
The Effectiveness of Social Advertising

Shan Huang1 and Song Lin2

1University of Washington, Seattle

2Hong Kong University of Science and Technology

Abstract

Although social advertising has grown to be one of the major online advertising channels
in recent years, its effectiveness is not been fully understood. In this study, we use data
from a large-scale field experiment on a major social media platform (WeChat Moments) to
investigate how the display of social cues (friends’ likes) in an advertisement affects users’
responses. In the experiment, we randomly manipulate the presence of social cues in ads
shown to 37 million users. We distinguish two types of consumer response: publicly observable
responses that reveal whether a user has liked an ad, and private responses whereby a user
clicks on an ad. We find that on average, displaying the first social cue significantly enhances
the liking and clickthrough rates. However, while showing additional social cues can further
increase users’ tendency to like, it does not increase the clickthrough rate any further. This
empirical pattern is consistent with the coexistence of informational social influence and
normative social influence in social advertising. We find evidence that informational influence
has a greater impact on the clickthrough rate, whereas normative social influence has a more
prominent effect on the liking rate. Our results provide rich implications for advertisers and
social media platforms in designing social advertising policies.
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1. INTRODUCTION

Over the last decade, the growth of online social media platforms such as Facebook, Instagram,

Twitter, Snapchat, and WeChat has not only changed how consumers interact with each

other, but also provided new channels for advertisers to communicate with their targeted

customers. As a result, consumers are increasingly discovering products and updating brand

preferences based on the information they gain from social media, and marketers have come

to realize the value of advertising on social media platforms. According to eMarketer, in the

United States, advertising spending on social media is projected to account for 39% of digital

ad spending in 2020. However, despite its rapid growth, the effectiveness of social advertising

is still not fully understood.

Social advertising, unlike other advertising channels, is embedded in social networks and

thus uses social influence to communicate with consumers. By far the most common practice

is to embed visible social cues in an ad, from which consumers can learn about how others in

their network react to the ad. The objective of this study is to understand the effectiveness

of these social cues. Importantly, we identify two dimensions of the effectiveness. The first

dimension is how consumers react to social cues by clicking on an ad. This measurable ad

response is what differentiates online media from traditional broadcast media. On a social

media platform, this response is typically private; it is not disclosed to a user’s network.

The second dimension is how consumers respond to social cues in terms of revealing their

interests, attitudes, or feelings about an ad. Many social media platforms allow users to

express their liking of an ad, which can be revealed to others in their network and induce

additional ad responses. This type of ad response is often unobservable in other online media

and broadcast media, and thus constitutes a unique feature of social media.

The differences between these two types of response have important implications for
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advertising policies. Firms often differ in their advertising objectives. Some may be primarily

interested in driving product sales, and thus their foremost priority is to persuade consumers

to click on their ads. Other firms may simply aim to capture consumers’ attention or build

their brand image or relationships, with less focus on clicks and more on public attitude.

Understanding the effectiveness of social advertising in relation to these different dimensions

can not only inform firms about how to design their advertising campaigns and allocate their

advertising budgets, but also can provide insights into how social media platforms can use

social cues in their ads and determine the metrics for measuring advertising effectiveness.

To investigate the effectiveness of social advertising, we conducted a large-scale randomized

field experiment on one of the world’s largest social networking platforms, WeChat. We

randomly allocated ads shown on WeChat Moments, on which WeChat users share their

status, personal stories, and thoughts with their friends. The presence of friends’ likes (social

cues) on an ad for a user was randomized over more than 57 million ad-user pairs. This

intervention lasted for 21 days and covered 99 ads. With the experimental randomization,

the impression-level data on social cues and the users’ ad responses, the individual-level data

on the users’ demographics and historical behavior, and the data on the ad characteristics,

we are able to evaluate the causal effects of social advertising, and explore the underlying

mechanisms.

We find that displaying friends’ likes in ads significantly increases users’ likelihood of

both clicking and liking an ad. Compared with displaying no likes, displaying one like in an

advertisement causes, on average, a 0.98% increase in the liking rate and a 0.96% increase

in the clickthrough rate. This result provides evidence that social influence affects social

advertising, and that the overall effect is positive. We then examine how additional social cues

influence the users’ responses. Interestingly, displaying more friends’ likes on average further
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enhances the users’ liking propensity, but does not increase the clickthrough rate further.

Hence, our findings suggest that social cues can drive different user response dynamics. On

the one hand, user likes can create a snowball effect whereby one like generates another,

which further generates more likes. On the other hand, more likes do not necessarily induce

more clicks, as our findings indicate that only the first social cue significantly affects users’

private responses.

The diverging effects of social cues on clicks and likes identified in our field experiment

provide a rare opportunity to investigate two distinct mechanisms of social influence, namely

informational influence and normative influence. Deutsch and Gerard (1955) were among the

first to distinguish the two types of social influence. They define informational social influence

as “an influence to accept information obtained from another as evidence about reality.”

Campbell and Fairey (1989) further interpret informational social influence as based on the

desire to be accurate, stating that “other’s responses are used as a source of information

about reality, and people conform because they believe that the others may be correct.”

In contrast, normative social influence reflects the urge to conform to the expectations of

another (Deutsch and Gerard 1955), which is based on the desire to maximize social outcomes

(Campbell and Fairey 1989). It is well known that the effect of normative social influence

is reduced when individual actions are not observable by others (e.g., Deutsch and Gerard

1955, Asch 1956, Mouton et al. 1956, Argyle 1957, Levy 1960, Insko et al. 1983, Insko et al.

1985, Campbell and Fairey 1989). In our social advertising setting, although clicks and likes

are probably subject to informational social influence, because likes are publicly observable

but clicks are not, normative social influence is likely to have a greater impact on likes. Thus,

users are likely to conform to the actions or expectations of others in their network to obtain

social approval or to build relationships with them. This normative force presumes that the
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conformity inducing action is publicly observable to others. In contrast, users’ clicks are not

observable to the public and thus they are primarily driven by personal interests, in which

the informational value of social cues plays a more prominent role.

To test this proposition, we identify scenarios in which either normative social influence

or informational social influence is more salient and compare the impacts of displaying social

cues on likes versus clicks. First, when consumers are more familiar with a brand and trust

it, such as a well-known or reputable brand, social cues have less informational value. Thus,

we find that exposing more social cues leads to a further increase in the liking rate, but not

in the clickthrough rate for these well-known brands. In fact, the effects of increasing social

cues on clickthrough rate are even slightly reduced for them. Conversely, when consumers

are less familiar with a brand, such as a lesser-known brand, exposure to more social cues

can increase not only the liking rate but also the clickthrough rate. Second, when consumers

are more willing to engage with friends on social media newsfeeds, such as by endorsing

(expressing likes) or commenting on friends’ posts, they are more likely to be subject to

normative social influence. Liking and commenting on friends’ posts on social media have

become meaningful ways of showing conformity with the opinions and behavior of friends. We

find that increasing exposure to social cues has a much stronger positive impact on the liking

rates for these users than for those who are less socially engaged, although the impact on the

clickthrough rate remains similar across these two user segments. Together, these results are

consistent with the prediction that normative social influence has a stronger effect on public

responses (i.e., the liking rate) than on private responses (i.e., clickthrough rate), whereas

informational social influence plays a more critical role in determining private responses than

public responses.

The coexistence of informational and normative social influence, and the different roles
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they play in shaping private and public responses, shed important light on the management

of social advertising. For firms interested in brand advertising, social advertising can be

useful in driving public responses through the mechanism of normative social influence. These

firms can further enhance the effects of social cues on liking by targeting users who are

more susceptible to normative social influence (e.g., socially engaged users). In contrast,

for firms interested in performance advertising, the effectiveness of social media advertising

campaigns is more subtle when they are evaluated based on the clickthrough rate. Although

displaying one social cue can significantly increase the clickthrough rate, the impact of more

social cues on clicks is dependent on the relative weights of the informational and normative

social influences. Although normative influence can stimulate the growth of social cues, it

accidentally introduces noise when users try to make inferences about the product quality

based on the social signals. For example, when normative social influence takes the dominant

role in the liking response for a well-known or reputable brand, users may find the social cues

(likes) less informative. Hence, policies that aim to stimulate social cues (public responses)

by strengthening the normative social influence may negatively affect the informational social

influence manifested in private responses such as clicks. Thus, an important message for social

media platforms seeking to monetize from advertising is that they should carefully design

their social advertising policies (e.g., social cues disclosure policies and targeting strategies)

and manage social cues by taking into account the objectives of the advertisers (i.e., brand

or performance advertising) and distinguishing between the two types of advertising metrics

(i.e., the extent of public versus private responses) and their underlying mechanisms (i.e.,

normative versus informational social influence).
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Related Literature

This study contributes to the nascent but growing body of literature on social advertising.

In one of the earliest empirical studies on the effectiveness of social advertising, Bakshy

et al. (2012) conduct two field experiments on the Facebook News Feed. They compare

the effectiveness of an ad when it displays one, two, and three social cues (with friends’

names identified), as well as when it displays the total number of endorsements (without

friends’ names), and find evidence that showing social cues can enhance ad performance. Our

experiment includes a baseline group without any displayed social cues and treatment groups

that display one or organic number of social cues. More importantly, we provide further

evidence of the effect of social influence in social advertising in a different context from the

Facebook network. WeChat Moments shows 100% of users’ contents, including their posts,

likes, and comments, but only to their first-degree friends. In contrast, Facebook users, on

average, receive less than 10% of the organic feeds. Moreover, the users’ public behavior can

be observed by strangers and acquaintances, such as their second-degree friends on Facebook.

This important difference of the product strategies and network settings implies that WeChat

Moments exerts a stronger normative social influence on users than Facebook, leading to

different impacts of social advertising. Different from Bakshy et al. (2012), we also explore

the underlying behavioral mechanisms, find that private (clicks) and public (likes) responses

to social ads follow different dynamics of social influence, and highlight the importance of

distinguishing between informational and normative social influences when investigating the

effectiveness of social advertising.

Social influence receives considerable interest from social science researchers (e.g., Asch

1955, Deutsch and Gerard 1955, Burnkrant and Cousineau 1975, Sacerdote 2001, Cialdini

and Goldstein 2004, Christakis and Fowler 2013). As previously mentioned, informational



Effectiveness of Social Advertising 7

influence and normative influence are two distinct types of social influence. With respect

to informational social influence, individuals often face uncertainty when making decisions

and information from others can help inform their decisions. In some cases, the information

can be obtained by observing the decisions of others. It is then possible that individuals

take the same actions as others after observing their choices, which is known as herding

or observational learning (e.g., Banerjee 1992, Bikhchandani et al. 1992, Zhang 2010). In

other cases, individuals may learn about the opinions or preferences of others, which directly

influence their decisions. This is often referred to as word-of-mouth (e.g., Arndt 1967, Godes

and Mayzlin 2004, Chevalier and Mayzlin 2006). Both mechanisms are studied extensively

in the literature, and our study provides additional evidence that although informational

social influence can be effective in the context of social advertising, it may be confounded by

normative social influence.

With respect to normative social influence, individuals may follow others’ actions or

conform to others’ expectations because doing so can directly enhance their utility. Social

psychologists and behavioral scientists have long investigated why individuals choose to

yield to the influence of others to explain social norms, conformity, and compliance (see

Cialdini and Trost 1998 for a comprehensive review). However, distinguishing normative

social influence from informational social influence is empirically challenging, because both

forces can lead to conformity in actions. Thus, most studies rely on laboratory experiments

to isolate these two influences. In this regard, the data from our field experiment offer a

unique opportunity to investigate the difference between the two types of influence, and

thus add valuable field evidence to this line of research. The concept of normative social

influence typically rests on the premise that individuals desire to gain the approval of or

build relationships with their group, friends, or associates (Cialdini and Goldstein 2004). To
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effectively fulfill these goals, an individual’s actions must be identified by others (Deutsch and

Gerard 1955). Thus, the data on both private (clicks) and public (likes) responses allow us to

shed light on the relative effects of normative and informative influences on social advertising.

The remainder of this paper is organized as follows. In Section 2, we describe the research

setting, experimental design, and data. Section 3 presents the empirical results on the impact

of social cues on public versus private responses. We explore the underlying mechanism of the

empirical pattern in Section 4, and discuss its managerial implications in Section 5. Section 6

concludes the paper.

2. THE FIELD EXPERIMENT

We use data from a field experiment conducted on WeChat Moments ads (see Figure 1).

Owned by the technology conglomerate Tencent, WeChat is one of the world’s largest mobile

messaging applications, with over one billion monthly active users spending, on average, more

than 90 minutes a day on the app. An important function of the app is WeChat Moments,

which, like Facebook’s newsfeeds, supports the posting of images and texts and the sharing

of music, articles, and short videos. WeChat Moments introduced ads in spring 2015. Users

can click, endorse (like), and comment on (but cannot share) ads in WeChat Moments (see

Figure 1). The field experiment started in December 2015. As our experiment was conducted

at the very early experimental stages of WeChat Moments ads, the targeting conditions were

based solely on the users’ age, gender, and city of residence.

The design of WeChat Moments’ ads allows us to identify social influence by comparing

the effectiveness of the social ads between the groups with and without social cues shown in

ads. It is well known that identifying social influence is empirically challenging because of

the potential confounding effects of homophily and particular external factors (Manski 1993,
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Aral et al. 2009). That is, individuals may share actions with their peers in the network,

not because others have influenced them, but because they are just similar in terms of

preferences. Accordingly, some researchers use field experiments to identify causal effects

of social influence in ad engagements (Bakshy et al. 2012, Huang et al. 2020) and product

adoptions(Aral and Walker 2011, 2014). In the next subsection, we provide the details of the

randomized experiment.

Figure 1: Example of WeChat Moments Ads

Note: This figure provides an example of WeChat Moments and Moments ads. WeChat Moments supports
the posting of images and text and the sharing of music, articles, and short videos. Similar to Facebook ads,
WeChat Moments ads appear on the timeline of Moments. Users can click, endorse (like), and comment on
these ads.
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2.1. Experimental Design

In our experiment, we randomized the presence of social cues shown in ads. When the users

received an opportunity1 to see a new ad, they were randomly assigned into three experimental

groups, each with an 8% probability, or outside the experiment, with the remaining 76%

probability. In the control group, the users did not see any social cues. In the two treatment

groups, the users either saw a maximum of one like shown in ads (Treatment Group 1), or

saw the organic number of likes (Treatment Group 2). Figure 2 shows an example of the

experimental treatments. Note that this randomization was at the ad-user level, and occurred

whenever the users received a new ad. Therefore, a user could be in a different experimental

group or outside the experiment for different ads. It is unlikely that the users suspected they

were in an experiment and communicated with others about their treatment. By randomly

assigning social cues, our experiment eliminated the bias due to homophily and external

confounding factors, such that the users were equally distributed and exposed to the external

confounding factors across the control and treatment groups. Homophily suggests that similar

people tend to associate together and become friends, and thus the more friends endorse an

ad, the more likely a user is to respond to it (Mcpherson et al. 2001). The randomization of

the presence of social cues in our experiment breaks the correlation between the number of

social cues displayed in ads and the number of friend endorsers affiliated with ad viewers.

Users saw only one ad at a time and therefore were unlikely to have been affected by the

simultaneous assignment of different treatment conditions for different ads. Each ad remained

in the users’ newsfeed for a maximum of 48 hours. After 48 hours, the ad was removed and a

new ad was probably received.

It is important to note that we manipulated only the display of social cues, not their

1Our experiment was conducted at the very early stage of WeChat Moments Ads. During our experiment,
users were targeted solely based on their age, gender, and city for different ads.
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occurrence, because the social cues needed to be organic and fake social cues are prohibited

on WeChat. Comparing the control group (in which the users did not see any social cue) and

Treatment Group 1 (in which the users were shown a maximum of one social cue) enables

us to identify the marginal social influence of social ads or, in other words, the effect of one

social cue on the user response. The variation in the number of social cues in Treatment

Group 2 (in which the users were shown the organic number of social cues) further allows

us to estimate the social influence exerted by more than one friend’s likes. There are two

types of social cues on WeChat Moments ads: likes and comments. Because comments can

have both positive and negative sentiments, we focused on likes only and hid (controlled

for) all of the comments on the ad interface throughout the experiment. Likes from different

users were shown in identical format on Moments except for the user name, thus eliminating

the heterogeneous effects attributable to the format in which the social cues were displayed.

Almost all of the ads included in the experiment were new and distinctive, and the users were

unlikely to have been exposed to the ads through any external sources outside WeChat.

Figure 2: Experimental Treatments

Note: This figure illustrates the experimental design. When the users received a new ad, they were randomly
assigned into three groups: without any social cue (control group), with maximum one like displayed
(Treatment Group 1) and with organic likes shown in the ad (Treatment Group 2). This randomization
occurred whenever the users received a new ad during the experiment.
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2.2. Data Collection

We collected four sets of data for this study. First, we recorded impression-level data on

the number of social cues shown in the ads and the number of social cues hidden from the

ad interface due to the experimental treatment. The data on the numbers of organic peer

endorsements (displayed and hidden social cues) for ads allow us to examine the spontaneous

behaviors among friends (homophily) and identify how the increasing numbers of social

cues affect the levels of social influence (the effects of social cues). Second, the dependent

variables for this study were the users’ public and private responses to social ads. We collected

impression-level data on the users’ binary responses to an ad (i.e., whether they publicly

liked and/or privately clicked on an ad), and their response times. We counted any click on a

given ad as long as the users clicked the profile page, link to the landing page, or product

photos. Third, to explore the heterogeneous effects of social cues and construct the control

variables, we collected data on the characteristics of the ad viewers and their affiliated friends

whose likes were shown in the ads. Specifically, we recorded their demographic information

(e.g., age, gender, city) and historical behavior on WeChat.2 Fourth, we also collected the

names of the products and brands associated with the ads used in the experiments.

2.3. Descriptive Statistics

The experiment was conducted over a 21-day period starting on December 22, 2015, and

involved 57,605,029 user-ad pairs, 37,985,501 distinct users, and 99 ads. A total of 19,198,166

user-ad pairs were randomly assigned to the control group with no displayed social cue.

Another 19,201,745 user-ad pairs were randomly assigned to the treatment group with a

2Affiliated friends were those who had liked an ad and created social cues before the users saw the ad. Some
of these social cues were hidden due to the experimental manipulations in the control group and Treatment
Group 1.
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maximum of one displayed like. The other 19,205,118 user-ad pairs were randomly assigned to

the treatment group with the organic number of displayed likes. Our sample was representative

of the population of social-ad users on WeChat (see Figure A1 in the Appendix). The users

were randomly assigned to the experimental groups, with no statistically significant differences

between the three experimental groups in terms of the users’ age, gender, city, network degree

(i.e., number of WeChat friends), and level of WeChat Moments activity (i.e., log-in days in

Nov 2015) (see Table 1). This confirms the validity of the randomization procedure used in

our experiment. On average, each user was exposed to fewer than two ads during the 21-day

experiment.3

We dropped the user-ad pairs (3.46% of the sample) associated with 10 old ads4 and with

invalid data (i.e., incomplete user information). We also excluded a very small amount of

data (0.16% of the sample) due to technical errors that caused an incorrect number of likes

to be displayed on some user-ad pairs during the experiment. For example, we excluded the

user-ad pairs assigned to Treatment Group 1 with more than one like or no likes shown in ads,

and the user-ad pairs assigned to Treatment Group 2, in which the number of displayed likes

did not match the number of organic likes. This ensured the integrity of our manipulation:

no like was displayed to users in the control group, exactly one like was displayed to users in

the treatment group 1, and the organic number of likes were correctly displayed to the users

in the treatment group 2.

As previously mentioned, we did not generate fake likes but manipulated the display of

real likes. As some ads had no organic likes5, we were unable to display any real social cues

3In the early stages of WeChat Moments Ads, each ad only targeted a small group of users.
4The old ads were left over from the pre-experiment period. Users had already been exposed to these ads
before the experiment started. The randomization in our experiment was at the ad-user level. In other
words, the users for an ad were randomized into three experimental groups or outside the experiment. As
a result, excluding any ads (with all the corresponding user-ad pairs) from the sample will not affect the
integrity of the randomization in our experiment.

5Ninety percent of the user-ad pairs were not associated with any organic likes. In other words, no first-degree
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on these ads as part of our manipulation. We excluded the user-ad pairs with zero organic

likes in both the control and treatment groups, to guarantee that only one social cue could be

displayed in the ads in Treatment Group 1, at least one social cue could be shown on ads in

Treatment Group 2, and the users were equally distributed across the control and treatment

groups after the filtering. This process resulted in a final sample of 89 ads, 5,571,225 user-ad

pairs, and 4,884,154 distinct users across the three groups: 1,860,654 user-ad pairs in the

control group, 1,873,434 user-ad pairs in Treatment Group 1, and 1,837,137 user-ad pairs in

Treatment Group 2.

Table 1: Mean Comparisons between the Control and Treatment Groups

|#0−#1| |#0−#2| |#1−#2|
t-statistic SD t-statistic SD t-statistic SD

Age 0.0902 0.00197 0.332 0.00197 0.468 0.00197
Gender 1.927 0.000163 1.756 0.000163 -1.1707 0.000163

City -1.382 0.000216 -0.281 0.000216 1.101 0.000216
#Login Days 0.580 0.000111 0.966 0.000111 0.386 0.000111

Log(Network Degree) 0.508 0.000674 1.146 0.000674 0.639 0.000674

Note. This table reports the results of the t-tests of the mean differences between the control group, Treatment Group 1, and

Treatment Group 2. The variables reported are Age, Gender (female =0, male = 1), City (= 1,2, or 3, indicating the first,

second, or third class of cities), #Login Days (number of days a user was logged into WeChat Moments), and Network Degree

(number of WeChat friends). “0” represents the control group, “1” represents Treatment Group 1, and “2” represents

Treatment Group 2.

3. EFFECTS OF SOCIAL CUES ON PUBLIC VERSUS PRIVATE RESPONSES

Our large-scale field experiment provides a unique dataset for investigating how social influence

operates in social advertising through its impacts on the public (i.e., liking) and private

(i.e., clicking) ad responses. In this section, we document the main effects and illustrate how

displaying social cues can have different effects on the liking and clickthrough rates. We note

that users’ responses to an ad mostly occurred at their first ad impression, and thus we focus

friends, who were also targeted by the ad, liked the ad before the users saw the ad at their fist ad impressions.
WeChat Moments only displayed the social cues of first-degree friends.
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on the first ad impressions to measure the ad responses in the main analysis. However, it is

likely that some users logged onto WeChat multiple times, and thus may have responded

to the ads after the first time they saw them. In Subsection 3.3, we extend our analysis to

consider responses in the overall impressions of ads, and the conclusions are qualitatively the

same.

3.1. Effects of One Social Cue

As a preliminary step, we first examine the average treatment effects of displaying one

social cue on liking and clicking across all user-ad pairs by comparing the control group and

Treatment Group 1. This illustrates our approach to identifying social influence. Recall

that no social cues were displayed in the ads for the user-ad pairs in the control group,

while exactly one social cue was shown in the ads in Treatment Group 1. It turns out that

compared with the control group, the users who were shown one like were 0.98% (p < 0.01)

more likely to like an ad and 0.96% (p < 0.01) more likely to click on an ad during their first

ad impressions.

Therefore, on average, social influence can indeed have directly and significantly enhanced

the ad responses in terms of both liking and clicking, thus lending support to the growing

popularity of social advertising. That showing one like in an ad significantly increased the

users’ liking propensity implies that the social influences underlying liking responses are

self-reinforcing. That is, one social cue can lead to even more social cues, thereby amplifying

the effectiveness of social advertising. Note that the effects of one social cue are similar in

the two dimensions of user response, namely the liking and clickthrough rates. Next, we show

that this is no longer the case when we consider the scenarios in which more than one social

cue can be displayed in an ad.
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3.2. Effects of Multiple Social Cues

We now analyze the effects of multiple social cues on liking and clicking and examine the

growth pattern of social influence. This amounts to comparing the control group without

any social cues and Treatment Group 2 with the organic number of likes displayed. Figure 3

illustrates the model-free evidence for the different impacts of increasing the number of social

cues on the liking and clickthrough rates. We calculate, for every number of social cues, the

difference in the average response rates (i.e., liking or clickthrough rate) between the control

group and Treatment Group 2. There is a clear increasing pattern in the liking rate as the

number of social cues increases. This trend, however, is less pronounced for the clickthrough

rate.

Figure 3: Model-Free Evidence of Social Influence on Liking and Clicking

Note: This figure plots the average effects of social influence, defined as the difference between Treatment
Group 2 and the control group, on the liking and clickthrough rates, as a function of the number of social
cues. The error bars correspond to the 95% confidence intervals of the mean differences between the control
group and the treatment group.

Next we formally test this diverging pattern with regression analysis. Because the decisions
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on whether to like and click on an ad can be jointly made by the users, the two dependent

variables may be correlated. To capture this dependency, we use the bivariate probit model

(Greene 2003). User i can respond by expressing a like for ad j, denoted by the binary

variable Yij1, and/or clicking on the ad, denoted by Yij2. Recall that upon receiving a new ad

j, user i was randomly assigned to the control group with no social cue displayed, Treatment

Group 1 with a maximum of one like displayed, and Treatment Group 2 with the organic likes

displayed. Here, we focus on comparing the control group and Treatment Group 2. Thus, we

let Sij = 1 denote that the ad-user pair is in Treatment Group 2, and Sij = 0 denote that it

is in the control group. The bivariate probit model is a two-equation binary outcome model

with correlated errors, specified as follows:


Y ∗ij1 = α1 + β11Sij + β21Nij + π1(Nij × Sij) + Cijθ11 + (Cij × Sij)′θ21 + εij1,

Y ∗ij2 = α2 + β12Sij + β22Nij + π2(Nij × Sij) + Cijθ21 + (Cij × Sij)′θ22 + εij2,

(3.1)

where Y ∗ij1 and Y ∗ij2 are the latent utilities that user i can derive from liking and clicking on

ad j. Because Y ∗ij1 and Y ∗ij2 are unobservable, we observe Yijr = 1 if and only if Y ∗ijr > 0,

∀r = {1, 2}. The variable Nij indicates the number of organic social cues associated with

user-ad pair ij. Note that in the treatment condition, Nij is the number of likes displayed for

user i, whereas in the control condition, it is the number of likes hidden from the user. Because

we filtered the data based on the condition that there was at least one organic social cue in

each observation (see Subsection 2.3), Nij ≥ 1. We use Cij to represent a vector of control

variables, including the users’ gender, age group, number of friends, city of residence, and a

set of ad dummies.6 The error terms εij1 and εij2 are assumed to be distributed as bivariate

6The city of residence indicates whether the users live in a major, mid-size, or other cities. All of the controls
are measured using the data from November 2015, one month before the start of the experiment.
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normal with mean zero and unit variance. The correlation ρ = Corr(εij1, εij2) captures the

possibility that some unobservable shocks may influence the like and click decisions together

but are uncorrelated with the explanatory variables.

We estimate the bivariate probit regression model in Equation 3.2 as follows,


Pr(Yij1 = 1) = Φ(α1 + β11Sij + β21Nij + π1(Nij × Sij) + Cijθ11 + (Cij × Sij)′θ21),

P r(Yij2 = 1) = Φ(α2 + β12Sij + β22Nij + π2(Nij × Sij) + Cijθ21 + (Cij × Sij)′θ22),

(3.2)

where Φ denotes the cumulative normal distribution. Our main focus is on the coefficients π1

and π2 of the interaction terms, which capture the degree to which showing an additional

social cue in an ad changes the degree of social influence conditional on the number of organic

social cues. The coefficients β11 and β12 capture the raw impacts of displaying social cues

in ads on users’ responses, holding other variables constant. The coefficients β21 and β22

capture the tendency of users with more organic social cues to spontaneously respond to

an ad in the absence of social influence (Sij = 0). In other words, β21 and β22 indicate the

degree to which the number of organic social cues predicts users’ correlated latent preference

to respond to an ad without social influence.

We control for the users’ demographic variables (i.e., age, gender, city) and network

characteristics (number of WeChat friends)7, ads dummies, and their interactions with the

treatment condition Cij × Sij. Although we can evaluate how the number of social cues

moderates social influence (the effects of social cues), we cannot make causal claims about

this estimate because, in the experiment, we only randomized the display of social cues,

rather than directly manipulating the number of the social cues shown in the ads. Moreover,

some factors can lead to variations in the number of organic social cues. For example, users

7To reduce the data skewness, we log transform the number of friends in our analysis.
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with more friends may have more likes on their ads, because WeChat users can only see their

friends’ likes. The ads with more ad viewers usually have more endorsements and organic

social cues. Therefore, Cij and Cij × Sij in the model can help control for these factors.

Table 2: Effects of Increasing Numbers of Social Cues on Social Influence

Ad Like Ad Click

Displaying Social Cues (β1)
0.345*** 0.570***
(0.0184) (0.0353)

#Social Cues (β2)
0.0419*** 0.0147***
(0.00347) (0.00400)

Displaying Social Cues * #Social Cues (π)
0.0329*** 0.00251
(0.00365) (0.00585)

ρ 0.316
Observations 3,697,658

Log pseudolikelihood -872194.12

Note. This table reports the estimation results of the bivariate probit model in Equation 3.2, using all of the ad-user pairs in
the control group and Treatment Group 2. The dependent variables are whether a user liked the ad and whether he or she

clicked on the ad.

∗p < 0.10;∗ ∗ p < 0.05;∗ ∗ ∗p < 0.01.

Table 2 summarizes the estimation results.8 We observe that the coefficient for the

interaction term is significantly positive for the liking rate (π1 = 0.0329, p < 0.01), but

insignificant for the clickthrough rate (π2 = 0.00251, p > 0.1). It is important to note that in

a nonlinear model with an interaction term, the cross-partial effect is not constant across

the covariates and thus the coefficient for the interaction term is insufficient to determine

the cross-partial effect (Ai and Norton 2003). Thus, we calculate the average effects of

social influence separately for liking and clicking and for different numbers of social cues.

That is, we use the coefficient estimates to derive the difference in predicted probabilities

P̂ r(Yr = 1|S = 1, N)− P̂ r(Yr = 1|S = 0, N), with other covariates set to mean, for every N

and r ∈ {1, 2}. We then adopt the graphical approach (Greene 2010) to depict the patterns

of social influence for the two types of response in Figure 4. The figure shows that the social

influence on liking significantly increases with the number of social cues shown in the ads,

8We exclude 57 user-ad pairs with extreme values of organic likes (> 70), and 76 user-ad pairs of the ads
with less than 30 observations.
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validating the significant positive interaction effect for the liking response. In contrast, the

social influence for the clicking response remains almost flat as the number of social cues

increases, which is consistent with the insignificant coefficient for the interaction term in

Table 2. Thus, these results confirm that the number of social cues has a positive impact on

the degree of social influence on liking but not so much on clicking.

Figure 4: Model Estimates of Social Influence on Liking and Clicking

Note: This figure plots the model estimates of the effects of social influence on liking and clicking as a
function of different numbers of social cues. The error bars correspond to the 95% confidence intervals of the
estimated social influence.

Our model also allows us to assess whether, in the absence of social influence, users

respond to the increasing numbers of social cues spontaneously simply based on their latent

preferences. Homophily predicts that the more friends endorse an ad, the more likely a user is

to respond to it (Mcpherson et al. 2001). Consistent with this prediction, the coefficients for

the main effects for both liking (β21 = 0.0419, p < 0.01) and clicking (β22 = 0.0147, p < 0.01)

are significantly positive, indicating that the number of friends’ likes is correlated with the

tendency to like and click on an ad even in the absence of social influence, Sij = 0. We then
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estimated the average marginal effects of the numbers of likes on users’ liking and clicking

when no likes are shown in the ads. The results suggest that ads with one more organic like

are, on average, associated with a 0.0136 (p < 0.01) increase in the liking rate and 0.00125

(p < 0.05) increase in the clickthrough rate. The implication is that even without showing

social cues, targeting users who have more friends that have endorsed an ad will improve

both the liking rate and the clickthrough rate of the ads. However, the predictive power of

the number of friends’ likes for an ad is much larger for the liking rate than the clickthrough

rate.

3.3. Robustness Check: Effects of Social Cues in Multiple Ad Impressions

In the main analysis, we focus on the effects of social cues on users’ responses in their first ad

impressions, which is a reasonable measure of advertising effectiveness. However, users may

go beyond the first ad impression and respond to an ad even after they have seen it multiple

times. Therefore, we now examine the alternative measure of advertising effectiveness based

on the entire span of users’ ad impressions. Specifically, we construct the new dependent

variables by counting any clicks or likes on a given ad at any time the ad was displayed on

the users’ WeChat Moments. As we describe in Subsection 2.1, the ads remained on WeChat

Moments for no more than 48 hours during the experiment.

We estimated the same bivariate probit model in Equation 3.2 with the new dependent

variables. Table A1 in the Appendix reports the estimated coefficients. Figure A2 in the

Appendix illustrates the corresponding patterns of social influence for liking and clicking

based on the estimates. Although we observe larger effects of the social cues on both liking

and clicking compared with those when focusing on the first ad impressions, Figures 4 and

A2 show very similar growth patterns of social influence for the two types of ad response.



Huang and Lin 22

Hence, our findings that social influence (the effects of social cues) is significantly positive for

both the liking and clicking responses and that only the liking response increases with the

numbers of social cues displayed in the ads are robust with respect to the alternative ways to

measure the ad responses.

4. MECHANISM: INFORMATIONAL VERSUS NORMATIVE SOCIAL IN-

FLUENCE

The results in the previous section show that the increasing numbers of social cues can lead

to quite different dynamics in the two different dimensions of user responses, which suggests

that they are likely driven by different motives of the users. In this section, we explore

this possibility by exploiting the notable difference between a liking response and a clicking

response, namely that liking is publicly observable to others in the network, whereas clicking

is privately known to the users. When users choose to like an ad, they understand that this

response will be observed by their friends, and may then feel the urge to conform to the

positive expectations of others (Deutsch and Gerard 1955, Asch 1956, Mouton et al. 1956,

Argyle 1957, Levy 1960, Insko et al. 1983, Insko et al. 1985, Campbell and Fairey 1989).

If a user sees that more of her friends have liked the ad, then her incentive to conform to

this behavior may be reinforced. This mechanism is commonly known as normative social

influence. In contrast, when deciding whether to click on an ad, users do not need to worry

about the effects their actions may have on the beliefs of others, who are unable to observe

the click behavior. Hence, the decision to click is mainly driven by the user’s private interest,

the desire to be accurate. That is, the user is more likely to be subject to informational social

influence.

To isolate these two different mechanisms, we first identify scenarios with varying degrees
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of either informational social influence or normative social influence, and then evaluate their

impact on the two dimensions of advertising effectiveness. We expect that when informational

social influence becomes more important, the impact of social cues on the clickthrough rate

will be stronger than when it is expected to play a weaker role. However, we expect that this

difference will be less pronounced for the liking rate because it is more subject to normative

social influence. In a similar vein, we expect that when normative social influence becomes

more prominent, the impact of social cues on the liking rate will be stronger than when

normative influence is weaker. However, we expect that this difference will be less pronounced

for the clickthrough rate, which is more subject to informational social influence. Next, we

test each of these two hypotheses.

4.1. Well-Known versus Lesser-Known Brands

As some advertised products or brands are more reputable or familiar than others, consumers

do not need to gather as much information on the brands or their products. Hence, informa-

tional social influence is less important for these brands. Following this argument, we use

the list of the top 100 global brands published by Interbrand in 2015 to determine whether

an advertiser is a well-known brand (Lovett et al. 2014). We call the brands belonging to

the Interbrand list “well-known” brands, whereas the remaining brands are referred to as

“lesser-known” brands. Examples of well-known brands in our sample include BMW, Pepsi,

and Prada, while the lesser-known brands are mostly local brands or relatively new brands.

We estimate the same regression models in Equation 3.2 separately for the well-known and

lesser-known brands. Table A3 in the Appendix reports the coefficients. Again, because the

interaction effects are not constant across the covariates, we use the graphical representation

in Figure 5 to illustrate the impacts of displaying social cues on both public (i.e., liking) and
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private responses (i.e., clicking) as a function of the increasing numbers of social cues. First,

with respect to the private response of clicking (see the lower panels of 5), as the well-known

brands are associated with more social cues, the impact of social influence on the clickthrough

rate is non-increasing and it even exhibits a slight decreasing pattern, as shown in the lower

left-hand panel of Figure 5. This sharply contrasts with the increasing pattern observed for

the lesser-known brands (see the lower right-hand panel of Figure 5). This result is consistent

with the prediction that when the desire for information is greater (i.e., for lesser-known

brands), users are more likely to incorporate information from others (i.e., social cues). The

more social cues in an ad for a lesser-known brand, the more the users can make positive

inferences about the brand. Thus, we observe a stronger increasing effect of the number of

social cues on the clickthrough rates for lesser-known brands.

However, this pattern may disappear when normative social influence plays a stronger role,

such as in the case of the public response of liking. Indeed, we observe a stronger increasing

impact of more social cues on the liking rate for both well-known and lesser-known brands

(p < 0.01), as shown in the upper panels of Figure 5. If the effect of social cues on the liking

rate were purely driven by informational social influence, we would observe a pattern similar

to the case of the clickthrough rate. Figure 5 also shows that although both the well-known

and lesser-known brands exhibit the same trend as the numbers of social cues increases, the

social influence of the well-known brands is generally greater than that of the lesser-known

brands. This is likely because normative social influence is stronger for well-known brands

than for lesser-known brands, because users expect that more of the friends will like the

well-known brands and thus tend to conform with this expectation. If clicking were mainly

driven by normative social influence, we would expect a stronger increasing pattern for the

well-known brands’ clickthrough rates. However, this is not supported by the data pattern,
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Figure 5: Model Estimates of Social Influence on Liking and Clicking (Well-Known versus
Lesser-Known Brands)

Note: This figure plots the model estimates of the effects of social influence on liking and clicking as a
function of different numbers of social cues, separately for well-known and lesser-known brands. The error
bars correspond to the 95% confidence intervals of the estimated social influence.

which again supports the proposition that the clicking response is more likely subject to

informational social influence.

Our results for the clicking response echo the findings of Tucker and Zhang (2011), which

suggest that popularity information benefits narrow-appeal products more than broad-appeal

products. Their mechanism builds on information learning. That is, for the same level of
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popularity, a narrow-appeal product must generate more good quality signals than a broad-

appeal product, because the narrow-appeal product matches the tastes of fewer consumers.

Similarly, we find that less familiar or lesser-known brands benefit more from social cues

than well-known brands in terms of the clickthrough rates. Although the driver is also an

informational one, we offer a quite different but complementing perspective here. First, the

advertised products in our study are mostly mainstream products with a broad appeal. Our

brand categorization is based more on the level of familiarity or quality uncertainty than on

the breadth of appeal. Thus, our results focus on the heterogeneity in the value of information

across brands. Second, our results reveal the different patterns for the clicking and liking

responses and suggest that normative influence plays a role in the difference. This is not

identified in Tucker and Zhang (2011).

4.2. More versus Less Socially Engaged Users

Turning to the case in which normative social influence can be varied, we note that this

type of social influence tends to operate when individuals wish to build and maintain social

relationships, and that the strength of these desires may vary across individuals. Hence, we

postulate that users who actively engage in social interactions on WeChat Moments are more

likely to be those who use the platform to build social relationships and seek social approvals

from others, and thus are more likely to act to meet the expectations of others or, more

generally, to maximize their social outcomes. Therefore, more socially engaged users are more

susceptive to normative social influence.

A reasonable measure of a user’s social interaction is his or her frequency of endorsing (i.e.,

liking) others’ posts on WeChat Moments. We thus construct a measure of social engagement

based on users’ total likes of their friends’ posts divided by their total number of friends
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in the month before the experiment (November 2015). We then conduct a mean split to

categorize the users as either more socially engaged users or less socially engaged users. We

run the same regression models as in Equation 3.2 separately on these two groups of users.

Table A6 in the Appendix reports the coefficients. Again, we focus on the results in Figure 6

to illustrate the effects of increasing social cues on both the liking and clickthrough rates for

these two groups of users.

First, we observe that the effect of the social cues on the liking rate significantly increases

with the number of social cues displayed in ads for both groups of users, as shown in the

upper panels of Figure 6. However, social cues have a significantly greater impact and there

is a stronger increasing pattern of social influence on liking for the more socially engaged

users. This result supports our prediction that normative social influence operates among

the more socially engaged users, thus leading to the greater impact of increasing social cues

on liking.

However, this difference between the more and less socially engaged users may disappear

when informational social influence plays a significant role in determining private responses

(i.e., clicking on an ad). Indeed, we find a similar insignificant increasing pattern in clicking

for both groups of users (see the lower panels of Figure 6), which suggests that informational

social influence has a strong effect on the clickthrough rate. If the effect of social cues on

the clickthrough rate were purely driven by normative social influence, we would observe a

similar pattern to the case of the liking rate (the upper panels of Figure 6). However, this is

not supported by the data pattern that we observe, which again accords with the proposition

that clicking is more likely to be subject to informational social influence.

One limitation of using the frequency of likes on friends’ posts to control for the normative

social influence is that the correlation between liking an ad and liking friends’ posts is
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Figure 6: Model Estimates of Social Influence on Liking and Clicking (More versus Less
Socially Engaged Users)

Note: This figure plots the model estimates of the effects of social influence on liking and clicking as a
function of different numbers of social cues, separately for the more and the less socially engaged users.
Social engagement is measured based on the numbers of likes on friends’ posts on WeChat Moments. The
error bars correspond to the 95% confidence intervals of the estimated social influence.

potentially driven by the similarity of the two actions, rather than social influence. Therefore,

we explore an alternative but related measure, the frequency of commenting on others’ posts,

to capture the degree of social engagement. We first count each user’s total number of

comments on friends’ posts divided by the number of friends in the month prior to the

experiment, and then group the users into more or less socially engaged users using a mean
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split. We observe a very similar data pattern to that found when using the number of likes

to measure social engagement, as shown in Figure 7. Specifically, the effect of increasing

social cues on liking is significantly stronger for more socially engaged users who comment

more frequently on their friends’ posts, while there is a similar non-increasing impact of

increasing social cues on clicking for both groups of users. Therefore, our conclusion remains

unchanged when we use this alternative measure of social engagement to capture the variation

in normative social influence.

4.3. Robustness Checks: Alternative Measures

We further consider alternative measures of well-known brands and social engagement to

ensure the robustness of our findings. First, we used Interbrand’s list of top 100 global

brands in 2016 instead of that in 2015 to measure well-known brands, as our experiment was

conducted from December 2015 to January 2016. The difference between the two lists is that

the 2016 list includes Dior that is excluded from the 2015 list. We apply the same analysis

using this new measure of well-known brands and find very similar results. We again estimate

the same regression models in Equation 3.2 separately for the re-defined well-known and

lesser-known brands. Figure A3 in the Appendix shows that for the well-known brands, the

impact of increasing social cues on the clickthrough rate is non-increasing and even exhibits

a slightly decreasing pattern, whereas the effect of increasing social cues on clicking on an

ad is increasing for lesser-known brands. However, the lesser-known and well-known brands

both exhibit an increasing trend for the effects of social influence on liking, although the

effect is stronger for the well-known brands than for the lesser-known brands. These results

corroborate our main findings in Subsection 4.1 and our theoretical prediction.

Second, we consider the frequency of sharing (e.g., posting photos, articles, and texts) on
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Figure 7: Model Estimates of Social Influence on Liking and Clicking (More versus Less
Socially Engaged Users, Defined by Commenting Activity)

Note: This figure plots the model estimates of the effects of social influence on liking and clicking as a
function of different numbers of social cues, separately for the more and less socially engaged users. Social
engagement is defined based on users’ frequency of commenting on others’ posts. The liking and clicking
responses are defined over users’ first ad impressions. The error bars correspond to the 95% confidence
intervals of the estimated social influence.

WeChat Moments as another alternative measure of social engagement. Here, the idea is that

individuals who more actively update their status and share personal moments with their

friends through broadcasting on social media exhibit stronger incentives to build positive

relationships with other people, which leads to conformity (DeWall and Bushman 2011).
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As a result, users who post more often on WeChat Moments are more likely to be subject

to normative social influence. We categorize the users into two groups based on whether

their total number of posts on WeChat Moments in November 2015, the month before the

experiment, is above (more socially engaged) or below the mean (less socially engaged). As

shown in Figure A4 in the Appendix, the pattern of the effects of increasing social cues is very

similar to those in Figure 6 and Figure 7. Specifically, more socially engaged users, who posts

more frequently on WeChat Moments, are more affected by the increasing number of social

cues, in terms of their liking propensity, than the less socially engaged users. In contrast, we

observe a similar non-increasing pattern of social influence in terms of the clickthrough rates

for all users. These findings are consistent with the results of our main analysis in Subsection

4.2.

5. DISCUSSION AND IMPLICATION

Our results provide evidence for the co-existence of both informational and normative social

influence in social advertising. We show that the two types of social influence dispropor-

tionately affect individuals’ liking and clicking responses, such that informational social

influence has a greater impact on the clickthrough rate, whereas normative social influence

has a greater effect on the liking rate. These findings provide a coherent explanation for the

diverging pattern of increasing social cues on the liking and clickthrough rates documented

in Subsection 3.2, that is, more social cues lead to higher liking rates but do not increase the

clickthrough rate. On the one hand, the liking response is more likely driven by normative

social influence, which results in the snowballing effect whereby the more friends like an ad,

the more social influence they exert, and thus the more other users tend to like it as well.

On the other hand, if the clicking response is driven more by informational social influence,
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then individuals will try to infer the quality of an advertiser from the likes (social cues)

it receives. They may reason that the social cues are driven by both informational and

normative social influence. The more weight of normative social influence in generating the

social cues is, the less informative these social cues become. Consequently, in this case, more

social cues will not convince the users that it is worthwhile to click on the ad.

This mechanism has rich implications for the social advertising policies of advertisers and

social media platforms. First, it is important that advertisers have a clear objective when

deciding to advertise on social media. If an advertiser has a performance-focused objective,

such as driving product sales, then the clickthrough rate will be a more important metric,

but it may not be effective if normative social influence dominates the social network and

social-cue generating process. However, if the objective is to build brand awareness and/or

image, then advertisers should focus on the liking rate to exploit the snowballing effect of

social cues in generating more likes. Choosing a suitable social media platform and targeting

consumer segments in which normative social influence prevails can effectively fulfill this goal.

Second, social media platforms clearly have flexibility of determining how many social

cues users can observe for an ad. Although full disclosure is generally optimal for the liking

rate, it can be suboptimal for the clickthrough rate. In some cases, a social media platform

may only need to display one social cue to maximally impact the clickthrough rate. Hence,

social media platforms need to evaluate the nature of the social influence at play in social

advertising and carefully design the appropriate policies in relation to social cues.

Lastly, our tests illustrate two approaches for social media platforms to manage the

effectiveness of social advertising. One approach is to design a brand-specific policy because

brands may be heterogeneous in terms of their familiarity to consumers, and thus vary in

terms of their degree of informational social influence. For more familiar, reputable brands,
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it is more desirable to exploit normative social influence in social advertising, whereas for

less familiar brands, social advertising is more effective when based on informational social

influence. The second approach is to design a targeting based, consumer-specific policy

that builds on users’ historical behavior. This requires accurate assessments of each user’s

susceptibility to informational and normative social influence. For example, users’ frequency

of endorsing and commenting on friends’ posts, as well as sharing on social media can be

the indicators of the degree of susceptibility to normative social influence. Clearly, the latter

approach has to be carefully evaluated in relation to users’ privacy concerns.

6. CONCLUDING REMARKS

Although social medial have become an increasingly popular advertising channel among

firms, few studies have empirically evaluated the effectiveness of social media ads, partly

because distinguishing social influence from homophily is empirically challenging. In this

study, we use a large-scale experiment to identify the impact of social influence on social

advertising. Unlike prior studies, we distinguish two dimensions of effectiveness, namely the

public responses (i.e.,liking rate) and private responses (i.e., clickthrough rate). We argue

that firms with different advertising objectives should weigh these dimensions differently

and show that they are subject to different dynamics of social influence. Although the

first social cue always enhances the liking and clickthrough rates, more social cues can only

increase the liking rate but have little effect on the clickthrough rate. Our results highlight

the coexistence of two distinct mechanisms of social influence, namely normative social

influence and informational social influence. Although they can simultaneously affect users’

liking and clicking responses, normative (informational) influence has a greater effect on the

liking (clicking) response, because this response is publicly observable (privately known).
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The effectiveness of more social cues on the private responses (i.e., clicking) may depend

on the relative weight of normative social influence in generating these social cues. These

findings have rich implications for advertisers and social media platforms in managing social

advertising.

Although our study delivers the important message that the effectiveness of social adver-

tising should be evaluated in multiple dimensions and provides exploratory evidence that

both normative and informational social influence can affect the effectiveness of social media

ads in different ways, questions remain in terms of how these two types of influence affect

social advertising and the factors that can moderate their impacts. These questions are

clearly worthy of further investigation, both empirically and theoretically. Perhaps the more

challenging question is how to measure the relative effects of normative and informational

social influence. The answer to this question would shed further light on how to manage

social advertising more efficiently.
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Figure A1: Distributions of User Characteristics Across Control and Treatment Groups

Note: This figure shows the distributions of user characteristics (i.e., users age, gender, network degree
(WeChat friend number), and the number of login days in November 2015) across the control group and the
two treatment groups. Due to the Non-Disclosure Agreement(NDA), we cannot reveal coordinates on x-axis
and y-axis.)
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Figure A2: Model Estimates of Social Influence on Liking and Clicking (Multiple Ad
Impressions)

Note: This figure plots the model estimates of social influence for liking and clicking as a function of different
numbers of social cues. The liking and clicking responses are defined over users’ entire ad impressions. The
error bars correspond to 95% confidence intervals of the estimated social influence.
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Figure A3: Model Estimates of Social Influence on Liking and Clicking (Well-Known versus
Lesser-Known Brands, Defined by Interbrand 2016)

Note: This figure plots the model estimates of the effects of social influence on liking and clicking as a
function of different numbers of social cues, separately for well-known and lesser-known brands. The
categorization of brands is based on Interbrand’s best global brands in 2016. The liking and clicking
responses are defined over users’ first ad impressions. The error bars correspond to the 95% confidence
intervals of the estimated social influence.
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Figure A4: Model Estimates of Social Influence on Liking and Clicking (More versus Less
Socially Engaged Users, Defined by Posting Activity)

Note: This figure plots the model estimates of the effects of social influence on liking and clicking as a
function of different numbers of social cues, separately for more and less socially engaged users. Social
engagement is defined based on users’ posting activity. The liking and clicking responses are defined over
users’ first ad impressions. The error bars correspond to the 95% confidence intervals of the estimated social
influence.
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Table A1: Effects of Increasing Numbers of Social Cues on Social Influence (Multiple Ad
Impressions)

Ad Like Ad Click

Displaying Social Cues (β1)
0.422*** 0.514***
(0.0242) (0.0279)

#Social Cues (β2)
0.0434*** 0.0177***
(0.00342) (0.00356)

Displaying Social Cues * #Social Cues (π)
0.0323*** -0.00197
(0.00417) (0.00614)

ρ 0.303
Observations 3,697,658

Log pseudolikelihood -1200536.3

Note. This table reports the estimation results of the bivariate probit model in Equation 3.2, using all ad-user pairs in the

control group and Treatment Group 2. The dependent variables are whether a user liked the ad and whether she clicked on

the ad at any ad impressions. ∗p < 0.10;∗ ∗ p < 0.05;∗ ∗ ∗p < 0.01.

Table A2: Effects of Increasing Number of Social Cues on Social Influence for Well-Known
and Lesser-Known Brands

Ad Like Ad Click

Well-known Brand Lesser-known Brand Well-known Brand Lesser-known Brand

Displaying Social Cues (β1)
0.111*** 0.412*** 0.553*** 0.569***
(0.0509) (0.0330) (0.0630) (0.0546)

#Social Cues (β2)
0.0400*** 0.0510*** 0.0103* 0.0269***
(0.00398) (0.00425) (0.0256) (0.0333)

Displaying Social Cues × Social Cues (π)
0.0310*** 0.0364*** -0.0123** 0.0173***
(0.00440) (0.00545) (0.00413) (0.00371)

Observations 1,805,757 1,891,901 1,805,757 1,891,901
Log pseudolikelihood -389395.37 -478896.79 -389395.37 -478896.79

Note. This table reports the estimation results of the bivariate probit model in Equation 3.2, separately for well-known and

lesser-known brands, using all ad-user pairs in the control group and Treatment Group 2. The dependent variables are whether

a user liked the ad and whether she clicked on the ad at users’ first ad impressions.. ∗p < 0.10;∗ ∗ p < 0.05;∗ ∗ ∗p < 0.01.
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Table A3: Effects of Increasing Numbers of Social Cues on Social Influence for Well-Known
and Lesser-Known Brands (2016)

Ad Like Ad Click

Well-known Brand Lesser-known Brand Well-known Brand Lesser-known Brand

Displaying Social Cues (β1)
0.0924** 0.434*** 0.565*** 0.564***
(0.0476) (0.0302) (0.0628) (0.0560)

#Social Cues (β2)
0.0402*** 0.0555*** 0.00979* 0.0294***
(0.00362) (0.00521) (0.00230) (0.00328)

Displaying Social Cues × Social Cues (π)
0.0308*** 0.0391*** -0.0128*** 0.0204***
(0.00389) (0.00566) (0.00352) (0.00199)

Observations 1,974,251 1,723,407 1,974,251 1,723,407
Log pseudolikelihood -418517.03 -449563.37 -418517.03 -449563.37

Note. This table reports the estimation results of the bivariate probit model in Equation 3.2, separately for well-known and

lesser-known brands, using all ad-user pairs in the control group and Treatment Group 2. The brands are categorized based

on the Interbrand’s list of best global brands in 2016. The dependent variables are whether a user liked the ad and whether

she clicked on the ad at users’ first ad impressions. ∗p < 0.10;∗ ∗ p < 0.05;∗ ∗ ∗p < 0.01.

Table A4: Effects of Increasing Numbers of Social Cues on Social Influence for More or Less
Socially Engaged Users (#Likes)

Ad Like Ad Click

More Socially Engaged Less Socially Engaged More Socially Engaged Less Socially Engaged

Displaying Social Cues (β1)
0.393*** 0.329*** 0.619*** 0.548***
(0.0283) (0.0360) (0.0437) (0.0383)

#Social Cues (β2)
0.0509*** 0.0346*** 0.0164*** 0.0134***
(0.00449) (0.00276) (0.0435) (0.0389)

Displaying Social Cues × Social Cues (π)
0.0391*** 0.0275*** 0.0234 0.0219
(0.00649) (0.00224) (0.00679) (0.00532)

Controls Yes Yes Yes Yes
Observations 1,850,953 1,846,705 1,850,953 1,846,705

Log pseudolikelihood -494282.9 -365620.84 -494282.9 -365620.84

Note. This table reports the estimation results of the bivariate probit model in Equation 3.2, separately for more and less

socially engaged users, using all ad-user pairs in the control group and Treatment Group 2. Social engagement is defined

based on users’ endorsement activity on others’ posts. The dependent variables are whether a user liked the ad and whether

she clicked on the ad at users’ first ad impressions. ∗p < 0.10;∗ ∗ p < 0.05;∗ ∗ ∗p < 0.01.
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Table A5: Effects of Increasing Numbers of Social Cues on Social Influence for More or Less
Socially Engaged Users (#Comments)

Ad Like Ad Click

More Socially Engaged Less Socially Engaged More Socially Engaged Less Socially Engaged

Displaying Social Cues (β1)
0.382*** 0.337*** 0.609*** 0.612***
(0.0311) (0.0359) (0.0538) (0.0345)

#Social Cues (β2)
0.0506*** 0.0353*** 0.0141** 0.0146***
(0.00548) (0.00256) (0.00481) (0.00368)

Displaying Social Cues × Social Cues (π)
0.0408*** 0.0248*** 0.0394 0.0168
(0.00568) (0.00236) (0.00792) (0.00467)

Controls Yes Yes Yes Yes
Observations 1,850,117 1,847,541 1,850,117 1,847,541

Log pseudolikelihood -467738.05 -386313.91 -467738.05 -386313.91

Note. This table reports the estimation results of the bivariate probit model in Equation 3.2, separately for more and less

socially engaged users, using all ad-user pairs in the control group and Treatment Group 2. Social engagement is defined

based on users’ commenting activity on others’ posts. The dependent variables are whether a user liked the ad and whether

she clicked on the ad at users’ first ad impressions. ∗p < 0.10;∗ ∗ p < 0.05;∗ ∗ ∗p < 0.01.

Table A6: Effects of Increasing Numbers of Social Cues on Social Influence for More or Less
Socially Engaged Users (#Moments Posts)

Ad Like Ad Click

More Socially Engaged Less Socially Engaged More Socially Engaged Less Socially Engaged

Displaying Social Cues (β1)
0.374*** 0.376*** 0.527*** 0.602***
(0.0233) (0.0335) (0.0386) (0.0473)

#Social Cues (β2)
0.0381*** 0.0557*** 0.0118** 0.0210***
(0.00355) (0.00418) (0.00359) (0.00566)

Displaying Social Cues × Social Cues (π)
0.0326*** 0.0306*** 0.00377 -0.0000763
(0.00341) (0.00477) (0.00548) (0.00667)

Controls Yes Yes Yes Yes
Observations 1,882,677 1,814,981 1,882,677 1,814,981

Log pseudolikelihood -504956.67 -361612 -504956.67 -361612

Note. This table reports the estimation results of the bivariate probit model in Equation 3.2, separately for more and less

socially engaged users, using all ad-user pairs in the control group and Treatment Group 2. Social engagement is defined

based on users’ posting activity on WeChat Moments. The dependent variables are whether a user liked the ad and whether

she clicked on the ad at users’ first ad impressions. ∗p < 0.10;∗ ∗ p < 0.05;∗ ∗ ∗p < 0.01.
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