to measure the stability of this correlation under alternative weighting and esti-
mation strategies and for Spearman’s rank-order correlation in Table A10. Bootstrapped
confidence intervals are calculated by first generating bootstrapped crowds of forecasters
by sampling n forecasters from the full sample of local forecasters (n = 1,146) and fore-
casters from the nonlocal forecasters (n = 1, 138). For each crowd, I calculate the average
predicted effect for each message, and aggregate predictions at the topic level. Finally, I
calculate the average correlation between the predicted and observed effects of message
topics. I repeat this procedure 20,000 times and use these bootstrapped distributions to

define 95% confidence intervals around the estimated correlation.
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Figure 1: Overview of main studies

Panel A | Study 1 I
Participants create nudges I
| (n=1,822)
|
| No pay (n = 608) Low pay (n = 614) High pay (n = 600) I
|

Study 2

Study 3 | Participants (n = 1,360) forecasted the effects of crowdsourced
| Recipients (n = 40, 911) were sent a control I messages — Selected 10 nudges with largest predicted effects
I or one of 1,822 crowdsourced messages
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| IITStLTd_4_______________
| Control 11 y Recipients (n = 35,183) were sent a control or
| (n = 4,394) 1 one of 10 crowd-selected or 3 benchmark messages
: 11 /I\
I No pay Low pay High pay 11 Control Benchmark Crowd-selected
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Study 1 example Study 2 example Study 3/4 example

Here is the text message, as it would appear to recipients
(You enter your message at the bottom of the page):

Block 1/5: Questions 1 to 50.

Want fre il n
Want £res datly updates on the maber Wantree dely updates on the
of new covid cases? Texts to this Please predict the average percent of people who Texts to this number are freé.
number are free. respond to each message below.
[YOUR MESSAGE GOES HERE] Example Together we'll overcome this
Reply 1 to sign up for free covid SMS Less More message pandemic.

X effective % who sign up effective
updates (u can stop any time) ° 05 1 15 2 25 3 R T O
Reply 9 if u de t t to be texted : .
SR S LU LR LD R Action covid SMS updates (u can stop
again [Together we'll overcome this any time)
pandemic.]

Your goal is to create the message [YOUR MESSAGE Reply 9 if u do not want to be
GOES HERE] that will be most effective at motivating texted again
people to sign up to get updates and learn about

coronavirus. 168

O

Example

Together we'll overcome this pandemic) ‘ }
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Figure 2: Crowd selection (Study 2)

Crowd
Selected

| Id

Average predicted opt-in rates for nudge interventions

2.0

This figure displays the distribution of average predicted effects for 1,496 nudges from Study 2.
1,360 forecasters provided a total of 324,160 predictions. The ten “crowd-selected” nudges with

the largest predicted effects are displayed in blue.
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Figure 3: Effects of crowdsourced nudges (Study 3)

A) Effect of all crowdsourced nudges B) Effects by performance incentives

% optin

0.51 0.51

1.07% 0.86% 0.94% 0.89% 0.75%
0.01 0.01

Control All crowdsourced No 'pay Low pay HigH pay

Panel A displays average opt-in rates for recipients who receive a control message (n = 4,394)
or one of 1,822 crowdsourced nudges (n = 36,517). Panel B depicts the average opt-in rates
by randomly assigned performance incentives for producing effective nudges, (7no pay = 12, 229;
Nlow pay = 12, 345; Nhigh pay = 11,943). Error bars display 95% confidence intervals around the

conditional mean for each experimental group.
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Figure 4: Effects of crowd-selected nudges (Study 4)

A) Pooled effect of nudges

% optin
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Still with us

Safe if cautious

Stay updated
Contagious and dangerous
Aware means you care
Knowledge is weapon
Stay positive

Stay on high alert
Protect loved ones
Benchmark: Guilt
Benchmark: Government
Infectious and deadly

Benchmark: Autonomy

0.94%
Control Crowd-selected Benchmark
nudges nudges
B) Effects by message
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Panel A displays average opt-in rates for recipients who receive a control message (n = 10,939),
the ten crowd-selected nudges
(n = 18,665), or and the three benchmark nudges (n = 5,579). Panel B depicts the average
opt-in rates of the thirteen messages, which are listed in Panels C and D of Table Al. Blue
circles represent the ten crowdsourced nudges, and red diamonds depict the three benchmark
nudges. The vertical dashed line displays the control mean. Error bars represent 95% confidence
intervals around the conditional mean for each group (Panel A) and the estimated causal effect
of each message (Panel B).

that participants predicted would have the highest causal effect
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Experimentally estimated opt in

Figure 5: Topic forecasts (Study 5)

A) Non-local forecasters (U.S.) B) Local forecasters (Kenya)
Collectivism Collegtivism
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C) Correlation by forecaster type
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Panels A and B present linear models of the relationship between the average predicted effect of
messages grouped by topic (z-axis) and the average experimentally estimated effect by message
topic. For details on topics, see Appendix G. In Panel A 1,146 participants from Kenya provide
155,507 forecasts, and in Panel B 1,138 participants from the nonlocal forecasters (from the U.S.)
provide 154,210 forecasts. Following pre-registration, this analysis does not include messages
that do not belong to any of the nine pre-registered topics. Point size denotes the number of
recipients per topic. Panel C depicts the correlation between predicted and observed message
effects by topic. Dark and light bars are 90% and 95% confidence intervals, which were generated
by taking 20,000 bootstrapped samples of local and nonlocal forecasters and calculating the
correlation with the average predicted experimental effect by topic for each bootstrapped sample.
Table A10 provides several robustness checks.
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Online Appendix
The Efficacy of Crowdsourced Nudges:

Experimental Evidence

Nicholas G. Otis

A Appendix figures

Figure Al: Effects of incentives on message time (Study 1)

A) Minutes spent on message: B) Minutes spent on message: C) Minutes spent on message:
Top 1% winsorized Top 5% winsorized Top 10% winsorized
5 I 5 5
4 I 4 I 4 I I
3 3 3
2 2 2
1 1 1
0 3.69 4.67 4.54 0 3.52 4.48 4.36 0 3.41 4.26 4.15
No pay Low pay High pay No pay Low pay High pay No pay Low pay High pay

This figure depicts the effects of randomly assigned incentives faced by the 1,822 message pro-
ducers on time spent creating a message in minutes. Number of minutes is winsorized at the top
1%, 5% and 10% level in panels A, B, and C respectively. The low-pay (n = 614) and high-pay
(n = 600) conditions received a bonus of four and ten Kenyan Shillings for each randomly as-
signed recipient that received their message and opted into the notification service. The no-pay
condition (n = 608) received no performance incentives. Error bars display 95% confidence
intervals.
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B Appendix tables

Table Al: Overview of messages

Panel A: Random sample of crowdsourced messages
Let us get our lives back.
COVID is real and the only way to prove this and stay informed is by getting the updates.
Covid-19 is a deadly disease. You all deserve to get updates, all you need to do is to subscribe.
Please sign up and get updates and learn more about corona virus.
Information clears all doubts, get informed!
Covid is real, stay alert.
In need of covid-19 case updates in the country?
Together we’ll overcome this pandemic.
Sign up as directed below to remain updated each day.
Health is wealth.

Panel B: Messages containing health tips or repeating invitation
Repeating invitation: (a) Want to receive free covid updates? (b) Get registered for daily covid sms updates by replying with 1.
Health tips: (a) Wash your hands and sanitize at all times. (b)Observe social distance, wear your mask and stay at home.

Panel C: Benchmark messages
Benchmark: Government. Be your neighbors’ keeper and get informed! A healthy community leads to a healthier country.

1c

Benchmark: Guilt. If you don’t get information you’re making a mistake and putting yourself and others at risk.
Benchmark: Autonomy. You can help to stop COVID-19 by choosing to get information about the number of new cases.

Panel D: Crowd-selected messages
Still with us. Corona is still with us, let’s keep adhering to the Ministry of Health protocols by getting daily updates.
Contagious and dangerous. Corona virus is a contagious and dangerous disease therefore one is advised to take vaccination.
Infectious and deadly. COVID-19 is highly infectious and deadly. Get new infection updates and protect ur loved ones.
Aware means you care. Get to know how to stay safe during the period, being aware means you care.
Stay positive. Kindly sign up to get daily knowledge and information about covid 19 updates daily. Stay positive.
Knowledge weapon. Knowledge is power, and knowledge about coronavirus is the first weapon in fighting the disease.
Stay updated. Knowledge is power, get covid 19 daily cases and stay updated, sign up for updates via free sms.
Stay on high alert. Stay on high alert concerning the changing trends of the covid pandemic.
Protect loved ones. Stay safe, protect yourself and your loved ones. Wear a mask while in public.
Safe if cautious. We can all be safe if we take Covid precautions seriously. Let’s get our guard rolling soon.

Panel E: Financial incentives
Payment: 5 Kenyan Shillings. We will send you a bonus of KES 5 airtime tomorrow if you sign up to receive our updates.

Panel A presents a random sample of ten crowdsourced messages. Panel B contains examples of messages included in Study 1 and 3 but excluded
from the forecasting exercise in Study 2. Panel C depicts the three benchmark nudges in Study 4. Panel D lists the ten crowd-selected nudges from
Studies 2 and 4. Panel E lists the financial incentive condition from Studies 3 and 4. Abbreviations for experimental conditions used in Studies 3
and 4 are presented in italics.



Table A2: Summary of samples sizes (Studies 1-5)

Messages
Participants produced/received/forecasted Forecasts

(1) (2) (3)

Study 1
Message producers 1822 1822
Study 2
Local forecasters (Kenyan) 1360 1496 324160
Study 3
Message recipients (Pooled) 40911
Message recipients (Control) 4394 1
Message recipients (Crowdsourced) 36517 1822
Study 4
Message recipients (Pooled) 35183
Message recipients (Control) 10939 1
Message recipients (Benchmark) 5579 3
Message recipients (Crowd selected) 18665 10
Study 5
Local forecasters (Kenyan) 1146 1496 280770
Non-local forecasters (U.S.) 1138 1496 278810

This table provides details on the sample sizes for studies 1-5. Column 1 presents the number of participants
(message producers in Study 1, forecasters in studies 2 and 5, and recipients in studies 3 and 4. Column 2
displays the number of messages produced (in Study 1), received (in Study 2) and the number of forecasts
(Column 3).
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Table A3: Topic coding

Name (Abbreviation) Keywords/phrases Example message Nmessages
1) (2) (3) (4)
Threat kill; death, deadly; die; Covid kills, follow 122
danger; dangerous instructions.
Covid is real covid is real; still COVID-19 is still with us. 169
(Real) {here,there,with us}; exists
Accessible info easy; comfort; fingers; Information on COVID 53
(Accessible) fingertips; instant at your fingertips.
Collectivism together; unite; join hands Only united can we beat 93
this pandemic.
Protect others protect; save lives; save a life; Come learn more and 85
(Protect) loved ones safe; families safe  save lives.
War war; fight; battle; enemy; Let’s fight this pandemic 83
weapon; conquer once and for all.
Be informed {be,stay,keep} {informed,in Always be in the know. 257
(Informed) the know,updated}
Knowledge is {knowledge,information} is Knowledge is power. 114
power power
(Power)
Health is health matters; health is Health is wealth. 80
important wealth
(Health)

This table lists the nine message topics that were identified by research assistants following a pre-

registered protocol (see Table A4 for links to study preregistration materials)). Column 1 presents

abbreviations used in figures in and tables. Column 2 lists common phrases or keywords in each

topic.

Column 3 provides an example message.

messages in each topic. For details on the topic coding procedure see Appendix G.

23

Column 4 provides a count of the number of



Table A4: Preregistration overview

Exclusion . -
Study Outcomes cusio Other Preregistration
criteria
Study 1 Opt in v Producer v None https://www.socialscienceregistry.org/trials/6414
Time X Message v https://www.socialscienceregistry.org/versions/167037/docs/version/file

https://www.socialscienceregistry.org/versions/167049/docs/version/file

Study 2 Predicted v Forecaster v # chosen v https://aspredicted.org/PGF_X7V

opt in messages
Study 3 Opt in v" None None https://www.socialscienceregistry.org/trials/6414
Study 4 Opt in v" None None https://aspredicted.org/PGF_X7V
Study 5 Predicted v° Forecaster v Topic V' https://aspredicted.org/CNP_8LQ
opt in coding https://www.socialscienceregistry.org/versions/167046/docs/version/file

This table summarizes preregistration details from Studies 1 to 5. Check marks (v') denote that a outcome, ex-
clusion criteria, or other study feature was preregistered. The final column contains a link to the preregistration

page and documents.

24



Table A5: Sociodemographics and balance (Study 1)

By incentive condition

Full sample No pay Low pay High pay F-stat.
(1) (2) (3) (4) (5)

A) Stratification variables

% with borderline test message 38.36 37.83 39.58 37.67 0.29
(1.14) (1.97) (1.98) (1.98)
% above median comprehension 0.66 65.13 65.15 66.33 0.13

(0.01) (1.93)  (1.92) (1.93)

B) Other sociodemographic variables

% female 45.01 42.60 44.46 48.00 1.83
(1.17) (2.01) (2.01) (2.04)

% completed college 56.2 55.26 58.79 54.50 1.31
(1.16) (2.02)  (1.99)  (2.03)

log(monthly income in Kenyan Shillings +1) 8.01 8.07 7.99 7.95 0.27

(0.07) (0.12)  (0.12)  (0.12)

C) Post-treatment variables

% messages with tips or repeating invitation 17.89 18.26 18.57 16.83 0.36
(0.9) (1.57) (1.57) (1.53)
nproducers 1822 608 614 600

This table tests for balance among participants creating nudge interventions across randomly assigned incentive
conditions. Panel A lists displays balance on two pre-registered stratification variables: Borderline message is equal
to 1 if participants create a test message in a screening survey that only marginally passed pre-registered message
rules (see Appendix C for a list of rules and Panel B of Table Al for examples of messages violating these rules),
and Above median comprehension which is equal to 1 if a participant is above median comprehension on a set of 11
comprehension questions in the screening survey. Panel B depicts balance on additional sociodemographic variables.
The final variable (Panel C) is the proportion of experimental participants who created a message that was excluded
from Study 2 (measured post treatment), either because it focuses on providing health tips or repeats the control
invitation.
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Table A6: Effects of crowdsourced messages (Study 3)

Effect on opt in (pp) p-value Nmessages Trecipients

(1) @ 6 B

Reference: Control mean 1.07 4394
A) Average crowdsourced nudges
All crowdsourced nudges -0.21 0.20 1822 36517
(0.16)
B) Effects by incentive condition
No financial incentives -0.13 0.47 608 12229
(0.18)
Low financial incentives -0.18 0.31 600 12345
(0.18)
High financial incentives -0.32 0.06 614 11943
(0.17)
C) Financial incentives
Payment of 5 Kenyan Shillings 0.96 0.03 1180
(0.44)

Panel A reports the average effect of 1,822 crowdsourced nudges. Panels B pools messages by
randomly assigned incentive conditions. Panel C looks at the effect financial incentives for opting
into the notification service. Robust standard errors are presented in parentheses.
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Table A7: Robustness check on effect of incentives (Study 3)

Effect on | Effect on | N
optin (pp) PN optin (pp) PTG Mmessages frecipients
(1) (2) 3) (4) (5) (6)
A) All crowdsourced nudges
Reference: No financial incentives 0.94 608 12229
Low financial incentives -0.05 0.68 -0.05 0.69 600 12345
(0.12) (0.12)
High financial incentives -0.20 0.10 -0.19 0.10 614 11943
(0.12) (0.12)
B) Excluding nudges with tips or repeating invitation
Reference: No financial incentives 0.91 497 9994
Low financial incentives -0.02 0.88 -0.02 0.89 499 10108
(0.13) (0.13)
High financial incentives -0.12 0.37 -0.12 0.37 500 9960
(0.13) (0.13)
Controls None Strata

Panels A looks at the effects of nudges pooled by randomly assigned incentive conditions for message
producers either without controlling for pre-registered producer stratification variables (whether the
producer was above median on comprehension checks or produced a message was considered ‘borderline”
based on pre-registered exclusion criteria. Panel B excludes 327 nudges that were excluded from the
crowdsourcing/crowd-selection exercise. Robust standard errors are presented in parentheses.
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Table A8: Recipient balance (Study 4)

% female  Nyecipients

(1) (2)
Control mean 56.11 10939
(0.47)
Benchmark messages
Benchmark: Government 55.90 1-880
(1.15)
Benchmark: Guilt 55.14 1848
(1.16)
Benchmark: Autonomy 57.48 1851
(1.15)
Crowd-selected messages
Still with us 54.77 1864
(1.15)
Contagious and dangerous 55.27 1889
(1.14)
Infectious and deadly 55.50 1881
(1.15)
Aware means you care 54.33 1835
(1.16)
Stay positive 55.72 1881
(1.15)
Knowledge is weapon 56.41 1842
(1.16)
Stay updated 55.03 1877
(1.15)
Stay on high alert 56.70 1843
(1.15)
Protect loved ones 55.82 1847
(1.16)
Safe if cautious 55.14 1906
(1.14)
F-statistic 0.6
Ntotal 37035

This table presents message-level balance by recipient
gender for Study 2. Standard errors are displayed in
parentheses. Full messages are listed in Panels C and D
of Table Al.
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Table A9: Effects of crowd-selected nudges

Effect on opt in (pp) p-value Effect on opt in (pp) p-value  Nrecipients

(1) (2) (3) (4) (5)
Reference: Control mean 0.94 10939
A) Pooled effects
Benchmark nudges 0.10 0.55 0.10 0.56 5579
(0.16) (0.16)
Crowd-selected nudges 0.41 0.00 0.40 0.00 18665
(0.13) (0.12)
B) Message effects
Benchmark: Government 0.18 0.50 0.17 0.51 1880
(0.26) [0.54] (0.26) [0.56]
Benchmark: Guilt 0.19 0.46 0.19 0.48 1848
(0.26) [0.54] (0.26) [0.56]
Benchmark: Autonomy -0.08 0.74 -0.07 0.76 1851
(0.23) [0.74] (0.23) [0.76]
Still with us 0.67 0.03 0.65 0.03 1864
(0.31) [0.2] (0.31) [0.23]
Contagious and dangerous 0.43 0.13 0.43 0.13 1889
(0.28) [0.29] (0.28) [0.3]
Infectious and deadly 0.17 0.50 0.17 0.52 1881
(0.26) [0.54] (0.26) [0.56]
Aware means you care 0.42 0.14 0.41 0.15 1835
(0.29) [0.29] (0.29) [0.3]
Stay positive 0.39 0.17 0.38 0.17 1881
(0.28) [0.29] (0.28) [0.3]
Knowledge is weapon 0.42 0.14 0.42 0.14 1842
(0.29) [0.29] (0.28) [0.3]
Stay updated 0.55 0.06 0.54 0.07 1877
(0.29) [0.22] (0.29) [0.23]
Stay on high alert 0.25 0.35 0.25 0.34 1843
(0.27) [0.54] (0.27) [0.54]
Protect loved ones 0.20 0.46 0.20 0.46 1847
(0.26) [0.54] (0.26) [0.56]
Safe if cautious 0.58 0.05 0.57 0.05 1906
(0.30) [0.22] (0.30) [0.23]
C) Financial incentives
Payment of 5 Kenyan Shillings 1.65 0.00 1.66 0.00 1852
(0.38) [0] (0.38) [0]
Controls None Gender

Panel A reports the average effect of the 10 crowd-selected nudges and the three benchmark nudges.
Panels B and C look at the average effects of individual messages. Robust standard errors are presented
in parentheses. Because Panels B and C involve a total of 14 experimental comparisons, I present adjusted
in square brackets which denote the smallest false discovery rate that the null hypothesis of no treatment
effect is rejected under Benjamini and Hochberg (1995).
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Table A10: Forecast accuracy among local and nonlocal forecasters

Correlation(predicted effect, experimental estimate)

Pearson Spearman

Kenya

(1)

U.S.
(2)

Kenya

3)

U.S.
(4)

A) Mean forecast

Unweighted 0.69 -0.19 0.65 -0.27
(0.33,0.85) (-0.53,0.20) (0.80,0.82) (-0.60,0.27)
Weighted 0.75 -0.04 0.74 -0.03
(0.84,0.86) (-0.39,0.30) (0.84,0.86) (-0.61,0.34)
B) OLS forecast
Unweighted 0.76 -0.37 0.73 -0.47
(0.86,0.88) (-0.62,0.01) (0.85,0.88) (-0.62,0.08)
Weighted 0.81 -0.19 0.79 -0.27
(0.88,0.90) (-0.50,0.16) (0.87,0.90) (-0.62,0.23)
Nforecasters 1138 1146 1138 1146
N forecasts 154210 155507 154210 155507

This table presents the correlation between predicted and experimentally
estimated effects of messages grouped at the topic level. For details on topics,
see Appendix G. Following pre-registration, this analysis does not include
messages that do not belong to any of the nine pre-registered topics. In
Panel A, forecasts take the form of the average predicted experimental effect
of messages in a given topic, and experimental estimates are the average
opt-in rates in a given topic. In Panel B, I regress forecasts and opt-in rates
on a vector of nine dummy variables (one for each topic) and estimate the
correlation between predicted and observed coefficients (messages may belong
to more than one topic). Weighted correlations weight topics by the number
of recipients who receive messages in that topic, and unweighted correlations
give each topic equal weight. Results for local forecasters (from Kenya) are
presented in columns 1 and 3, and results for forecasters from the U.S. are
presented in columns 2 and 4. Columns 1 and 2 present Pearson correlation
coefficients, and columns 3 and 4 present Spearman correlation coefficients.
Parentheses present bootstrapped 95% confidence intervals, which were
generated by taking 20,000 bootstrapped samples of forecasters in each group
and calculating the average predicted experimental effect by topic for each
bootstrapped sample.
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C Study 1 details

Recruitment. Participants were recruited using a Facebook advertisement which led

them to a short screening survey designed to identify inattentive respondents.

Exclusion criteria: I pre-registered on the AEA RCT registry (AEARCTR-0006414; see
Table A4 for links to study preregistration materials) that I would screen out participants
(a) who failed any of four attention checks, (b) who tried to take the survey multiple
times, or who (c) had below a secondary education. Participants who answer the four
screening questions correctly could choose to end the survey and earn a payment of 20
Kenyan Shillings or could continue and create a test text message, and they were informed
that this message would not be distributed. Participants were also told that they could
be invited to participate in a second survey if their message passed the following rules:

1. Messages shouldn’t contain any false information.

2. Messages should motivate people to sign up for updates but shouldn’t include health

information /tips.

3. Messages shouldn’t offer financial incentives.

4. Messages shouldn’t be repeated. Don’t change just a few words. Write a different

and new message.
Following pre-registration, adherence to these messages was independently evaluated by
research assistants. Rules 1 and 3 are designed to avoid misinformation and deceit. Rule 2
is designed to avoid a misconception about the purpose of the messages that was identified
during piloting (several people simply listed health tips like “wash your hands” that are
not related to the notification service). Rule 4 is designed to discourage participants from
simply re-typing the control message text.

Researcher assistants classified messages as “include”, “exclude” or “borderline” (which
partially violate these rules). For example, the first part of the message “Avoid large
indoor gatherings. Together, we can save lives.” violates Rule 2 “Avoid large
indoor gatherings.” is a health tip), but the second part (“Together, we can save
lives.”) does not violate a rule. Borderline messages were independently reviewed by
an additional research assistant. If the message was classified as borderline or pass dur-
ing this independent review stage, the message is included. Otherwise, the message is

excluded.

Stratification. I pre-registered that random assignment to the three different incentive
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conditions would be stratified on two variables:
e Attention. A median split of a larger set of 11 attention checks included in the
screening survey.
e Borderline messages. Whether the respondents’ message was identified as bor-
derline.
After random assignment our research team recontacted participants over email and text

message with an invitation to the main survey where they are asked to create a message.

Message exclusion criteria. The following pre-registered exclusion criteria were
applied to messages produced by participants in the follow-up survey who designed a
message. Adherence to these criteria were assessed by research assistants who were blind
to the experimental condition the participant was assigned to (the examples below were
also provided to research assistants):
1) Messages cannot contain any false information. Here are four examples of messages
violating this rule:

e By careful, coronavirus will make you sterile.

e We will send you information on which of your friends have been vaccinated.

e Call us at 12345 to receive free advice on coronavirus.

e Hot water and lemon will boost your immunity and keep you safe from corona.

2) Messages cannot offer financial incentives. Here are two examples of messages violating

this rule:
e We will pay you KSh 100 if you sign up.

e Don’t wait!Sign up today and receive a cash prize.

Message edits. Participants were informed in the survey we would make the following
changes to their messages:
o We will correct spelling and punctuation (you can still use abbreviations like u for
you).
o We will replace messages in ALL CAPS with correct capitalization. We won’t change
capitalization if only a FEW words are in CAPS.
o We will remove emojis (do not include emojis).

o Messages will be sent in English (Kiswahili messages will be translated).

Additionally, the survey clarified that participants whose messages reference the reply

options incorrectly will be corrected. For example, in the message For peace of mind, text
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back 0 to begin receiving updates. the respondent incorrectly listed 0 as the number the

recipient needed to text to receive notifications instead of the correct reply option of 1.

D Study 2 details

Recruitment. I recruited a new sample of Kenyan participants over Facebook. After
applying pre-registered a attention check (AsPredicted #106631; see Table A4 for links
to study preregistration materials)!, my sample consists of 1,360 forecasters who started
the survey and predicted the effects of at least one message. In total these forecasters
provided 324,160 predictions.

Incentives for accuracy. Accurate forecasts were incentivized such that participants
would receive a bonus payment (in Kenyan Shillings) for one randomly selected forecast

based on the equation
9 — (predicted opt in — observed opt in|message)?.

In addition to displaying this equation, the survey emphasized that more accurate pre-

dictions correspond to larger bonuses.

Sample of messages in forecasting survey. Messages evaluated in Study 3 were
based on a set of pre-registered exclusion criteria (AEARCTR-0006414). However, I also
included a list of Rules (see Appendix C) that Study 1 participants were supposed to abide
by when creating messages. For Study 2, I chose to exclude messages that were coded by
research assistants as mainly (a) providing health advice, or (b) repeating the invitation
text. This reduces the set of predicted nudges from 1,822 to 1,496. Panel B of Table A1l
depicts examples of these excluded messages. Panel B of Table Al provides examples of
excluded messages, and Panel B of Table A7 shows that there is no meaningful difference
in comparison of the incentive conditions when excluding these messages. Additionally,
there is no difference in opt-in rates between messages included in Study 2 (average opt

in=0.86) and those excluded in Study 2 (average opt in=0.84; p-value on difference=0.83).

!This page contains 3 typos. In Question 4, the financial payments condition provides a payment of
5 Kenyan Shillings (this is true in Studies 3 and 4), not 4 Kenyan Shillings. I also repeat the attention-
based exclusion check (Question 6), and repeat the word “recipients” in Question 7. See Table A4 for
links to study preregistration materials.
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Crowd choice. For each message, I calculate the average predicted causal effect from
participants. Following pre-registration, I select the ten messages with the highest pre-
dicted effects for evaluation in Study 4 (AsPredicted #106631, see Table A4 for links to

study preregistration materials).

E Study 3 details

Undelivered messages. Messages were sent to a total of (40,911+11,978)=52,889 par-
ticipants, however the SMS platform failed to deliver 11,978 messages. This is likely
because participants’ numbers had been deactivated or their phones were off. This con-
stitutes pre-randomization attrition, and these network failures are excluded from my

analytic sample.

Invitation message and treatment. All participants were sent the following invitation:

Want free daily updates on the number of new covid cases?

Texts to this number are free.

[Message goes here]

Reply 1 to sign up for free covid SMS updates (u can stop any time)
Reply 9 if u do not want to be texted again

For control participants the section [Message goes here] is left blank. Only participants

who received an invitation were able to opt into the notification service.

Notification example. Individuals who opted in received the following information on
the number of new COVID-19 cases and deaths across the country (e.g., “Here’s the
latest information from the Ministry of Health:53 people tested positive to
COVID-19 from a sample size of 4,071 tested in the last 24 hours (1.3}, positivity)
and O died.Positive cases by county:Nairobi 22, Trans Nzoia 13, Nakuru 6,

Kericho 4, Taita Taveta 3, Busia 1, Homa Bay 1, Kakamegal, Kilifi 1, and Mombasa
1.7).

F Study 4 details

Undelivered messages. Messages were sent to (35,183+18,878)=54,061 participants,

of which 18,878 messages were not received by study participants (a campaign from the

34



Kenyan government to reduce the number of active mobile numbers in Kenya likely ac-
counts for the difference in failure rates between Study 3 and 4, as mentioned on the study
pre-registration page (see Table A4 for links to study preregistration materials). As with

Study 3 this represents pre-treatment attrition, and these failed texts are excluded.

Crowd-selected messages: Participants in the crowd-selected messages condition were
randomly assigned to one of following ten messages:
1. Still with us. Corona is still with us, let’s keep adhering to the Ministry
of Health protocols by getting daily updates.
2. Contagious and dangerous. Corona virus is a contagious and dangerous disease
therefore one is advised to take vaccination.
3. Infectious and deadly. COVID-19 is highly infectious and deadly.Get new
infection updates and protect ur loved ones.
4. Aware means you care. Get to know how to stay safe during the period, being
aware means you care.
5. Stay positive. Kindly sign up to get daily knowledge and information about
COVID 19 updates daily. Stay positive.
6. Knowledge is power (weapon). Knowledge is power, and knowledge about coronavirus
is the first weapon in fighting the disease.
7. Knowledge is power (stay updated). Knowledge is power, get COVID 19 daily
cases and stay updated, sign up for updates via free sms.
8. Stay on high alert. Stay on high alert concerning the changing trends of the
COVID pandemic.
9. Protect loved ones. Stay safe, protect yourself and your loved ones.Wear a
mask while in public.
10. Safe if cautious. We can all be safe if we take COVID precautions seriously.

Let’s get our guard rolling soon.

Benchmark messages. In addition to the control group, I test the effects of the crowd-
selected messages against three benchmark messages:
1. Benchmark: Guilt. If you don’t get information you’re making a mistake and
putting yourself and others at risk.
2. Benchmark: Autonomy. You can help to stop COVID-19 by choosing to get
information about the number of new cases.

3. Benchmark: Government. Be your neighbors keeper and get informed! A healthy
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community leads a healthier country.
Two of these nudges were from a large-scale behavioral science experiment conducted in 89
countries to increase willingness to social distance (Legate et al., 2022), which tested the
effects of messages emphasizing either autonomy and personal choice or guilt and shame.
My benchmark messages are based on the study materials from these experiments. For
example, in the original study the Guilt condition (called “Controlling” in their study
states “you haven’t engaged in social distancing, you are making a mistake and putting
yourself and others at risk”, and the Autonomy condition states “You can support global
efforts to curb transmission of COVID-19 by choosing to stay at home.” The third
benchmark is based on communications from a COVID-19 vaccination campaign run by
the Kenyan Ministry of Health, which tweeted: “Be your neighbors’ keeper and encourage

them to get fully vaccinated today! A healthy community leads to a healthier country.”

G Study 5 details

Study five has two stages. The first stage involves identifying topics among the same set
of 1,496 messages used in Study 2. In the second stage, I collected two new samples of
forecasts of the causal effects of these messages from participants in (7) the U.S. and (i)
Kenya. The protocol used to identify topics, and the analysis of forecasts of messages
which were grouped into topics were both pre-registered (see Table A4 for links to study

preregistration materials).

Topic coding. Message topics were identified by a team of Kenyan research assistants
following a pre-registered topic coding protocol. Research assistants independently read
through messages, identifying common topics, themes, or phrases. They then discussed
these patterns and converged on a set of nine groups of messages (they were to come
up with about ten groups) following preregistration. Next, they classified whether each
message belonged to each topic. Details on message topics and keywords can be found in
Table A3.

Recruitment (Kenya). My sample consists of a new set of 1,146 local forecasters (from
Kenya) (after applying pre-registered exclusion criteria), who were recruited and made
predictions following the same procedure as Study 2. These forecasters made a total of
280, 770 forecasts, of which 155,507 forecasts of messages assigned to one of the nine topic

groups.
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Recruitment (U.S.). My sample of US participants were recruited over Amazon Me-
chanical Turk. These participants faced the same pre-registered exclusion criteria as the
Kenyan sample and faced accuracy incentives based on a convex loss function similar to
the one used in Study 2, but which provided a bonus of up to $0.27. In total 1,138 fore-
casters provided 278,810 forecasts, of which 154,210 forecasts were of messages assigned

to one of the nine topic groups.
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