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Abstract
Fact-checks and corrections of falsehoods have emerged as effective ways to counter
misinformation online. But in contexts with encrypted messaging applications (EMAs),
corrections must necessarily emanate from peers. Are such social corrections effec-
tive? If so, how substantiated do corrective messages need to be? To answer these
questions, we evaluate the effect of different types of social corrections on the per-
sistence of misinformation in India (N ≈5,100). Using an online experiment, we show
that social corrections substantially reduce beliefs in misinformation, including in
beliefs deeply anchored in salient group identities. Importantly, these positive effects
are not systematically attenuated by partisan motivated reasoning, highlighting a strik-
ing difference from Western contexts. We also find that the presence of a correction
matters more relative to how sophisticated this correction is: substantiating a correc-
tion with a source only improves its effect in a minority of cases; besides, when social
corrections are effective, citing a source does not drastically improve the size of their
effect. These results have implications for both users and platforms and speak to
countering misinformation in developing countries that rely on private messaging
apps.
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Introduction

Over the past decade, a vast research agenda has tested the effect of corrective mes-
sages on belief in misinformation on social media. The majority of such studies
suggest that corrective interventions lead to small and beneficial effects (Chan et al.
2017; Porter and Wood 2021). Since users sometimes also correct each other, a part
of this literature has, in addition, explored the effect of “social corrections” and
found them to be similarly effective (Bode and Vraga 2018).

However, these encouraging findings remain largely limited to Western democra-
cies and Global North contexts, with little scholarship, by contrast, focusing on misin-
formation in the developing world (Guess et al. 2020; Pereira et al. 2021; Rosenzweig
et al. 2021). In studies with cross-country comparisons that move beyond the Global
North (Arechar et al. 2022), the role of social corrections still remains unexplored.
Not only are countries in the Global South understudied, but misinformation in
these contexts can also have disastrous offline consequences such as fueling political
violence and ethnic riots.

In this article, we build on the emerging literature on social corrections—that is,
peer-to-peer corrective messages—and explore the extent to which such corrections
are effective in contexts in which they are most sorely needed. In countries like
India, pernicious misinformation builds on longstanding ethnic fractures and can
spark conflict and violence. For example, during the coronavirus pandemic, conspiracy
theories suggesting that minority religious groups were intentionally conspiring to
spread the virus resulted in discrimination, harassment and violence towards India’s
Muslim community, intensifying an already fraught communal divide (Yasir 2020).
Further, since a large part of such misinformation circulates through encrypted messag-
ing applications (EMAs) where corrections can emanate only from other users (as
opposed to platform-based warnings and labels), it is especially crucial to understand
whether social corrections can play a role in countering misinformation in such
contexts.

Are social corrections effective in these contexts? If so, what type of corrective mes-
sages work best at shifting misinformed beliefs? To answer these questions, this study
tests the effect of the presence of social corrections and the type of correction on belief
in misinformation in India. We implement a large-scale online experiment conducted
in Hindi with over 5,100 respondents in the aftermath of the contentious 2019 general
elections, which saw a dramatic surge in political misinformation on social media
(Sinha, Sheikh, and Sidharth 2019; Chauchard and Garimella 2022). We show respon-
dents a series of hypothetical WhatsApp group chat conversations. In each conversa-
tion, a user posts a false story to which a peer reacts, with or without a correction, and
with or without citing evidence.

Results demonstrate that the presence of a social correction significantly reduces
belief in misinformation. Relative to a no correction condition, witnessing any type
of social correction reduces the perceived accuracy of beliefs in misinformation.
Importantly, this effect is robust to respondents’ partisan identity and persists across
different types of misinformation stories, including deep-rooted beliefs. We find that
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partisan-motivated reasoning does not systematically attenuate these corrective effects,
suggesting important differences in the mechanisms through which misinformation
spreads in contexts like India relative to the western world. Finally, we show that
the source and the sophistication of corrective messages do not strongly condition
their effect: in our experiment, brief, unsourced, and unsubstantiated corrective mes-
sages often perform just as well relative to corrections citing evidence from a variety
of credible sources.

We note two key implications of our findings. On the one hand, our results suggest
that social corrections have a positive effect in the Indian context. Hence, incentivizing
users to engage in correcting misinformation, or verbalizing their fact-checks on homo-
philic networks, may help reducing misinformed beliefs. On the other hand, because
respondents emerge—in this context—as influenceable (minimal corrections are rela-
tively effective), encouraging users to sound off as easily as possible may also have
perverse consequences if bad-faith actors themselves use such strategies to peddle
more misinformation. Indeed, some evidence shows that debunking true stories may
also increase belief in misperceptions (Vraga, Bode et al. 2022). This study hopes to
spark a robust research agenda on solutions to misinformation in the Global South,
focusing on the challenges that encryption, low digital literacy, and social cleavages
bring to information processing.

Social Corrections Across Platforms and Contexts

Social corrections have become a key element in combating misinformation, with plat-
forms increasingly encouraging users to check on each other. This is especially rele-
vant to EMAs: in 2019, faced with public outcry over misinformation going viral on
the platform in the lead-up to the general election in India, WhatsApp launched a large-
scale ad campaign to encourage its users to fact-check their peers’ claims.1 If users
indeed followed through with this recommendation and fact-checked their peers, to
what extent should we expect such a strategy to reduce the uptake of misinformation
in contexts like India?

Existing research focused on the American context suggests that social corrections
might indeed be beneficial. Bode and Vraga (2018) compare algorithmic corrections
with peer corrections and find that they are both equally effective at dispelling misin-
formation. van der Meer and Jin (2020) demonstrate that peer corrections are effective
at reducing misinformation relative to a control condition.

The literature on source credibility provides a mechanism explaining why social
corrections may be effective. Individuals have limited time and cognitive resources
to comprehend complex topics such as policy or current affairs, and may therefore
use the perceived credibility of sources as a heuristic to guide their evaluation of
what is true or false (Eagly and Chaiken 1993). Further, while both expertise and trust-
worthiness are components of source credibility, the latter is found to be more effective
in persuasion than the former (Swire and Ecker 2018). Thus, arguably, peers should be
seen as more trustworthy than unknown or distant individuals; indeed, research shows
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that corrections from peers as well as corrections from those in the same social network
are more likely to be accepted (Margolin, Hannak, and Weber 2018).

Additionally, homophily, or the extent to which a person perceives similarities
between the way they think and another person does, is often seen as a determinant
of source credibility (Housholder and LaMarre 2014). Networks on social media,
including in India, are likely to be comprised of likeminded individuals who share
political and other views (Tokita, Guess, and Tarnita 2021). Indian WhatsApp users
are often part of several large WhatsApp groups, formed to rally around shared
issues and interests including political and civic causes (Mont’Alverne et al. 2022).
Though they may not personally know every member in these groups, they share a
keen connection with like minded ingroup members: many users in closed groups
may feel pressure not to believe or say something that runs against the dominant
view that anchors the group identity (Davies 2020). Recent research also demonstrates
that misinformation may be more rampant in homophilic networks such as these
(Acemoglu, Ozdaglar, and Siderius 2021). Thus, we argue that while social corrections
may emanate from strangers, these strangers could often be seen as peers in the Indian
WhatsApp context, making their corrections effective. Accordingly, we hypothesize:

Hypothesis 1: Exposure to corrective messages emanating from peers will reduce the per-
ceived accuracy of misinformation, relative to a no correction condition.

We note here that we test the effect of corrections on those who witness those cor-
rections, as opposed to respondents being corrected themselves. In order to preserve
external validity and present corrections in the format respondents would normally
see them, we choose to show corrections in a group EMA setting where respondents
observe a peer correcting another peer.

Despite the relative success of fact-checking efforts, the empirical literature on mis-
information demonstrates that the success of corrections is a function of individuals’
preexisting beliefs. In this regard, a primary factor influencing the efficacy of correc-
tions is partisan motivated reasoning (Thorson 2016).2 In India, however, that partisan
motivated reasoning will affect corrections is not a foregone conclusion (Badrinathan
2021). On the one hand, partisan affiliations in India have been shown to be tradition-
ally weaker and less stable, sometimes forming for non-ideological reasons (Bussell
2019). On the other hand, reports show that misinformation is largely political on
WhatsApp, and majority of political content comes from groups allied with the
Bharatiya Janta Party (BJP), the right-wing, Hindu nationalist government of India
(Garimella and Eckles 2020). Further, since we conduct this experiment after a conten-
tious election, during which attachments to parties were arguably heightened
(Michelitch and Utych 2018), we might expect motivated reasoning to play a role in
information processing.

Despite these contrasting priors, in keeping with findings from the literature on
fact-checking, we hypothesize that partisan motivated reasoning should attenuate the
effects of corrective messages (Taber and Lodge 2006). Specifically, we hypothesize:
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Hypothesis 2: Peer corrections will be more effective when misinformation is attributed
to an ideologically dissonant politician (compared to when it is unattributed).
Hypothesis 3: Peer corrections will be more effective when misinformation originates
from a dissonant media outlet (compared to unattributed or neutral outlet).
Hypothesis 4: Peer corrections will be less effective when misinformation is ideologically
congruent (compared to non-ideological stories).

Finally, we also consider whether corrections backed by evidence are more effec-
tive. Research demonstrates that the persuasive quality of an argument is a function
of whether or not it is substantiated (Stiff and Mongeau 2016). With social media,
Vraga and Bode (2018) test the effect of social corrections on Facebook and Twitter
and find that corrections substantiated with a source are more effective at countering
misinformation. We thus hypothesize:

Hypothesis 5: Exposure to unsubstantiated corrections (relative to substantiated correc-
tions) will be less effective at countering misinformation.

Design

To test these hypotheses, we designed and fielded an online experiment in India
(N ≈ 5,100) in the aftermath of the contentious 2019 general elections (registered
with OSF). In our experiment, respondents were recruited through Facebook and
were shown (in random order) a series of nine hypothetical conversations on
WhatsApp group chats, seven of which contained misinformation.3

We choose to show respondents the treatment in the form of WhatsApp screenshots
as WhatsApp is the most common social media platform in India. With over 500
million users as of late 2022, India is also WhatsApp’s largest market. Moreover, in
countries like India, political parties and others are known to organize voters into
WhatsApp groups curated by religious and other social identities, a communication
strategy that gained popularity after the 2014 elections (Chauchard and Garimella
2022). Given the platform affordances WhatsApp offers in terms of sorting users
into private and encrypted homophilic groups, WhatsApp users are likely accustomed
to hearing from strangers in homophilic networks, a strategy we lean on for this exper-
iment. Further, research shows that WhatsApp users in India are particularly likely to
forward messages in groups, constituting a common method for the spread of misinfor-
mation (Aneez et al. 2019).

The theme of these nine WhatsApp conversations—and hence of the misinforma-
tion stimuli respondents were shown—was chosen following a pretest with an
online Indian sample.4 These misinformation stimuli in the WhatsApp conversations,
along with their veracity and partisan slant, are listed in Table 1. Every conversation
containing a misinformation stimulus was experimentally manipulated to take on
several different variations. Hence, respondents took part in nine successive experi-
ments, presented in random order.
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The final selection of stories was the product of several constraints and choices. To
avoid prompting respondents to systematically reject the veracity of rumors, we
included some true stories (two out of nine). But simultaneously, our goal was to max-
imize respondent exposure to corrections for controversial rumors that spread widely
during the run up to the 2019 elections in India, hence our distribution skewed in
favor of false stories (seven out of nine). We selected stories encompassing a broad
variety of topics including current electoral politics (stories eight and nine), health
(stories five and six), historical conspiracies (story seven), and in order to test the
effect of social corrections on identity-related misinformation, religion and minorities
(stories three and four).

The experimental manipulations for our experiment are described below:

1. Type of correction. This included four possible conditions: Control (no correc-
tion), Domain Expert correction, Fact Checker correction, and Unsubstantiated
Correction. Respondents were randomized into one of these four groups with
equal probability. The between-subject randomization of participants into
Control, Domain Expert, Fact Checker, and Unsubstantiated Correction re-occurs
prior to each of the nine successive screenshots respondents are exposed to. As a
result, respondents in the control group during the first story need not remain in
the control group throughout, as they may be assigned to another experimental
group in a subsequent story. In practice, this is equivalent to nine successive exper-
iments, whose order is randomized (in addition to assignment to treatment being
randomized). As a result of this strategy, respondents are typically assigned to a
variety of corrections across different rumors, though some of them also likely
see similar corrections back to back. Respondents in the Domain Expert treatment
(25 percent of the sample) read a substantiated correction pointing to a domain
expert as the source of the correction (e.g., the Election Commission of India
for electoral misinformation, or the Census Bureau of India for demographic

Table 1. Veracity and Slant of Dependent Variable Stories.

Story Veracity Slant

1 Australia has won the ICC cricket world cup the most often True Neutral
2 There is no cure for HIV/AIDS True Neutral
3 The Muslim population in India will overtake the Hindu

population
False BJP-congruent

4 Polygamy is very common in the Muslim population False BJP-congruent
5 MMR vaccines are associated with autism False Neutral
6 Drinking cow urine (gomutra) can help build one’s immune

system
False BJP-congruent

7 Netaji Bose did not die in a plane crash in 1945 False Neutral
8 The BJP has hacked electronic voting machines False BJP-incongruent
9 UNESCO declared PM Modi best Prime Minister in 2016 False BJP-congruent
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misinformation). Respondents in the Fact Checker treatment (25 percent of the
sample) read a substantiated correction pointing to a verified fact-checker in
India as having debunked the misinformation posted.5 Respondents in the
Unsubstantiated Correction treatment (25 percent of the sample) read a correction
that was a simple rebuttal by the second user, devoid of substantiation or a
source of correction. This included a one-line simple correction (for instance
saying “I don’t think that’s true, bro!”) in response to the misinformation stimulus.
The remaining 25 percent of the sample was randomized into a control group that
received no correction.

2. Media outlet reporting the story. This manipulation included three possible var-
iations: India TV (a relatively right-leaning private news channel), NDTV Hindi (a
relatively left-leaning private news channel), and DD News (a relatively neutral
public channel).

3. Politician from whom the claim originated. This manipulation included three
possible variations: a BJP politician, an Indian National Congress (INC) politician,
or an unspecified source. Note that in each story in which this manipulation was
employed, we compared either a BJP or an INC politician to our neutral option
(an absence of clear partisan source).

Within each of the four correction conditions, respondents had an equal probability of
being assigned to each of the possible variations of media outlets × politicians.
Altogether, this gives us in total forty-eight possible variations for each story: eight cor-
rections (including five types of Fact Checkers), three media outlets, two politicians.
However, note that this is not a fully crossed design: not every story had forty-eight
variations because we exclude unrealistic manipulations (for instance, non-political
rumors originating from politicians). Thus, some stories only had twenty-four varia-
tions. In Table 2, we detail the precise variations that were included and excluded
for each story, along with the total number of conditions per story. The full text of
each experimental manipulation, along with samples of the experimental stimuli, is
included in Online Supplemental Appendix C.

To evaluate our main effects, we aggregate up to the level of receiving any correc-
tion (75 percent of the sample) compared to receiving no correction (25 percent of the
sample). To further evaluate the effect of the type of correction, we compare the four
key correction conditions to each other (unsourced correction vs. expert correction vs.
any fact-checker correction vs. control).

Procedure and Outcome Variable

After reading each WhatsApp conversation, respondents were asked to evaluate the
veracity of the misinformation stimulus included the conversation with a single
outcome question: How accurate is the following statement? [Statement of the rumor]

(not at all accurate, not very accurate, somewhat accurate, very accurate).
Our design took several steps to increase external validity and realism. First, as

noted above, we selected a diverse sample of stories. Further, we excluded highly
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unrealistic manipulations and tailored domain expert corrections to each rumor (e.g.,
we attribute expert corrections of voter fraud rumors to the Election Commission of
India). Finally, given that respondents each saw nine screenshots, we slightly varied
the specific text of the messages in each screenshot to ensure realism (see
Supplemental Appendix C).

Sample

Participants in this study were Hindi speakers recruited through Facebook. The ad used
to recruit respondents is in Supplemental Appendix B. To be eligible to participate,
respondents were required to be adult residents of India who used WhatsApp.6

While we recruited over 5,100 participants, the actual N presented in our analyses
varies slightly for each dependent variable story (+ or − 1 percent), as we include
observations from respondents who exit the survey before reading all nine rumors.7

The experiment was conducted entirely in Hindi, and sample characteristics of our
respondents are available in Supplemental Appendix H. While our experiment does
exclude non-Hindi speakers, given the diverse language background of the Indian pop-
ulation (including twenty-two official languages and several hundred dialects), having
a survey that represents all language groups is a challenging prospect. The Hindi speak-
ing share represents the largest language group in the country, including 57 percent of
the population amounting to about 700 million people. We also note that we recruit
respondents through Facebook as we estimate this better represents the online popula-
tion in India relative to those on survey panels.8

Results

For each of the nine claims we asked about, Figure 1 plots the share of respondents in
the control group who believed each story to be true. Our findings demonstrate the high
salience of false stories in the Indian context. Six of the seven false rumors were rated
as accurate or somewhat accurate by over 60 percent of the sample, with the top two
prevalent rumors believed by over 70 percent of the sample, underscoring the tenacity
of misinformation in the Indian context.

The Effect of Social Corrections

Do corrections impact these high rates of belief? We first present results for
Hypothesis 1, which tests whether exposure to any correction reduces the perceived
accuracy of misinformation. To test Hypothesis 1, we pool together all the different
types of social corrections such that the primary comparison of interest is between
having received a correction (of any kind) and not having received one. The depen-
dent variable measures the self-reported accuracy rating that respondents give to
each story on a 4-point scale, with higher values representing greater perceived
accuracy (i.e., for false rumors this amounts to higher values meaning false
stories are rated as true). Since our design amounts to running several experiments
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successively, we first estimate separate bivariate OLS models for each of the seven
false stories in our experiment, represented by the seven columns in Table 3. We
also visually represent our main result in Figure 2.

Our results demonstrate that corrections are effective at reducing beliefs in false
stories. Exposure to social corrections significantly reduces the likelihood that respon-
dents report false rumors to be accurate, relative to not receiving any correction. We do
not obtain a significant result for only one (out of seven) false story, the rumor that elec-
tronic voting machines (EVMs) were hacked by the BJP ahead of the elections. As
Figure 1 demonstrates, belief in this rumor was low to begin with, possibly making
it harder for the treatment to have an impact. In contrast, a consistent negative effect
appears for the remaining stories, although effect sizes vary across rumors.
Particularly, we see effects of larger magnitude (greater than 0.4 on a scale from 1
to 4) on two of the stories: the MMR vaccine rumor and the UNESCO rumor.9

Thus our results show that social corrections, the only suitable techniques for
private online spaces, significantly reduce overall rates of beliefs in patently false
rumors circulating on WhatsApp in India.

We find that our results are robust to controls: controlling for the media source or
politician being congruent or dissonant, results hold.10 Finally, we also present a
pooled model averaging across all rumors to calculate an overall correction effect
for all rumors (Table 4). In this model we also include robust two-way clustered stan-
dard errors at respondent and headline levels, and find that our results hold.

Figure 1. Baseline rate of belief in DV stories among control group respondents.
Note. For true stories, the numbers reflect %s from the full sample.
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Motivated Reasoning and Social Corrections

To what extent are the corrective effects obtained above affected by motivated reason-
ing? To answer this question, we look at motivated reasoning in three ways, as hypoth-
esized in H2, H3, and H4.

Tables 5 and 6 test Hypothesis 4, that is, whether the effect of the correction is a
function of the slant of the story itself. While Table 5 looks at whether corrections
are less effective for ideologically congruent stories, Table 6 looks are whether correc-
tions are more effective for ideologically dissonant stories. We limit our analyses to the
subset of rumors that are clearly political (rumors 3, 4, 6, 8, and 9). We code rumors as
congruent or dissonant ex-ante as a function of participants own ideological inclina-
tions and as a function of our observations of the two parties’ campaign platforms.
For this analysis, we coded claims == 1 when they were political claims congruent
to respondent ideology (e.g., if the respondent is a BJP supporter and the claim at
hand is a rumor saying BJP politician Modi is the best PM in the world, this is
coded as 1), and 0 otherwise, that is, 0 represents both dissonant claims as well as
neutral claims. When participants self-report being close or very close to the BJP,
Rumors 3 (Muslim population growth), 4 (polygamy in the Muslim population), 6
(belief about the virtues of cow urine), and 9 (Modi and UNESCO) are coded as con-
gruent rumors. By contrast, Rumor 8 (EVMs) is coded as dissonant, while Rumors 1, 2,
5, and 7 are coded as neither congenial nor dissonant.

Figure 2. Average treatment effect (any correction vs. control).
Note. Error bars show 95% confidence intervals.
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Table 4. Pooled Model Averaging Across All Rumors.

Dependent variable: Average Belief Across All Rumors

(1) (2)

Any Correction −0.2010∗∗∗

(0.0598)
Unsourced −0.1579∗∗∗

Correction (0.0423)
Expert −0.2182∗∗∗

Correction (0.0713)
Any Factchecker −0.2271∗∗∗

Correction (0.0701)
Constant 2.7563∗∗∗ 2.7563∗∗∗

(0.1951) (0.1951)
Observations 35,729 35,729
R2 0.0060 0.0065
Adjusted R2 0.0059 0.0064
Residual Std. Error 1.1581 (df = 35,727) 1.1578 (df = 35,725)

Note. ∗p < .1; ∗∗p < .05; ∗∗∗p < .01.
Std. errors clustered at headline and respondent levels.

Table 5. Effect of Correction * Congruent Claim on Belief in Rumor.

Dependent variable: Belief in Rumor

MuslimPop Polygamy Gomutra EVM UNESCO
(1) (2) (3) (4) (5)

AnyCorrection −0.092 −0.163∗∗∗ −0.117∗ 0.0002 −0.375∗∗∗

(0.059) (0.048) (0.052) (0.038) (0.063)
CongruentClaim 0.238∗∗∗ 0.246∗∗∗ 0.369∗∗∗ 0.520∗∗∗ 0.368∗∗∗

(0.067) (0.053) (0.055) (0.056) (0.069)
AnyCorrection * −0.025 −0.043 0.014 −0.057 −0.070
CongruentClaim (0.076) (0.061) (0.066) (0.066) (0.081)
Constant 2.602∗∗∗ 3.120∗∗∗ 2.784∗∗∗ 1.478∗∗∗ 2.777∗∗∗

(0.052) (0.041) (0.043) (0.032) (0.053)
Observations 5,104 5,103 5,099 5,136 5,109
R2 0.011 0.020 0.032 0.049 0.036
Adjusted R2 0.010 0.019 0.032 0.049 0.035
Residual Std. Error 1.090 0.940 1.044 0.989 1.241
F Statistic 18.919∗∗∗ 34.488∗∗∗ 56.388∗∗∗ 88.471∗∗∗ 62.872∗∗∗

Note. ∗p < .05; ∗∗p < .01; ∗∗∗p < .001.
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Across Tables 5 and 6, the interaction between the treatment (AnyCorrection) and
the slant of the story corrected produces a null result, suggesting that the effect of cor-
rections may not be a function of the ideological slant of the story. We also repeat these
analyses with a pooled model (where the dependent variable is the average perceived
accuracy across all headlines). This analysis is presented in Supplemental Appendix E
and shows that congruent claims might further be corrected better than non-congruent
claims, suggesting that social corrections can decrease belief even in congenial news.
The divergence in results between our pooled model and these rumor-specific models,
however, do point to an inconclusive finding: we do not find clear evidence that the
effect of corrections is conditional on the ideological slant of the story; while it is
the case in our pooled model, this is not true for any specific story that we test.
While they will require confirmation through additional analyses or additional
samples, these findings in our pooled model are nonetheless worth highlighting, as
they depart from salient works implying that greater resistance to corrections exists
for concordant news (Nyhan and Reifler 2010).

Similar results emerge when we look at motivated reasoning in two other ways, as
per the politician to whom a story is attributed (Hypothesis 2), or the news outlet
reporting the story (Hypothesis 3). We find that interacting the correction with the iden-
tity of the politician or media outlet does not reduce or change the effect of corrections.
Results from these tests are reported in Supplemental Appendix Tables D.1 and D.2
(effect of the identity of the politician) and E.1 and E.2 (effect of media outlet).
Supplemental Appendix Tables D.3 and E.3 pool across rumors to present average

Table 6. Effect of Correction * Dissonant Claim on Belief in Rumor.

Dependent variable: Belief in Rumor

MuslimPop Polygamy Gomutra EVM UNESCO
(1) (2) (3) (4) (5)

AnyCorrection −0.127∗∗∗ −0.195∗∗∗ −0.088∗∗ −0.004 −0.415∗∗∗

(0.045) (0.036) (0.039) (0.049) (0.048)
DissonantClaim −0.206∗∗∗ −0.188∗∗∗ −0.267∗∗∗ −0.608∗∗∗ −0.238∗∗∗

(0.069) (0.055) (0.058) (0.053) (0.072)
AnyCorrection* 0.062 0.016 −0.060 −0.022 0.004
DissonantClaim (0.078) (0.064) (0.069) (0.062) (0.084)
Constant 2.816∗∗∗ 3.334∗∗∗ 3.097∗∗∗ 2.022∗∗∗ 3.078∗∗∗

(0.040) (0.031) (0.033) (0.042) (0.041)
Observations 5,104 5,103 5,099 5,136 5,109
R2 0.006 0.015 0.021 0.090 0.028
Adjusted R2 0.006 0.015 0.020 0.089 0.028
Res. Std. Er. 1.093 0.942 1.050 0.968 1.246
F Statistic 10.658∗∗∗ 26.475∗∗∗ 36.056∗∗∗ 168.534∗∗∗ 49.481∗∗∗

Note. ∗p < .1; ∗∗p < .05; ∗∗∗p < .01.
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effects and find overall a lack of evidence for corrections being more or less effective as
a function of ideology.

Taken together, these results demonstrate that corrections can in some cases be
effective despite partisan ties or partisan motivated reasoning, and perhaps even for
concordant news, contrary to what we hypothesized in H2–4, and contrary to what
much of the literature suggests, based on evidence from other cases. Importantly,
our results exclude the possibility that these findings might owe to our sample being
a low-effort sample: as visible in Tables 5 and 6, our respondents did strongly react
—in the expected direction—to the slant of rumors, to their cited sources, and to the
presence of a correction. This, however, did not systematically mitigate their reaction
to the correction. Besides, while our sample tilts towards BJP supporters and educated
men—and thus reflects the population of high-frequency social media users in India—
the relatively large size of this sample (N>5,000) makes it unlikely that these results
owe to insufficient statistical power. These factors suggest that partisan motivated rea-
soning plays a comparatively less systematic role in India, breaking with results fre-
quently obtained in the American context (Nyhan and Reifler 2010).

Are Substantiated Corrections More Effective?

Our main effect in this paper demonstrates that receiving any correction (relative to
control) can reduce the perceived accuracy of misinformation. While this analysis
pools together all corrections, we now examine which types of corrections are most
effective. Particularly, we compare substantiated to unsubstantiated messages, and
determine whether the source of substantiation plays a role in persuasion.

Figure 3 evaluates the effect of different types of corrections on belief in misinfor-
mation, compared to the control condition (no correction). The first row of coefficients
represents the size of the effect in corrections without any substantiation. In this case, a
peer in the group chat expresses skepticism with the story but does not cite a source to
justify their skepticism (merely stating a version of “I don’t think that’s true, bro!”).
The remaining rows represent substantiated corrections, but each with a different
source of substantiation.11 In each treatment group we distinguish by story, including
all seven stories that contained a misinformation stimulus, as well as an overall coef-
ficient pooling across all stories.

Several striking findings emerge from these results. Visually, it appears that the cor-
rective effect is larger on some stories when the correction is sourced; this appears par-
ticularly clear for the UNESCO and MMR rumors. Critically, however, potential
differences in effect sizes remain, at best, very small across sub-types of corrections,
and in most cases do not appear to exist at all, as confidence intervals between correc-
tions largely overlap across rows.

We confirm these intuitions by comparing unsourced corrections to all other correc-
tions and control (i.e., changing the omitted category in our model to unsourced cor-
rections). We find that for four out of seven stories, the effect of sourced corrections
is not statistically distinguishable from that of unsourced corrections. That is, for the
majority of rumors, unsourced corrections are just as effective as using sources.

Badrinathan and Chauchard 15



Moreover, in the few cases that sourced corrections do work better than unsubstanti-
ated ones, their corrective effects remain small (see Supplemental Appendix J).

Given how highly powered our experiment is, we can say with relative confidence
that the sophistication of social corrections did not strongly change respondents’ reac-
tions: the unsourced correction (a simple, short dismissal of the claim made by the first
user) is in fact often as effective as the longer and more clearly sourced corrections in
this design. An unidentified participant merely expressing incredulity about a rumor is
therefore often as likely to reduce belief in a falsehood as a respondent engaging in a
longer correction.

The type of source cited appears to make even less of a difference: corrective mes-
sages substantiated with a domain expert do not make the correction more persuasive
than other types of sourced corrections: in all cases, respondents are as likely to react to
the correction when it is said to originate from a professional fact-checking organiza-
tion, a prominent newspaper, or the platforms themselves, as opposed to a domain
expert. This further implies that respondents open to belief change do not require
much expertise in order for their beliefs to be moved.

We do note a potential limitation with the sourced corrections, however. We under-
score that messages in these conditions do not actually cite fact-checkers; respondents
are merely referred to a fact-checking source, though the actual source is in our case
the user. This might constitute a weaker correction than one where a link was provided
in the message (Vraga and Bode 2018). In future research, the effect of stronger
corrections—that is, corrections including an actual link to a fact-check—could be
tested to assess whether users are better able to correct their beliefs with sourced

Figure 3. The effect of different types of social corrections, compared to control condition.
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links. Finally, when further disentangling these results by fact-checker (Supplemental
Appendix G), no source emerges as consistently more persuasive or effective relative
to others. Overall, we thus find that the content of social corrections counts less than
the mere presence of one. Related research on correction format, tone and style supports
the finding that correction specifics are less important relative to issuing a correction in
the first place (Swire and Ecker 2018; Bode, Vraga, and Tully 2020).

Discussion and Conclusion

Taken together, our results demonstrate that social corrections are effective in con-
texts like India: in our experiment, exposure to a corrective message posted by an
unidentified peer—regardless of the source or substantiation of that message—sig-
nificantly reduces beliefs in misinformation. Insofar as respondents in our experi-
ment were not incentivized to pay attention to the message, and by design neither
knew nor by could identify the individuals posting corrections, these results may
be seen as conservative estimates. Arguably, peer corrections on more homophilic
networks (friends, colleagues, or likeminded partisans) may achieve a much
larger effect.

While additional research will be needed to test this hypothesis, our results point to a
potential flip side of comparatively low levels of digital literacy. India has lower rates of
formal education and digital literacy, as well a large share of users who are new to the
Internet. These factors likely imply that news received via the Internet might automatically
have more value, given the unfamiliarity and fascination the medium inspires (Badrinathan
2021). While this may lead misinformation to be more easily believed in the first place, the
same may apply to corrections, which may more easily become effective in such contexts.

Beyond our main result, tests on our other hypotheses (H2 to H5) point to another
reason why social corrections matter: forces such as partisan motivated reasoning—
normally expected to reduce the effect of corrective measures—may not play as
systematic a role in this context. While we can only speculate as to the causes of
this divergence, one explanation may lie in the nature of partisanship in India.
Despite much report of political polarization and transformation of partisanship into
a social identity (Chhibber and Verma 2018), India is a country that has traditionally
had weaker partisan ties, and politics is thought to be more clientelistic rather than pro-
grammatic (Auerbach et al. 2021). This relative weakness of partisanship—at least in
the American sense of the term—may imply that motivated reasoning would not con-
stitute as big an obstacle to correcting beliefs, or more likely in our view, that partisan-
ship may not be the basis for motivated reasoning in this context–it may instead exist in
another, non-partisan form, for instance, along the lines of religious identities
(Badrinathan and Chauchard 2021).

Additionally, we show that respondents often do not react very differently to sub-
stantiated and unsubstantiated corrections, and that the presence of a correction,
rather than its degree of substantiation, appears sufficient to change beliefs. Both
Munger (2017) and Siegel and Badaan (2020) show that online hatred and harassment
can be significantly reduced by simple nudges, especially if these come from ingroups.
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While these multiple findings mutually reinforce our confidence that social correc-
tions matter, we now outline limitations in our design. First, we note that we measure
our dependent variable in close proximity to the treatment, and thus cannot speak to
the durability of these effects. While some recent findings demonstrate that
fact-checks may not persist over time despite repeated exposure (Carey et al.
2022), future studies should nevertheless consider a longer gap between treatment
and outcomes to measure whether social correction effects decay over time. We
also note that while corrections emanate from peers, we blur out all source names
and affiliations in our WhatsApp screenshots. Thus we are unable to test whether
the efficacy of corrections is a function of the particular individual posting the cor-
rective message.

Next, we underscore that our results might be a function of our sample: Hindi
speaking, Facebook users with enough digital literacy to take an online survey.
Individualized access to social media implies that the individual is wealthy enough
(and has enough freedom) to obtain a smartphone for personal use and that the person
is functionally literate. Thus, these conditions are more likely met in younger, male pop-
ulations in the more developed parts of India, which are hence overrepresented in our
sample (Badrinathan et al. 2021). We hope in future work to expand our sampling
recruitment to include populations in India that speak other regional languages, as
well as populations that only use WhatsApp or are new to the internet (and may conse-
quently more likely be women, older users, or those residing in non-urban areas).

In addition, a limitation of our study was the partisan imbalance in the mix of stories
that we use as our dependent variable measures. This is because political misinforma-
tion in India seems to emanate largely from BJP sources (Chauchard and Garimella
2022). This is underscored in previous data by pro-BJP stories being believed to a
much greater extent than anti-BJP stories (Badrinathan 2021). In this study, too, we
choose stories that are more salient (through a pretest) in the hope that our treatment
is able to move respondent attitudes on the misinformation they believe the most.
However, since the most salient stories are also those that benefit one side of the ideo-
logical spectrum, we end up with an imbalance, alluding to the fact that pro-BJP stories
are more salient in the minds of respondents. We also note that, as a result, we over-
sampled false stories in our outcome. Thus, while we chose rumors that we believed
were normatively important to correct, this subset may not represent the sum of mis-
information online in India. Further, over-sampling false stories may be less externally
valid as a respondent may not encounter large amounts of misinformation in a single
online browsing session (Chauchard and Garimella 2022).

A challenging prospect for future research is to be able to examine the effect of cor-
rections in a more naturalistic setting, outside of a survey or online experiment. We
acknowledge that our experiment tests the effect of witnessing a correction rather
than being directly corrected. While the private nature of WhatsApp groups makes
incorporating these elements logistically and ethically difficult, measuring the
impact of misinformation and solutions to counter it within the ecosystem of groups
that individuals are a part of will allow us to ascertain the true impact of group solid-
arity, conformity pressures, and ingroup norms. Relatedly, since our study thus only
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compares different types of social corrections to each other, it is difficult to separate out
whether a correction is effective because it is social or not, since we do not have a non-
social correction condition. We aim to look at this question in future work.

Beyond chat apps and other messaging applications, our study opens up broader
avenues for research on misinformation in developing countries. Much remains to be
uncovered about the ability of misinformation to persuade, and to be corrected, in settings
of low education, accelerating Internet, and private online spaces. The weakness of the par-
tisan form of motivated reasoning detected in our study suggests that more comparative
work on misinformation is needed. Future work should explore the psychological mech-
anisms leading to belief change, and potentially to offline behaviors, especially in countries
where the stakes are as high as violence. Such research should also look into information
and misinformation processing on encrypted and personal social media networks such as
WhatsApp. The findings from this study have implications not only for developing coun-
tries that widely use EMAs, but also for more developed contexts where polarized users are
sorted into homophilic networks online.
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Notes

1. See Supplemental Appendix A.
2. We note, however, that a body of research now points to factors other than motivated rea-

soning to understand belief in misinformation, such as analytic thinking and inattention to
accuracy (Pennycook and Rand 2019).

3. This ratio (7/9) is not meant to be representative of the prevalence of misinformation on
online platforms. Rates of misinformation online in a similar context are far smaller, as doc-
umented in Chauchard and Garimella (2022). In this design we choose to focus on a larger
sample of misinformation to be able to experimentally test the effects of different types of
corrections.

4. Data from the pretest is presented in Supplemental Appendix F.
5. The Fact Checker correction was further subdivided into five variations. That is, within the

25 percent of our sample that were randomized into the Fact Checker condition, respondents
saw one of five versions with equal probability: a message that the online platform
WhatsApp had factchecked the misinformation, or the online platform Facebook, or
India’s oldest print newspaper The Times of India, or third party fact-checking service
AltNews, or third party fact-checking service Vishwas News. We do not focus in this man-
uscript on comparisons between fact checkers; instead in our key analyses we aggregate
them up to compare the fact-checker conditions to the three aformentioned conditions.

6. One hundred percent of those initially recruited said they used WhatsApp. This is consistent
with social media usage in India where WhatsApp is the most popular platform, hence those
with access to Facebook naturally also used WhatsApp.

7. Only seventy-five respondents, or less than 1.5 percent of the sample dropped out through
the course of the experiment. There was no scope for differential attrition between the four
conditions as respondents are re-randomized into a different condition for each headline
they see; that is, they do not stay in the same condition for each story.

8. While this recruitment strategy excludes respondents who use WhatsApp but not Facebook,
we believe our sampling method is an improvement over using online panels in India as
these are strictly limited to English-speaking users, who constitute a very small section
of the population.

9. The size of the effect across rumors does not appear related to the prior salience of these
rumors in our sampled population. As shown in Supplemental Appendix F, many respondents
in our pretest had heard of the widely circulated UNESCO rumor, while fewer had heard of
the rumor about MMR vaccines. Yet both led to comparatively large corrective effects.

10. We show that our results remain significant when we perform a Benjamini-Hochberg
adjustment fixing the false discovery rate at 5 percent (see Supplemental Appendix I).

11. We further disentangle these results in Supplemental Appendix G.
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