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ARTICLE INFO ABSTRACT
Keywords: Modeling retweeting behaviors is important for understanding and predicting how information
Information diffusion spreads on social media platforms. The present study contributes to the literature by examining
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the decreasing social contagion and increasing homophily effects with the depth of diffusion
cascades. To test the hypotheses, the study proposes a matching-on-followers method by
combining choice and cascade models. More specifically, the study examines the impacts of
interaction frequency, multiple exposures, and interest similarity between parent users and po-
tential retweeters on the likelihood of retweeting. The study also incorporates the depth of
diffusion cascades and network structures into the model. By using a random sample of original
tweets, their retweets, and potential retweeters (N = 87,139), the study found that cascade depth
is negatively associated with social contagion effects (interaction and multiple exposures) and
positively associated with the effect of interest similarity on message sharing. These results
indicate that influence-based and homophily-driven diffusion operate differently in cascades with
different diffusion structures.

1. Introduction

Information diffusion on social media has been modeled in various ways to satisfy different application needs, such as influence
maximization in viral marketing (Agarwal and Mehta, 2020; Zhang et al., 2019), detecting political events (Ansah et al., 2018), and
misinformation control (e.g., Liu et al., 2019). Two major analytic frameworks have been developed for detecting and explaining
information diffusion patterns along social ties. One is to analyze individual message-sharing decisions based on choice models like
logistic/hazard regression models (e.g., An et al., 2014; Aral and Walker, 2014) and machine learning models (e.g., Chen and Deng,
2020). The other is to analyze diffusion structures by tracking diffusion cascades (e.g., Goel et al., 2016; Vosoughi et al., 2018). Both
approaches provide valuable insights for understanding message diffusion mechanisms, and mathematical models, such as indepen-
dent cascade, linear threshold, and susceptible-infected models have been developed based on the empirical findings of these ap-
proaches (e.g., Liu et al., 2015; Zhan et al., 2018; Zhang et al., 2016). However, few empirical studies have tried to integrate the two
approaches.

Choice models are typically user-centric in formulating message diffusion as a series of independent decisions regarding message
sharing: whether and under what conditions a focal user will share a given message from another user. Under this framework, one of
the most important explanations of diffusion is the social contagion theory, which argues that communication between peers could
serve as a mechanism that exposes individuals to messages (Burt, 1980, 1987). Multiple exposures can increase the likelihood of
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message sharing (Centola and Macy, 2007; Marin et al., 2020; Romero et al., 2011), so the likelihood of sharing between two users is a
function of social interaction and the number of exposures. However, this kind of analysis generally neglects the structural dynamics of
diffusion paths. Messages could spread in multiple steps and follow different structural patterns; because the choices within a diffusion
cascade are interdependent, contagion effects could be influenced by diffusion structures.

As a complementary approach, cascade models are typically message-centric in formulating message diffusion as a series of
diffusion paths of a message: how and with what structural characteristics a given message spreads in a social network. In cascade
models, a diffusion cascade is the collection of diffusion paths over which a given message spreads within a social network. Although
this approach is convenient for analyzing diffusion structures like the differences between broadcast and viral diffusion models (Goel
etal.,, 2016; Zhang et al., 2020), its analyses are based solely on sharing actions (e.g., retweets), making it difficult to draw multivariate
inferences due to the lack of unshared cases.

To solve this problem, the present study proposes a new analytical framework by combining user-centric choice models with
message-centric cascade analytics, which also makes it feasible to examine how social contagion effects could vary in different
diffusion structures. In particular, the study tests the moderating role of cascade depth (how many steps a message spreads in social
networks) on social contagion effects in the diffusion process.

1.1. Contagion effects in information diffusion

In social network analysis, social contagion has been used interchangeably with peer influence, which is characterized by similarity
driven by influence and transmitted through peer connections (e.g., Aral and Walker, 2011). Social contagion effects in information
diffusion involve two major factors: interaction and number of exposures. The interaction hypothesis states that whether a given
individual shares a message from another individual depends on the social interactions between those two people. Social contacts and
communications can make individuals socially proximate and thus increase peer influences (Burt, 1987). In empirical studies, the
frequency of interaction is also a proxy for tie strength. Bakshy et al. (2012) found that tie strength, as measured by frequency of both
online and offline interactions, was positively associated with an individual’s probability of sharing a Facebook link if their friends had
previously shared that link. Liang and Fu (2019) found that tie strength, measured as mentions and replies, was positively associated
with the retweeting probability between users. Therefore, we posit this hypothesis as a starting point for analysis in the next section:

H1: Social media users are more inclined to share a message if they have interacted more frequently with the author or sharers (e.g.,
retweeters on Twitter) of that message.

The exposure hypothesis states that whether an individual shares a message depends on the number of exposures to multiple
sources. Contagions based on exposures can be either simple or complex; simple contagion refers to situations where a single activated
source is sufficient for transmission, as with the spread of infectious diseases. However, many social behaviors are costly, unfamiliar, or
controversial, requiring social affirmation or reinforcement from multiple sources to spread (Centola and Macy, 2007). Therefore, the
complex contagion principle posits that successful transmission of these behaviors depends on interaction with multiple contacts
rather than the frequency of interaction with a single contact. Many studies have equated the impact of the number of exposures with
the social contagion effect (e.g., Aral et al., 2009; Aral and Walker, 2014; Marin et al., 2020; Ugander et al., 2012).

Although the complex contagion theory was originally proposed to explain the diffusion of costly collective behaviors, it has been
widely applied to the study of message diffusion on social media platforms. For example, repeated exposures on Twitter can increase
the probability of users mentioning specific hashtags (Romero et al., 2011) or URLs (Hodas and Lerman, 2015). However, studies have
also found that this relationship can vary across topics (Romero et al., 2011) and the number of a user’s followees (Hodas and Lerman,
2015). One reason cited is that information diffusion on social media differs from other collective behaviors like the adoption of in-
novations. Normally, online message sharing is neither costly nor risky (Guilbeault et al., 2018), so social reinforcement in this sit-
uation is much less important. Furthermore, repeated exposures indicate a high level of information redundancy, which can inhibit
message sharing on social media (Liang and Fu, 2019). Given these contradictory predictions, the present study poses the following
research question:

RQ: Are social media users more inclined to share a message if they are exposed to more online friends who shared that message?

Social contagions and homophilous diffusion are generically confounded in social networks (Shalizi and Thomas, 2011). The
degree to which social media friends are more similar makes them more likely to have a similar strength of preference for sharing the
same message even if they do not influence one another (Aral et al., 2009). Homophily — in which individuals are more inclined to
interact with others who share similar backgrounds and tastes — should be carefully controlled when estimating contagion effects.
Homophily in information diffusion creates a selection bias because neither interactions nor exposures are randomly assigned: users
are more likely to be exposed and contacted because of their similarity with their friends. As to information diffusion on social media
specifically, homophily can manifest itself in two ways.

The first occurs when sharers of a message are similar to one another in terms of social attributes, interests, tastes, and so on:
sharing the same messages may reflect users’ similar preferences. Aral et al. (2009) found that the adopters of a mobile service
application were more like their adopter friends than their non-adopter friends. By conditioning matches on a vector of observable
characteristics, Aral et al. (2009) found that the impact of the number of exposures on adoption was largely overestimated compared to
the random matching method. Matching on observed variables has two disadvantages for studying information diffusion on social
media. First, the method assumes that the observed covariates carry all latent homophily effects; otherwise, unobserved variables
could bias the estimates (Shalizi and Thomas, 2011). Therefore, the estimated social contagion effect is the upper bound. Second, user
attributes like demographics are usually unavailable on social media. Nevertheless, one of the observable variables could be easily
controlled for on most social media platforms. Similar users are more likely to post on similar topics (reflecting their interest similarity)
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and thus more likely to share the same message (Chen and Deng, 2020; Hu et al., 2018). For example, the semantic similarity between
users’ tweets is positively associated with the likelihood of retweeting between those users (Liang and Fu, 2019). The present study
uses the following hypothesis to re-examine this relationship:

H2: Message sharing is more likely between users who post similar topics.

Second, sharers of the same message are usually well connected in social networks. Individuals tend to form closer relationships
with similar peers: similarity breeds connections (McPherson et al., 2001). Therefore, controlling for network structures is another way
to control for homophily (Weng et al., 2013), which is particularly useful when observed attributes are lacking. By controlling for the
network structure of adopter friends, Ugander et al. (2012) found that the number of exposures was negatively associated with the
likelihood of adoption. In an adoption study, Aral and Walker (2014) found that network embeddedness, as measured by the number of
shared friends, was positively associated with social contagion. Researchers also incorporated homophily and network structures to
measure peer influence on social media (Li et al., 2020).

Empirical studies have also confirmed the role of network structures in information diffusion. For example, users are more likely to
share messages from others with reciprocal ties and those who share more followees and followers (An et al., 2014). By using
representative ego networks, Liang and Fu (2019) found that structural redundancy, a measure of the proportion of shared and
mediated followees between two users, was positively related to retweeting between those two users. Network redundancy is used as a
measure of the level of redundant contacts. In a structurally redundant ego network, neighbors are themselves tightly connected (Burt,
1992). In this sense, the measure of structural redundancy is empirically consistent with structural diversity in Ugander et al. (2012)
and embeddedness in Aral and Walker (2014).

Although network structures are related to homophily, structural factors have also been interpreted as social contagions. As
Granovetter (1973, 1983) argues, strong ties usually exist in triads, and shared friends in tightly connected networks can either induce
or reflect strong ties. Aral and Walker (2014) argue that embeddedness is likely to conduct greater peer influence because it increases
the level of trust between embedded peers. Liang and Fu (2019) also report that structural redundancy is correlated with both tie
strength and information similarity. To avoid this controversy, the present study treats structural factors as control variables to es-
timate social contagion effects.

1.2. Contagion effects in diffusion cascades

Previous analyses of diffusion cascades (or diffusion networks) are generally descriptive. A diffusion path is a chain of sharing
actions; a message can spread through different intermediaries to reach other individuals through multiple paths. A collection of
diffusion paths is called a diffusion cascade. In a diffusion network, nodes are the individuals who share specific information, while the
edges are information paths over which individuals transmit that information to others. Diffusion cascade analysis is often used to
provide a quantitative differentiation between viral and broadcast diffusion structures (Goel et al., 2016). A broadcast structure in-
dicates that all people share the message directly from the seed user. On the other hand, diffusions following the viral model have many
intermediaries, and their diffusion trees are composed of numerous person-to-person diffusion paths. Cascade depth is the number of
steps from the seed user (source) that the information has spread. A large depth value suggests a long chain of information diffusion
and thus implies viral spreading. Under this framework, empirical studies have repeatedly found that the broadcast diffusion model,
which features short-depth diffusion trees, is dominant in many online systems like Twitter, Facebook, Digg, and Weibo (see a review
by Zhang et al., 2016). Nevertheless, it remains meaningful to study the dynamics of viral diffusion. For example, recent studies have
used diffusion structures to characterize the spreading of rumors and fake news on Twitter and Facebook (e.g., Del Vicario et al., 2016;
Liu et al., 2019; Vosoughi et al., 2018). In addition, viral diffusion might be associated with larger cascade size (see Figure s1) and
person-to-person diffusion could be more pervasive in some situations (Anderson et al., 2015).

Beyond descriptive analysis, Liang (2018) found that the probability of retweeting between different political ideologies was
positively associated with cascade depth. The tentative explanation provided in Liang (2018) implies that the increase in cross-
ideological retweeting over cascade depth might be caused by a decrease in peer influence and contagion effects with cascade
depth. Sharers at deeper steps in the diffusion cascades are less susceptible to normative pressures to share their friends’ posts. They
might be socially distant from the seed users (e.g., unfamiliar or not directly connected with them) and feel less obliged to share
friends’ reposts than original posts. Given the social contagion effects stated in HI1 and RQ, the present study explicitly examines
decreasing contagion effects, using the following hypothesis:

H3: The contagion effects of (a) social interaction and (b) the number of exposures on message sharing (HI & RQ) are negatively
associated with cascade depth.

Relational factors are not the only reason for message sharing; informational factors are also relevant (Liang and Fu, 2017; Xu et al.,
2013). As cascade depth increases, individuals will rely less on relational factors like peer influence and social contagion. Instead, the
sharing decision will be more likely to rely on message content. Users may share a given message simply because they are genuinely
interested in that message, even if they are subject to peer influence. An et al. (2014) found that people who are interested in a given
topic are more inclined to retweet items with which they disagree than those with which they agree, implying that retweeters may rely
more on the content of a message when peer influence plays a less important role.

This phenomenon is also related to the homophilous diffusion explanation. Anderson et al. (2015) found that edgewise homophily
(interest similarity between dyads) was insufficient to explain cascade-level homophily. Instead, new adopters’ attributes were gov-
erned not only by their parents but also by their parents’ parents in the diffusion cascade, suggesting that homophily could have a
cumulative effect along the diffusion tree and that homophily effects in diffusion cascades might thus increase with cascade depth.
Taken together, these observations indicate that sharing based on interest similarity will increase with cascade depth. Therefore, we
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propose the following hypothesis:
H4: The interest similarity effect on message sharing stated in H2 is positively associated with cascade depth.

2. Method
2.1. Analytical framework: matching on followers

When a message is initially posted on a social media platform (Twitter in this study), the main audience of the message is the
followers of the seed user (Chen and Deng, 2020; Myers et al., 2012). Although we assume that most followers will read the message, it
is unlikely that all viewers will eventually retweet it. As diffusion continues, it is important to know what kinds of followers will be
“selected” to retweet in the next step. In other words, it is a matter of selecting actual retweeters from all potential retweeters.
Comparing the differences between retweeters and non-retweeters is a plausible approach to identifying the important factors asso-
ciated with message diffusion. This modeling strategy is widely known as the conditional logistic regression (Hosmer et al., 2013), but
it ignores the cascade dynamics that appear as a message spreads to the seed user’s followers, changing the potential pool of retweeters
to followers’ followers. If a message spreads in multiple steps, the potential retweeters will change accordingly. If the diffusion follows
a broadcast model, it reduces to a conditional logistic problem.

To address this challenge, the present study proposes a matching-on-followers method (Fig. 1). The black nodes in Fig. 1 are the
retweeters who retweeted the original message (1-8) while the gray nodes (a—f) are non-retweeters. The edges indicate the following
relationships (e.g., nodes 8 and f are both followers of node 7). Edges between black nodes also indicate retweeting actions (e.g., node 8
retweeted from node 7). Taken together, the black nodes and the edges between them constitute a diffusion cascade. The number of
generations indicates cascade depth, and the nodes between retweeters and seed users are the intermediaries (e.g., node 2). The seed
user and intermediaries are the parent users of their retweeters, who retweet the message directly from them. For example, node 3 is
the parent of nodes 6, 7, and d, while the parent of node 3 is the seed user S.

The proposed approach seeks to match retweeters with non-retweeters randomly selected from potential retweeters at different
diffusion steps. Since sharing on social media platforms is usually based on follower-followee networks (Chen and Deng, 2020; Myers
et al., 2012), it is reasonable to assume that all followers of the retweeters in a given cascade are themselves potential retweeters. For
example, the followers of the seed user in Fig. 1 are the potential retweeters in step 1, and the followers of nodes 1-4 are the potential
retweeters in step 2 (nodes 5-¢). All potential retweeters are exposed to the original message at least once and thus have the chance to
retweet it. Typically, most potential retweeters do not retweet the message. A central goal of the present study is to examine the
differences between retweeters and non-retweeters. Given this, a sample of non-retweeters could be randomly selected from potential
retweeters to match with the retweeters. Given that there are different parents (intermediaries) in a diffusion cascade, retweeters
should be matched separately by parent. Therefore, a given parent node’s retweeters were matched with its followers who did not
retweet. As illustrated in Fig. 1, nodes 6, 7, and d together form a matched set at step 2, while retweeter 5 has no matched non-
retweeters.

Comparing the differences in characteristics between retweeters and matched non-retweeters within each matched set enables us to
test the relative effects of different variables on sharing probability between parents and potential retweeters. Therefore, H1 and H2
can be formally tested. Beyond a simple logistic framework, this comparison can be conducted at different steps in cascades, allowing
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Fig. 1. Matching on followers in diffusion cascades. The edges indicate following relationships. The black nodes are retweeters, and the collection of
all black nodes and the edges between them represent a diffusion cascade. The gray nodes are non-retweeters. The retweeters and non-retweeters of
the same parent user comprise a matched set. In this figure, retweeter 8 and non-retweeter f are both parent 7’s followers and thus form a matched
set. In each step and for different parent users, different matched sets were constructed.
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for cascade depth to be included as a moderator to test the conditional effects of social contagion and homophily on sharing probability
(H3 and H4).

The proposed approach has two advantages. First, it combines choice and cascading models. Instead of using a conditional logistic
regression that does not allow within-strata constant variables (here, cascade depth), the present study uses a multilevel logistic model
to incorporate cascade depth. More detail is introduced in the section below on statistical models. Second, matching-on-followers may
control for latent structural and homophily effects. Since comparisons are conducted within the matched set and the treated
(retweeters) and control (non-retweeters) users are exposed to the same parent user, the impact of following relationships and network
structures is generally minimalized. Given that homophily effects are intertwined with the formation of following relationships
(McPherson et al., 2001), we should be able to control for some latent homophily effects related to the formation of following
relationships.

2.2. Data collection

Data were collected from Twitter using its public application programming interfaces (APIs). First, in order to collect a random
sample of tweets, Twitter’s streaming API was used to download random tweets between February 21 and 28, 2019; a total of
18,382,174 tweets (including retweets and replies) were collected, of which 909,375 were original tweets. In order to collect all the

Table 1
Multilevel Logistic Regression Coefficients Predicting Retweeting in Diffusion Cascades.

Model I Model II Model III

Fixed Effects (Log-Odds with SE)

Intercept —2.78(0.03)** —3.00(0.04)** —3.48(0.05)**
Interaction frequency 1.28(0.03)** 1.19(0.02)** 0.94(0.02)**
Number of exposures —1.41(0.05)** —1.53(0.05)** —1.40(0.05)**
Interest similarity 1.07(0.04)** 1.08(0.04)** 0.72(0.03)**
Cascade depth —0.51(0.03)** —0.29(0.03)** «
Time elapsed 0.15(0.02)**
Interaction frequency x depth —0.35(0.02)** —0.26(0.02)**
Number of exposures x depth 1.03(0.04)** 0.88(0.04)**
Interest similarity x depth 0.22(0.03)** 0.16(0.03)**
Structural Factors
Reciprocity —0.12(0.04)*
Structural redundancy 0.05(0.02)*
Retweeter Attributes
Retweeting inertia 0.82(0.02)**
Number of followees —0.74(0.03)**
Number of followers —0.02 (0.04)
Number of statuses 1.53(0.03)**
Account age —0.28(0.02)**
Parent Attributes
Number of followees —0.08(0.03)*
Number of followers 0.86(0.03)**
Number of statuses —0.53(0.03)**
Account age 0.11(0.02)**
Group Means
Interaction (parent level) 0.17(0.05)* 0.10(0.05) —0.38(0.06)**
Exposure (parent level) 0.25(0.06)** 0.16(0.06) 0.33(0.06)**
Similarity (parent level) —0.98(0.07)** —0.91(0.07)** —0.64(0.07)**
Interaction (cascade level) —0.14(0.10) —0.26(0.10)* —0.26(0.10)*
Exposure (cascade level) 0.79(0.08)** 0.76(0.08)** 0.48(0.09)**
Similarity (cascade level) —0.26(0.08)* —0.22(0.09)* —0.21(0.09)
Random Effects (Variance)
o? — Residual variance 3.29 3.29 3.29
7 — Cascade level/parent level
Intercept 0.10/0.13 0.14/0.23 0.23/0.06
Interaction frequency 0.07/0.36 0.07/0.28 0.07/0.12
Number of exposures 0.30/1.39 0.32/0.64 0.30/0.50
Interest similarity 0.49/0.21 0.38/0.20 0.23/0.05
Model Summary
Marginal R? 55.3% 59.7% 73.9%
Conditional R* 63.2% 65.7% 75.9%
AIC 50,062.23 48,744.03 39,499.41
Sample size 967 cascades/5,028 parents/87,139 observations

Note. All predictors except reciprocity were standardized to have a mean of 0 and a standard deviation of 1. Count variables (interaction frequency,
number of exposures, cascade depth, time elapsed, number of tweets, number of followers, number of followees, and account age) were log-
transformed before standardization. *p < .01, **p < .001.
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retweets of the original tweets, the study revisited the original tweets twice, one week and two weeks later. 28,957 such tweets were
retweeted at least 5 times, of which only 58 (0.2%) original tweets received more than 100 retweets; they were excluded from the
formal analysis due to the API’s limit of downloading only the100 most recent retweets retrospectively. The present study treats these
extremely popular tweets as outliers and focuses instead on the patterns of average tweets. A sensitivity analysis suggests that selection
based on the number of retweets did not influence the main findings as presented in the result section (see Appendix Fig. s2). Then, the
study randomly sampled 1,000 original tweets from the 28,957 tweets. Of these, 12 tweets no longer existed 2 weeks later and were
excluded from the study, because it could not be determined whether all retweets were captured in these cases. For the sampled tweets,
21,329 unique retweets posted by 20,930 unique users were obtained using the public API (GET statuses/retweets/:id).

Second, the study obtained all followees (N = 39,678,526) and followers (N = 236,222,070) of the retweeters (using the GET
friends/ids and GET followers/ids APIs). Combining them with the retweet dataset enabled us to successfully reconstruct 988 diffusion
cascades using a method from Liang (2018) and Vosoughi et al. (2018). In the diffusion cascades, 5,173 parent users (i.e., users who are
retweeted by child users; in this case, they are seed users and intermediaries) were retweeted by other users. For each parent user, the
study randomly selected 20 followers who did not retweet the message in the diffusion cascade. For parent users with fewer than 20
followers (84%, M = 15, Mdn = 16, Min = 3), all followers that met the condition were selected. The followers selected were matched
users who received the tweets but had not retweeted them by the time the data were collected. Ultimately, 98,678 unique matched
users were obtained. All followees of the matched users who did not protect their accounts were obtained via the public API (GET
friends/ids, N = 579,699,564).

Third, the study collected the profiles (i.e., the numbers of tweets, followers, followees, and time of registration) and most recent
tweets (up to 3,200) from all retweeters and the matched non-retweeters, using GET users/lookup and GET statuses/user_timeline,
respectively. Ultimately, the data contain complete profiles of 109,056 unique users and 190,550,745 tweets and retweets posted by
97,484 unique users. Replication datasets can be obtained on GitHub (https://github.com/rainfireliang/TwitterDiffusionData).

2.3. Measures

The dependent variable is retweeting, a binary variable that indicates whether a user retweeted a message from its parent in the
matched dataset described above. In the matched datasets, there were 101,943 non-retweeting cases. For the 5,173 parent users, 5,109
users had matched followers who did not retweet the original messages. As to followers who opted to protect their user accounts, it was
nearly impossible to obtain either following relationships or tweets using the public APIs. Those users were thus removed so that the
final matched dataset contains 87,139 cases, including 16,099 retweets and 71,040 matched non-retweets (overall retweeting pro-
portion = 18.5%). In total, 967 diffusion cascades and 5,086 parent users had matched cases and served as the final dataset used in the
analyses presented below.

Interaction frequency between a potential retweeter and its parent was measured by the number of unique posts, including original
tweets, replies, and retweets, that mentioned the parent user. This measures how frequently a potential retweeter replied to, retweeted
from, or mentioned the parent user. For the 87,139 retweeter-parent cases, 62.5% had not previously interacted with each other; the
mean frequency is 9 (Mdn = 0, SD = 65.89). To improve estimation efficiency in regression models, the variable was log-transformed
and then standardized to have a mean of 0 and a standard deviation of 1 (a similar transformation was performed for other variables in
Table 1).

Interest similarity between users was also measured at the dyadic level by calculating the cosine similarity of hashtags used by
retweeters and their parent users. There are two advantages of choosing hashtags instead of raw text to calculate similarity. First,
hashtags are user-defined topics and could thus be a better proxy than the bag-of-words technique to measure topic interest similarity.
Second, the hashtag approach avoids the challenges of multilingual text analysis that may be entailed with users who use a first
language other than English. Similarity scores were calculated separately for different matched sets. First, all tweets posted by a parent
user’s followers were extracted. All hashtags were selected and aggregated by user. Then, a document-term matrix was constructed,
with rows representing users, columns unique hashtags, and values the frequencies of the hashtags mentioned by the users. The raw
frequencies were further adjusted by the inverse document frequencies to account for the relative importance of the hashtags. Finally, a
user’s topic interest was represented by a vector of weighted frequencies of hashtags. Interest similarity between two users could then
be measured by the cosine similarity between the users’ topic vectors (see Liang and Fu, 2017). Theoretically, the cosine similarity
score ranges from O (completely dissimilar) to 1 (exactly the same). The mean of the similarity is 0.068 (Mdn = 0.008, SD = 0.155).
Alternatively, word embedding could also be used to measure semantic similarity between users (see Appendix Table s3).

Number of exposures of a potential retweeter was measured by the number of followees who retweeted the original tweet. Given that
the dataset was constructed based on following relationships, the minimal number of exposures is 1. On average, the potential
retweeters were exposed to 3.269 followees (Mdn = 1, SD = 6.310). Most retweeters retweeted the messages after the initial exposure
(82.4%), while 42.4% of the matched non-retweeters were exposed to the messages at least twice.

Cascade depth was measured based on diffusion cascades. It was determined by the number of intermediaries between seed users
and potential retweeters. For a message retweeted directly from the seed user, the cascade depth is 1. If there is one intermediary, the
depth is 2. For matched non-retweeters, the depth of the followers of the seed users is 1. The depth of the followers of the in-
termediaries is the depth of the intermediaries plus 1. The maximum depth in the matched data is 37 (M = 3.601, Mdn = 2, SD =
4.104). The distribution could be found in Figure s1.

Network redundancy of a potential retweeter with its parent was measured by two indicators: the proportion of shared followees and
the proportion of mediated followees between the retweeter and the parent user of the total number of the retweeter’s followees. The
mediated followees are the followees of the potential retweeter’s followees and the followers of the parent user. As these two indicators


https://github.com/rainfireliang/TwitterDiffusionData

H. Liang Telematics and Informatics 62 (2021) 101623

are highly correlated (Spearman’s Rho = 0.82, p < .001), the average was used as a measure of network redundancy. Theoretically, the
minimum value is 0 (non-redundant) and the maximum value 1 (purely redundant). As a result, the mean of network redundancy is
0.096 (Mdn = 0.048, SD = 0.123) in the matched data set. Another structure variable is reciprocity, which was determined by whether
the following relationship between the potential retweeter and the parent user was mutual. In the matched dataset, 46.5% of re-
lationships are reciprocal; for the actual retweeters, the percentage is somewhat smaller (38.8%).

Several covariates derived from the user profiles were included as control variables that have been suggested as influences on the
retweeting probability. For each potential retweeting action, the study included the attributes of both the potential retweeters and
their parents: number of tweets, number of followers, number of followees, and account age (years since registration: 0 indicates
accounts registered in 2019). In addition, the study measured the retweeting inertia of potential retweeters by the percentage of retweets
in their timelines. Retweeting inertia indicates the baseline likelihood of retweeting others’ messages. The average retweeting inertia
for all unique users in the matched data is 47.8% (Mdn = 46.5%, SD = 32.7%); the variable was then standardized. Finally, cascade
depth might be positively associated with the elapsed time since the message was posted. The study calculated the median elapsed time
(in minutes) as a control variable for different cascade depths in different cascades.

2.4. Statistical models

Multilevel logistic regression models were employed to test the relationships between the predictors and retweeting probability in
diffusion cascades. There are three levels in the matched datasets: the cascade level (level 3, N = 967), the parent level (level 2, N =
5,086), and the potential retweeter level (level 1, N = 87,139). Parent-level variables include cascade depth and all of each parent’s
attributes. Potential retweeter level (level 1) variables include interaction frequency, number of exposures, interest similarity, and all
of each retweeter’s attributes.

In different cascades, the cascade-level factors (e.g., the content characteristics and popularity of the tweet) may influence diffusion
dynamics. However, these were not measured and are not the focus of the present study; a random-effects model could help control for
these unobserved variables (Snijders and Bosker, 2012). Similarly, the characteristics of the parents are expected to influence
retweeting probability. Some characteristics, such as the number of followers of the parents, were measured in this study, but many
others were not. In order to control for these higher-level confounding variables, the study fitted random-intercept and random-slope
multilevel models by including the group means (IGM) at the cascade and parent levels. Specifically, the present study calculated the
means of interaction frequency, the number of exposures, and interest similarity by 5,086 parent users and 967 cascades, respectively.
Then, the six aggregated variables were included as level 2 and 3 predictors in the multilevel models. IGM has been demonstrated to
produce unbiased level 1 estimates because the correlations between level 1 variables and higher-level confounding variables are fully
controlled for (Hanchane and Mostafa, 2012; Huang, 2016). Given that interaction frequency, the number of exposures, and interest
similarity are all level 1 variables, their estimated effects in the multilevel models including group means will be unbiased even when
omitting higher-level confounding variables.

As discussed in the literature review, social contagion or peer effects involve two factors: interaction and exposure. In the multilevel
models predicting retweeting, the estimated coefficients of interaction frequency and the number of exposures indicate the effect size
of social contagion. Meanwhile, the coefficient of interest similarity measures the homophily tendency. Although homophily effects
could be measured based on different attributes, interest similarity represents one of these effects. Unless all attributes are controlled
for in the regression models, latent homophily at the retweeter level could confound the main effects of interaction frequency, the
number of exposures, and interest similarity on retweeting probability. However, as the present study controlled for the following
relationships by matching-on-followers, the latent homophily effects via followings are fully accounted for.

Furthermore, non-retweeters were matched with the retweeters because they were followers of the same parents. Non-retweeting
cases serve as the reference group for retweeting cases. As suggested in Aral et al. (2009), it is possible to formally match retweeters and
non-retweeters on a vector of user attributes (number of followers, number of followees, number of statuses, and retweeting inertia) to
estimate treatment effects more accurately. Instead of using a matched study design, the present study employed regression models by
controlling for these characteristics. Regression models (as the parametric version of matching design) have been demonstrated to be
more appropriate than matched studies when the baseline characteristics are imbalanced between groups (Brazauskas and Logan,
2016). The distributions of the numbers of followers, followees, and statuses in this study are highly skewed and thus imbalanced.
Furthermore, as discussed above, a multilevel regression model could help control for higher-level confounders. Therefore, a multi-
level logistic regression with random slopes and random intercepts including group means was selected to compare the within-stratum
differences between retweeting and non-retweeting cases in the matched sets.

3. Results
3.1. Bivariate analysis

Compared with the matched non-retweeters, retweeters interacted more frequently with their parents (1.07 vs. —0.24, p < .001).
They were more similar to their parents in terms of interest similarity (0.45 vs. —0.10, p < .001). Regarding retweeting inertia, they
were more inclined to retweet than non-retweeters (0.68 vs. —0.15, p < .001), and their parents were more structurally redundant to
them (0.16 vs. —0.04, p < .001). However, retweeters were exposed to the messages fewer times than non-retweeters (-0.37 vs. 0.08, p
< .001) and were less likely to have reciprocal following relationships with their parent users (38.8% vs. 48.2%, p < .001).

In diffusion cascades without matched non-retweeters, cascade depth was positively associated with interest similarity
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(Spearman’s Rho = 0.26), the number of exposures (0.64), structural redundancy (0.30), and percentage of reciprocal following re-
lationships (0.69), but it was only weakly correlated with retweeting inertia (0.04). Given the large sample size, all coefficients are
significant. To correct for the large-N bias, Fig. 2 presents the correlation coefficients for the matched non-retweeters as a reference
group; it shows a very similar pattern between retweeters and non-retweeters, which implies that the correlations were partially due to
chance. Nevertheless, considering the differences between the two series, Fig. 2 suggests that retweeters at the deeper level were more
similar to but interacted less with their parents. They were exposed to messages more times, and their parents were more structurally
redundant.

The bivariate analysis illustrates that both interaction and interest similarity are positive predictors of retweeting probability.
However, the number of exposures and reciprocity are negatively associated. In addition, the correlation analysis with cascade depth
suggests that, as messages spread more deeply, retweeters become more similar and share more friends but interact less often. This
implies that diffusion patterns could influence contagion effects.

3.2. Multilevel logistic regression

A series of three-level random-slope models was conducted to test the hypotheses (see Table 1). According to the R? values, the
models can explain retweeting behaviors in diffusion cascades very well. The marginal R? is an indicator of the variance explained by
fixed factors, while conditional R? is an indicator of variance explained by both fixed and random factors (Nakagawa and Schielzeth,
2013). The main effects of interaction frequency, the number of exposures, interest similarity, and cascade depth can explain 55.3% of
the variance in Model I. The interaction effects with cascade depth in Model II are all significant, though with limited R? improvement
(Model II — Model I = 4.4%). The control variables improved the goodness of fit a great deal (Model III — Model II = 14.2%).

Since all continuous variables were standardized to have a mean of 0 and a standard deviation of 1, it is possible to interpret the
coefficients as effect sizes and thus compare them directly. According to Model III, the most influential factor (except for control
variables) is the number of exposures. However, unlike the hypothesis of complex contagions, the direction is negative (B = —1.40, SE
= 0.05). Users exposed to more followed retweeters are less likely to retweet. If the number of exposures increases by a single standard
deviation, the odds of retweeting the message will decrease by 75.3%. Regarding RQ, the finding is more than consistent with the
information redundancy explanation. The second influential factor is interaction frequency, which is positively associated with the
likelihood of retweeting. Given a user who posts a message, followers who interact more frequently with that user are more likely to
retweet the message (B = 0.94, SE = 0.02). If the interaction frequency increases by a single standard deviation, the odds of retweeting
the message will increase by 154.7%. Therefore, H1 is confirmed.

The impacts of interest similarity between potential retweeters and their parents on the retweeting probability are positive (B =
0.72, SE = 0.03). Potential retweeters sharing more interest similarity with their parents are more likely to retweet the message. A
single standard deviation increase in interest similarity is associated with a 105.9% increase in the odds of retweeting. Therefore, H2 is
supported, but the effect size is smaller than the contagion effects.

Structural redundancy and reciprocity are both network variables that indicate close relationships between potential retweeters
and their parents. However, Table 1 suggests that the two variables have different effects on the likelihood of retweeting. Users are
more inclined to retweet messages if their parents in the diffusion cascades are more structurally redundant to them (B = 0.05, SE =
0.02). However, reciprocity has a negative effect (B =-0.12, SE = 0.04) when controlling for all other variables. The effect sizes of both
structural factors are small. It might be caused by the matching procedure. In a matched set, all retweeters and non-retweeters are
followers of the same parent users and thus might be in similar positions in following networks.

More importantly, cascade depth can moderate the contagion and homophily effects in diffusion cascades. According to Table 1,
cascade depth attenuated the contagion effects; the impacts of social interactions and the number of exposures decreased with cascade
depth. Fig. 3A&B indicate that the (absolute) values of the coefficients decrease with cascade depth. As Fig. 3D presents, when depth =
1, the difference of retweeting probabilities between two and no interactions is 3.8% (p < .001); when depth = 5, the difference
decreases to 1.3% (p < .001). Similarly, the probability difference between two exposures and one exposure at step 1 is —13.7% (p <
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Fig. 2. Correlation coefficients (Spearman’s Rho) with cascade depth; variables were in the original scales. All correlation coefficients are statis-
tically significant (p < .001). For reciprocity, the coefficient is the correlation between cascade depth and the proportion of reciprocal ties in the
corresponding step.
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Fig. 3. Marginal effects of the interaction terms in Model III in Table 1. Figures A-C visualize the changes in the coefficient of one term in a two-way
interaction conditioned by the other terms. Figures D-F visualize the conditional predicted probabilities for cascade depth = 1 and 5, respectively.
Shaded areas are 95% CIs.

.001), while it decreases to —1.2% (p < .001) at step 5 (see Fig. 3E). Therefore, both H3a and H3b are confirmed.

By contrast, cascade depth amplified the effect of interest similarity on retweeting probability. As Fig. 3C shows, at a deeper level,
interest similarity increases the probability to a larger extent. The difference of retweeting probabilities between 0.5 interest similarity
and 0O interest similarity is 11.6% (p < .001) at step 1 and increases to 18.8% (p < .001) at step 5 (see Fig. 3F). Therefore, H4 is
confirmed. In summary, as a message spreads more deeply, the similarity of topic interest becomes more important than social in-
teractions and the number of exposures, which are initially the most important factors.

4. Discussion and conclusions

The present study contributes to information diffusion research in two ways. Theoretically, the study demonstrates how diffusion
structures are associated with the degree of peer influence and social contagion effects in information diffusion cascades. Users’
retweeting decisions relied less on peer influence and social contagions (H3) and more on interest similarity (H4) as diffusion cascades
became deeper. Methodologically, it proposes an analytical framework by leveraging matching-on-followers and multilevel modeling
to model user message-sharing decisions and diffusion structures (here, cascade depth) together. In addition to combining choice and
cascade models, the proposed method has the merits of controlling for latent homophily and structural factors.

In light of these findings, several points are worth further discussion. First, although it appears that the proposed framework is a
natural extension of choice models by adding cascade depth as a moderator, it is important to note their conceptual difference. In
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choice models, researchers use contagion, homophily, and structural factors to predict users’ decisions about message sharing. When
situating choices in diffusion cascades, the question can be rephrased as follows: given that a message will be shared at step N, which
viewers will share the message next? Information diffusion via social contacts on social media platforms (in contrast to mass media, for
example) is not a process of how users select one of many competing messages or senders to share. Instead, their selections are
constrained by and within concrete diffusion cascades, and the sharing probability is conditioned on facets of the local diffusion
process like cascade depth.

Second, retweeters interacted more frequently with their parents than with the matched non-retweeters. This also implies that
message sharing occurs through strong ties in diffusion cascades. Although the number of exposures did have a significant effect on
retweeting, the direction was contrary to the complex contagion hypothesis and some previous empirical studies on Twitter (e.g., An
et al., 2014). There are several possible reasons for this outcome. The retweeting function makes sharing behavior less effortful
(Guilbeault et al., 2018), which makes the complex contagion theory inapplicable. The topic is another factor; as Romero et al. (2011)
reported, political messages (e.g., An et al., 2014) are more likely to spread as complex contagions. However, the present study used a
random sample of tweets across diverse topics. Finally, it is also related to the matching-on-followers method. Previous studies selected
the reference group in different ways. Some studies selected non-retweeters randomly from the entire available population rather than
the followers (e.g., An et al., 2014), while others selected non-retweeters from a predefined closed system or simply used all retweeters
in the diffusion cascades (e.g., Bakshy et al., 2012; Hodas and Lerman, 2015). When matching on following relationships, structural
factors may somehow be controlled for, and the number of exposures thus is negatively associated with retweet probability, which is
consistent with Ugander et al. (2012).

Third, the small effect sizes of network structures should be interpreted with caution. The results are strikingly different from
previous studies, which generally found strong effects of network structures in information diffusion (e.g., Aral and Walker, 2014;
Liang and Fu, 2019; Ugander et al., 2012; Weng et al., 2013). The major reason is that the current matching strategy is not appropriate
for testing network structure effects. The comparisons are between retweeters and non-retweeters that are followers of the same parent
user. Matching on the following relationships naturally controlled for many structural characteristics, and the structural effects in
Table 1 were underestimated. However, the results empirically confirmed that the matching-on-followers method could control for
some latent homophily and structural factors. In addition, the structural effects could also apply at the parent level. Parents who are
opinion leaders may be associated with certain structural characteristics such as large coreness that make them more influential than
others in triggering large cascades (Kitsak et al., 2010).

4.1. Implications

The findings imply that peer influences may be more important than homophily-driven diffusion in triggering high information
popularity. Information diffusion in social systems is usually generated by a combination of broadcast (one-to-many) and viral (person-
to-person) spreading. Still, empirical studies have found that broadcast is more pervasive than viral spreading in many systems,
including social media platforms (Goel et al., 2016). The present study found that social contagion effects become weaker when
sharing takes place at deeper steps. This implies that peer influence might be stronger in broadcast diffusion, while homophily might be
stronger in viral diffusion. Taken together, these indications suggest that peer influences are more common than homophily effects in
popular diffusion cascades.

Although broadcast diffusion (e.g., mass media) associated with strong peer influences could generate large-scale information
cascades, viral diffusion has its own advantages. Cascade depth might be associated with less bias caused by peer influences and a
greater emphasis on message content in the diffusion process. For example, viral diffusion decreases partisan selective bias in political
communication (Liang, 2018), and sharing decisions will rely more on users’ interest in the content of the messages (An et al., 2014). In
this sense, cascade depth may be associated with political deliberation. It is also consistent with the argument that the depth of online
conversation networks is a prerequisite for political deliberation (Gonzalez-Bailon et al., 2010). However, reality might be more
complicated. If homophily effects in general (not just interest similarity) increase with cascade depth, other attributes like gender and
race could play equally important roles. If this is indeed the case, viral diffusion could also amplify gender or racial biases.

4.2. Limitations and future research

Despite its substantial contributions, the present study has certain limitations that need to be addressed in future research. First,
like most studies using social media data, its generalizability may be limited due to platform variations. Two variables are particularly
relevant here. Twitter is a news-sharing website and thus encourages the spreading of novel information. The negative effect of ex-
posures might differ in other platforms that place a greater emphasis on social networking. The retweet button, which lessens the effort
required for message sharing, can alter social contagion effects (Guilbeault et al., 2018). In addition, messages can spread in other ways
on Twitter, including modified retweets, replies, and likes. The current study only considered official retweets, which might under-
estimate both cascade depth and size. The observed shortest path may only be weakly correlated with the actual shortest path. A
sensitivity analysis performed to test whether the existence of likes could bias the findings indicated that the number of likes did not
influence the main findings in Table 1, though some effects were underestimated when an original tweet had many likes (see
Appendix Fig. s3).

Second, the matching-on-followers method was developed intuitively according to the natural spreading process in diffusion
cascades (i.e., spreading via contact), which has several limitations. First, it does not consider external influences, such as mass media,
other than peer influences. Second, the matching method has been demonstrated to reduce structural variations. However, it is unclear
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which part and how much was reduced. Future studies should formally investigate these problems by using simulated or ground truth
data. Another limitation is that the retweeting probability is conditioned on the parent users, which assumes that the diffusion cascades
will continue. For users who did not have followers or were not retweeted by any followers, no matched set was constructed. However,
solving this problem requires answering a separate question — the sustainability of diffusion cascades — that merits a series of future
studies. Finally, the proposed method could also be combined with experimental design (e.g., Monsted et al., 2017) to control for other
retweeter-level confounding variables and make causal inferences more accurate in the future.
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