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WBJS Research Center Leibniz Social Media (SM) has become a popular medium for individuals to share their

Universitit Hannover, Appelstrae opinions on various topics, including politics, social issues, and daily affairs. During

94, Hannover, Germany controversial events such as political elections, active users often proclaim their
stance and try to persuade others to support them. However, disparities in
participation levels can lead to misperceptions and cause analysts to misjudge the
support for each side. For example, current models usually rely on content production
and overlook a vast majority of civically engaged users who passively consume
information. These “silent users” can significantly impact the democratic process
despite being less vocal. Accounting for the stances of this silent majority is critical to
improving our reliance on SM to understand and measure social phenomena. Thus,
this study proposes and evaluates a new approach for silent users’ stance prediction
based on collaborative filtering and Graph Convolutional Networks, which exploits
multiple relationships between users and topics. Furthermore, our method allows us
to describe users with different stances and online behaviors. We demonstrate its
validity using real-world datasets from two related political events. Specifically, we
examine user attitudes leading to the Chilean constitutional referendums in 2020 and
2022 through extensive Twitter datasets. In both datasets, our model outperforms the
baselines by over 9% at the edge- and the user level. Thus, our method offers an
improvement in effectively quantifying the support and creating a multidimensional
understanding of social discussions on SM platforms, especially during polarizing
events.

Keywords: Collaborative filtering; Recommendation system; Graph convolutional
networks; Stance prediction

1 Introduction

In recent years, digital social media networks have become increasingly important for so-
cial studies as they provide researchers with new ways of understanding users’ attitudes
and social interactions. However, such social analyses have relied almost exclusively on

active participation and user-generated content. Still, it is known that a large percentage
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of social media users rarely engage [1]. According to a Pew Research report [2], in the
U.S., 97% of all tweets come from only 25% of the users. This illustrates a broader, glob-
ally observable trend on Twitter, where the majority of the users restrict themselves to
passively consuming the information produced by others [3, 4]. Therefore, content-based
inferences may fail to generalize to real-world populations or even online communities
of less active users [5]. Studies ranging from mass media attention, through stock market
movements, to political election predictions are affected by these generalization issues as
they increasingly rely on social media as a proxy for audience attention and opinion [6-8].
Social media’s power to shape the informational landscape and its ever-more important
role as a tool for policymakers render this problem very relevant in our society.

To tackle this issue, we must design models that consider broader inclusivity and reduce
social biases in public discussion analyses. Multiple factors can root the user’s online be-
havior or, in this case, self-censorship [9]. Among others, a user may remain silent online
to avoid arguing with others, is insecure about their opinion, or fears negative evaluation
[9-11]. This can further widen the gap in participation and inclusion between the domi-
nant sociopolitical establishment view and vulnerable or minority communities [12]. For
example, misogyny and harassment on social media platforms can have a silencing effect
on women [13], including stopping expressing their opinions on specific issues [14]. Nev-
ertheless, despite silent users (also called lurkers) rarely posting on social media, they still
have valid views about socially discussed topics. By overlooking their latent views, our
analyses’ predictions could amplify social biases.

Most previous approaches to understanding users’ viewpoints depend on identifying
filters to retrieve relevant content for the topic(s) of interest and running a sentiment po-
larity analysis for the resulting documents [15, 16], or a keyword-based or other rule-
based stance inference [17]. However, filtering users based on keywords or engagement in
a particular topic may introduce selection bias. Moreover, it disregards information from
discussions on other subjects that can also shed light on the opinions for the matter in
question, e.g., through collaborative filtering [16, 18]. Finally, when decontextualized for
document-wise analysis, the sentiment of short social media messages may not reflect a
particular stance [19]. In our analysis, we look beyond the users’ active engagement with
the target topic and leverage other human digital traces that reflect their preferences.

Previous studies have shown that by looking into social interactions such as retweets,
following, and other network associations, it is also possible to capture the lean of users
[20]. Therefore, we can examine silent users’ other activities to capture some signals of
their preferences [21, 22]. Our analysis of silent users’ stance prediction uses graph convo-
lutional networks (GCN) to combine several types of social interactions and participation
across several topics and estimate users’ affinities to hashtags [23]. This method allows us
to assign users to a stance represented by a (set of) hashtag(s), even when users are “silent”
for the topic of interest t (also referred to as t-silent [5]). Since the model is topic agnostic,
it requires limited human annotation and is only for the final analysis stage. Moreover, the
users’ opinions can go in many directions and represent multiple perspectives [24]. The
proposed model also contributes to the state of the art by representing users’ positions in
a dense multidimensional space that allows us to gain subtle insights concerning public
discussions rather than just a bipolar in favor/against position on a topic.

Using two recent Chilean national referendums as case studies for our target topic,
we are interested in characterizing referendum-silent users’ stances and how representa-



Zhou and Elejalde EPJ Data Science (2024) 13:28 Page 3 of 31

tive the active discussions are of the entire opinion space. Correspondingly, we use tweet
datasets representing the public discussion in Santiago in the months leading to the ref-
erendums.

Our main contributions can be summarized as follows:

+ We proposed a new t-silent users’ stance analysis method based on a collaborative
filtering hashtag affinity prediction. This method also requires minimal supervision,
making it easy to adopt in practical applications.

+ We propose an encoding method to represent users’ stance distributions on particular
topics within an embedded space. This continuous representation enables the
exploration of opinions at different granularity levels (e.g., stance, user, community).

+ Our research delves into the contrasts between active users and their t-silent
counterparts, examining these differences through multiple lenses, such as tones,
associated interests, and representativeness in the space of discussion. This analysis
enriches our understanding of user engagement and behavior in the context of
particular topics.

Collectively, these contributions advance the field of stance analysis by providing new,
more inclusive tools and insights for understanding user opinions and interactions on on-

line platforms.

2 Background and related works
As mentioned, we center our analysis on those accounts that never expressed their opin-
ions explicitly for a particular topic t of interest [5]. Following the notation in the litera-
ture, we refer to them as t-silent. For example, in our case study (see Sect. 3.1), if a user
has not voiced a stance on the referendum-related discussions, we call them a referendum-
silent user.! Note that they may still follow, retweet, or mention (@) more active users on
this or other subjects (see Fig. 1b and 1c). However, these user interactions may have dif-
ferent motivations (e.g., irony, criticism, or sharing information/bringing it to attention).
Given this ambiguity, they could be understood as an implicit expression of interest rather
than direct evidence of a user’s stance on 7. In contrast, an active user is an account that
has directly engaged with the topic 7 by posting tweets that make an explicit reference
to the subject. In our dataset, this is identified by the inclusion of one of the referendum-
related hashtags (see Sect. 3.3). We leverage the content produced by active users and their
multiple connections with t-silent users (i.e., using collaborative filtering) to identify both
active and silent users’ stances on topic t.

To approach this problem, we leverage previous works on opinion mining, recommen-
dation systems, and collaborative filtering.

2.1 Stance detection

With most social discussions taking place online, e.g., on social media platforms, the prob-
lem of stance detection has attracted much interest over the past years. This problem
is commonly defined as automatically extracting a user’s position (in favor, neutral, or
against) towards a particular target entity. Gauging users’ opinions has multiple applica-
tions, from political analysis [25, 26], to content summarization [27], to market-trends

Following, we use the term ‘7 -silent’ when referring to the abstract problem of silent users’ stance detection and the more
specific instance ‘referendum-silent’ to refer to our case study.
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Figure 1 User Engagement and Topic Interest Distribution. 1a shows the accumulative percentage of tweets
contributed by users in different activity levels. b and 1c shows topics relative interest of active and
referendum-silent users. The proportion of attention to each topic is normalized for each group (i.e,
active/silent). The topics are annotated based on the top 500 most popular hashtags. Figure 1a: Cumulative
Tweet contributions by User Activity Level. Figure 1b: Topic Engagement Distribution Among Active and
Silent Users in Entry_DS. Figure 1c¢: Topic Engagement Distribution Among Active and Silent Users in Exit_DS

prediction [28]. Depending on the application, the stance’s target can be, for example, a
public figure, a new government policy, or vaccination during the COVID-19 pandemic
[29].

An automatic and reliable approach to this problem offers a solution to analyzing large
volumes of unstructured data. Twitter, in particular, is (or used to be) an appealing data
source among researchers and practitioners due to its popularity (353M active users in
20232). However, short documents, informal language, and slang commonly used in so-
cial media channels pose new challenges for traditional models of opinion mining [30].
Therefore, recent studies have focused on other characteristic elements of social media.
For example, methods like concatenating comments to their associated tweet to gain extra

context [31] or recognizing emojis [17] have proved to help in this task.

Zhttps://www.statista.com/statistics/303681/twitter-users-worldwide/.
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Similarly, hashtags have been used to identify opposite stances [8, 32—34]. Communi-
ties defending a viewpoint will usually adopt a (set of) hashtag(s) that represents their
position (e.g., #TrudeauMustGo or #TrudeaudMoreYears, #ISISisNotIslam or #Depor-
tAllMuslims) [35, 36]. However, they typically start by identifying the relevant hashtags
and filtering the documents based on those. Our analysis also exploits these distinguish-
ing hashtags from different camps to profile Twitter users. Yet, we use the information
from all the hashtags (related to the topic or not) and let the model simultaneously learn
embeddings for users and hashtags unsupervised.

These approaches discussed above are all content-based and, thus, rely on users’ active
participation in the topic of interest. This makes them unsuitable to address our problem
of predicting the stance for t-silent users.

2.2 User homophily

Given the scarcity of content for 7 -silent users, we need to appeal to other features that will
allow us to infer their opinions in a given matter. For example, the social network’s topol-
ogy has been shown to provide additional information to create classifiers concerning a
user’s preference, even when the choices are very similar (e.g., Pepsi vs. Coca-Cola, Hertz
vs. Avis or McDonald’s vs. BurgerKing) [37]. These features work under the principle of
homophily [22], where we assume that social entities will associate with similar others.
For example, in Twitter, researchers have experimented with the ‘following’ relationship
(both unidirectional and bidirectional) [21]. Moreover, these relations can be extended to
indirect or second-order co-following [37], e.g., two accounts that do not share a single
follower can still be considered similar if their followers are highly connected.

Our approach also takes advantage of other topological features that can help expand
similarity networks [38]. Specifically, we rely on (i) Social Graphs — including different
social circles such as friend or mention; (ii) Entity-Centric Graphs, based on co-following
relations between the users around a particular type of entity such as political candidates
or news outlets; and (iii) Geo-Centric Graphs, grouping users with a given geopolitical
profile, e.g., as self-reported in their biographies [38]. Our analysis explores the influence
of multiple relations between users on predicting the users’ stances for different levels of
activities. Furthermore, by considering users’ activities and interactions beyond the spec-
ified topic 7, we can exploit user-user relationships and similarities [21, 38, 39] that might
shed some light on the characteristics of less active member accounts.

However, in our case, observable connections might still be sparse as 7 -silent users tend
to have low participation and a limited number of other interactions. For example, the
number of followers/followees is usually positively correlated with the influential role of
the user [40]. To address this problem, we include the analysis of another relevant set of
latent relations between users referred to as meta-paths [41]. A meta-path represents a
sequence of relations between different object types where the first and last objects in the
sequence are similar. The authors note an improved performance of meta-paths compared
to random-walk-based methods [41].

2.3 Collaborative filtering

Most of the previous work on opinion mining focuses on training a classifier. However,
this task can also be framed from the recommendation system (RS) perspective. In this
case, we are interested in predicting user-topic affinity, or more precisely, user-[opinion
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on a topic] affinity. There are two popular approaches in the area of RS, namely Matrix
Factorization methods and user-item graph structures analysis. Matrix factorization (MF)
projects the ID of a user # and an item f into a lower-dimensional embedding vector H,
and W, respectively [42]. During the training process, Wy and H,, are iteratively updated
to minimize the discrepancy between observed user-item interactions and those predicted
by the model. The ultimate goal is for the inner product of H, and W} to accurately esti-
mate the missing or unobserved interactions, thereby revealing underlying patterns in the
data that can inform recommendations or insights. Some frameworks have tried to extend
ME, e.g., by combining it with a multilayer perceptron (named neural collaborative filter-
ing — NCF) [18]. However, with the proper setting, the original MF method outperformed
the NCF framework and other methods in most cases [43, 44]. Also, Wang et al. proposed
a coupled sparse matrix factorization (CSMF) approach to collaborative filtering in the
prediction of sentiments towards topics [16]. The authors relied on manually selected and
annotated topics and used the accuracy of the sentiment polarity predictions to evaluate
the model.

Alternatively, RS can be approached by exploiting the user-item bipartite graph struc-
ture. This creates a mapping from the RS to the link prediction problem. Motivated by the
strength of graph convolution, Wang et al. proposed a Neural Graph Collaborative Filter-
ing (NGCF) framework that captured collaborative signals in high-hop neighbors and in-
tegrates them into the embedding learning process [45]. However, further studies showed
that NGCF demonstrates higher training loss and worse generalization performance with
nonlinear activation and feature transformation [46]. As a result, the authors proposed
a simplified model named Light Graph Convolution Network (Light GCN). Other works
have leveraged LightGCN by aggregating information from different aspect-level graphs
[47] (e.g., adding a user-director graph on a user-movie recommendation to guide the
embedding learning process). These RS models typically aggregate information by aver-
aging data from neighbors. Alternatively, attention mechanisms have also been proposed
to capture the importance of different relationships between users and items [48].

Finally, in earlier work, we tested the effectiveness of adding weights to a Light GCN-
based model [23]. Here, we expand on this work by comparing different weighting strate-
gies. We compare the performance of the previous user-level normalized weights (local)
against a simple count of interactions (without normalization) and a TF-IDF normalized
weight (global). Furthermore, we evaluate another method of aggregating information
from different input graphs. In contrast to the previous averaging approach, we imple-
mented a “projection & fusion” layer that significantly improves the model performance

across multiple scenarios.

2.4 Silent users

Some previous studies have directly addressed the stance prediction of silent users [5,
16, 32]. A combination of network and content features is a common strategy in these
cases. Collaborative filtering has been proposed to transfer information from active to
silent users [16]. However, they depend on a manually annotated set of topics or rely on
supervised learning, making it difficult/costly to scale and deploy in practical scenarios.
Our model achieves state-of-the-art performance with relatively few annotated hashtags
for each stance. Moreover, most approaches in the literature only provide a stance polar-
ity classification (i.e., in favor — against), and it is usually inferred from sentiment analysis
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(which does not necessarily equal stance [19, 31]). Our methodology contributes to this
line of research by predicting the t-silent users’ stance in a continuous higher-dimensional
space, thus allowing a finer-grain stance analysis (i.e., potentially applicable to discussions
with more than two opinions). In this study, we use our case study to show how this learned
continuous space of discussion and the users’ positioning can help to further characterize
users and communities. These aspects of the study include several new valuable dimen-
sions to our research.

Finally, we contribute to understanding the dynamics and representativeness of opinions
expressed by users with different levels of engagement [34]. Expanding on the previously
introduced WLGCN [23], the present work includes an in-depth analysis of the proposed
model’s performance across groups of users with various activity levels. This should help

understand how overall users’ behavior can affect the task of predicting their stances.

3 Datasets
This section describes the datasets used to train and validate our models. We start by
presenting the case study and contextualizing the collected data. Then, we define the col-
lection process and the filters applied to the data, resulting in our final corpus.

Following the FAIR data principles, we make our datasets available on GitHub.? How-
ever, to comply with Twitter’s terms and conditions, we only share tweet IDs that can be
rehydrated.

3.1 Case-study: Chilean constitutional referendum

In 2019, Chile saw one of its biggest popular uprisings following a perceived increase in
economic hardship and social inequalities. After weeks of protest, lawmakers agreed to
hold a referendum on the nation’s dictatorship-era constitution. The constitutional ref-
erendum was demarked by two plebiscites: the first plebiscite (25 October 2020%) asked
whether a new constitution should be drafted; the second plebiscite (4 September 2022)
was to vote on whether the people agreed with the text of the new constitution drawn up
by the Constitutional Convention. These are popularly known in Chile as “entry plebiscite”
(plebiscito de entrada) and “exit plebiscite” (plebiscito de salida).

In the entry plebiscite, the “Approve” side won by a large margin, with over 78% agree-
ing to draft a new constitution. However, after two years of intense political campaigns
from both sides, including heated social media discussions, the new text was rejected in
the exit plebiscite with almost 62% of the votes for “Reject”. These campaigns were espe-
cially active on social media and, as expected, made extensive use of hashtags denoting the

corresponding position of each camp (e.g., #Apruebo (I approve) or #Rechazo (I reject)).

3.2 Data collection
Twitter (now X) is one of the most popular social media platforms in Chile” for news con-
sumption and where millions of Chileans discuss trending topics. Thus, we used Twitter

to collect topics and users’ information through the official APL

3https://github.com/imzzhou/StancelnferenceInTwitter.git.

4The plebiscite was initially set for 26 April 2020. However, due to the COVID-19 pandemic, it was rescheduled for October
of that year.

Shttps://www.statista.com/topics/6985/social- media- usage-in- chile/#dossierKeyfigures.
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We start from a database of 384 news outlets with an active social media presence and
targeting a Chilean audience [49]. Then, we collect tweets and profiles from these news
outlets’ followers. By focusing on people who consume their news from this media system,
we target informed users who probably have a formed opinion on the discussed topics. As
with many other studies on social media platforms like Twitter, we are limited to the pos-
itive actions of the users in the system. This means we cannot distinguish in our analysis
between users who only read and those who have not yet seen the content. However, we
can confirm that the topic of the referendum received ample coverage by the mainstream
media in Chile. By focusing on newspaper followers who were also active on Twitter dur-
ing the observed period (i.e., they interacted with other topics), we assume that, with a
high probability, they have been exposed to the referendum discussion (our target topic).
We expect these users to leave online traces of their stand, even if not explicitly shared. For
example, users who do not participate in the referendum topic may participate in other
discussions and align with other users in different stances.

We start from a collection of 9.2 million unique followers. We need to apply several
filters to make our social graphs manageable and remove potential noise. We try to restrict
our analysis to accounts that represent regular users and most likely reflect the popular
range of stances. We empirically found that accounts following more than ten news outlets
have characteristics often associated with automated accounts or representing businesses
(e.g., high follower-to-following ratio)(see Appendix A). Such accounts tend to exhibit
markedly different patterns from those of regular users. Thus, their engagement with one
or another hashtag is probably not driven by a genuine interest in the topic but rather by a
commercial interest or a preplanned political agenda. Since our model learns the 7-silent
users’ stances from other more active users, including these accounts in our analysis could
lead to results not representative of the behavior of the average human user. So, we filter
users who simultaneously follow at most ten news outlets, excluding potential automatic
accounts.

To further eliminate potential noise in the opinions, we remove hyperactive accounts
that, e.g., might be managed by automatic processes (i.e., bots) or work as part of an in-
formation campaign. As mentioned before, these accounts usually do not represent real
individuals and will not convey a genuine personal instance within a controversial discus-
sion. So, we introduce an additional filter based on the average daily number of tweets an
account posts. We empirically chose at most three tweets per day on average as a reason-
able activity for a regular personal account.

More advanced methods of bot detection (e.g., [50]) may help in the collection of a larger
sample or in identifying more sophisticated bots that mimic the behavior of human users
(e.g., social bots [51]). However, with our filters, we still retain a sizeable amount of rele-
vant users, and while our current dataset may contain some advanced bots, we considered
their presence tolerable for our analysis. We assume that they will not significantly affect
topic interaction patterns as they usually engage with fewer topics, which limits potential
interactions in our graph (see Sect. 4). We also assume they do not represent a significant
percentage of the community, such as to bias affinity patterns.

We also want to reduce possible bias introduced by geographic and social factors. For
this, we use the location field in the users’ profiles to restrict the network to followers self-
geolocated in one city, i.e., the capital of Chile, Santiago. Outlets like, e.g., El Mercurio have
a national scope and, thus, will have many followers that do not match this filter. Previous
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studies have shown that many user profiles contained a genuine location, mainly at the city
level [49, 52, 53]. We specifically targeted profiles that included “Chile” and “Santiago” in
their location field.

After applying the filters above, we considerably reduced the number of users to un-
der 40K accounts. In comparison, previous studies addressing a similar task worked with
6K users [16]. Our first dataset (Entry_DS) comprises 34,412 users with 915,672 associ-
ated tweets (between Jan 1st and October 24th, 2020) containing 189,115 hashtags. This
dataset tries to capture the popular discussions during the political campaigns for the “en-
try plebiscite” For our second dataset, our final Exiz_DS comprises 39,239 users. For each
account, we collected all tweets between Jan 1st and September 3rd, 2022. This resulted
in 2,161,806 associated tweets containing 69,892 hashtags. Equivalent to the first dataset,
Exit_DS tries to capture the popular discussions during the political campaigns for the
“exit plebiscite”

In our datasets, we also observe an engagement pattern similar to the one described in
the literature [2], where the vast majority of the content comes from a small group of very
active users. In our case, the 25% most active users authored 93% of the tweets (see Fig. 1a).
This further strengthens the relevance of r-silent users’ stance detection in Chilean online

discussion.

3.3 Hashtag annotation

We identified the 500 most used hashtags for each dataset and annotated them into several
general topics. This gives us an idea of the relative interest of users in other issues during
these periods (see Sect. 7.4).

Concerning our main topic, we split the hashtags related to the Chilean referendum into
three groups: “POS” indicating a favorable stance, “NEG” indicating a rejecting stance,
and “NEUTRAL” indicating interest or engagement but with a neutral stance. See Ap-
pendix B for the list of referendum-related hashtags. For the annotation of referendum-
related hashtags, two independent coders (one of the authors and another external re-
searcher, both native speakers) annotated each hashtag as belonging exclusively to one of
the three stances (POS,NEG, NEUTRAL) or others (i.e., not related to the referendum). In
a second stage, coding disagreements were solved through a negotiation among coders in
order to improve inter-rater reliability. The final classification was established with high
agreement, Cohen’s Kappa « = 0.962 and x = 0.993 for the Entry_DS and Exit_DS, respec-
tively.

To compare the topic preferences between referendum-silent and active users, we cal-
culate the inner-group proportion of tweets associated with each topic (see Fig. 1b and
1c). For example, out of all the tweets from referendum-silent users in Entry_DS, 0.20 is
related to the pandemic. On the other hand, out of all the tweets from active users in
the same dataset, approximately 0.17 reference the pandemic. Note this only shows the
relative proportional interest within each group (e.g., even when referendum-silent users
have a higher relative interest in sports than active users, they may have fewer tweets on
the topic). As expected, referendum-silent users are involved in other topics.

Notably, other topic annotations and insights are only intended to contextualize the case
study and provide a more detailed characterization of the collected data. Only the refer-
endum hashtags annotation is necessary for the users’ classification.

Figure 1b and 1c already shows interesting characteristics of referendum-silent users.
For example, they have relatively low participation in other political discussions. However,
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they share common interests with active users in topics related to the pandemic, sports,
and TV. Within these shared interests, we can also find polarized discussions that help the
model find patterns and categorize similar users. This illustrates the advantage of extend-
ing our observation to other concurrent topics and the collaborative filtering approach for
analyzing t-silent users.

To determine users’ consistent affinity for specific hashtags, we examined user-
generated tweets, focusing on the annotated hashtags related to the referendums. Fig-
ure 2a effectively illustrates a clear pattern: users predominantly align with hashtags that
reflect one or the other stance, with positive and negative curves in each dataset showing
a steep rise as the proportion increases. Notably, the POS curves for both the Exit_DS and
Entry_DS datasets remain under 20% until the end, suggesting a more concentrated user
base using exclusively positive stance hashtags. This analysis indicates that, regardless of
the referendum outcomes, a substantial cohort of users predominantly employ hashtags
that resonate with a single stance, underscoring the importance of hashtag stance in user
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Figure 2 Insights into Hashtag Usage Patterns Across Datasets. 2a represents the proportion of users who
predominantly use hashtags of a single stance (either POS or NEG) in both Entry_DS and Exit_DS datasets.

A sharp rise towards the right indicates many users favoring hashtags exclusively from one stance. 2b plots
the cumulative number of users who interacted with the most used hashtags: Fig. 2a: Cumulative Distribution
of User Preferences by Hashtag Stance. Figure 2b: Cumulative User Engagement with Top
Referendum-Related Hashtags
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engagement patterns. These results also align with previous findings on “echo chambers”
in social media [54].

The pattern seen in Fig. 2a is also significant because it suggests that instances of hashtag
hijacking — where users co-opt hashtags for purposes contrary to their original intent —
would be relatively rare in our dataset. If present, the majority of the community did not
seem to have adopted the hijacked hashtags. The alignment of user behavior with specific
hashtag classes, as shown in the cumulative distribution plot, suggests that most users
interact with hashtags in a manner consistent with their original context and meaning.

Finally, regarding the representativeness of the most popular hashtags for the users’ set,
Fig. 1a represents the cumulative number of users who interacted with the most used
hashtags. The graph shows that after 5-10 hashtags, most of the active users are repre-
sented in the discussion. This pattern is consistent for both datasets. In practice, an analyst
could identify and annotate these highly occurring hashtags, e.g., based on trending topics
reported by the platform, without having to go through all the documents related to the
topic.

4 Methodology

Our approach to t-silent users’ stance analysis relies on identifying their engagement pat-
terns with different topics and similarities to other, more active users. Using collaborative
filtering, we aim to predict users’ association with a topic and the various perspectives
within each discussion. However, instead of depending on the content sentiment, we lever-
age the semantic information provided by hashtags and users’ affinity to these hashtags to
differentiate between stances [32]. Hashtags play a crucial role in categorizing, discover-
ing, and contextualizing content on social media platforms facilitating user engagement.
By learning the hashtags’ embeddings we hope to get representations that capture their
semantic similarities.

We represent the User-Hashtag relationship as a bipartite graph G;,. The graph consists
of two classes of nodes V;; and Vyr, which represent the users and hashtags, respectively.
A set of weighted edges € is defined to represent the interactions between users and hash-
tags. Then, each edge only connects nodes from different classes. We define the weight of
an edge as e;; = T;j, where T;; is the number of times user i used the hashtag ;.

We test alternative weighting approaches based on various normalizations. In previous
work, we experimented with edge weights normalized by users [23]. Specifically, the edge
weight was e;; = % This normalization aims to identify hashtags that are more impor-
tant to individual users. Here we also experiment with a global strategy. Recognizing that
some hashtags may be used by many users and thus reduce their discriminative value, we
introduce a strategy based on the term frequency-inverse document frequency (TF-IDF)
principle. Specifically, TF-IDF normalized weights are defined as e;; = Z?;i,j x log Zﬁ]j 0

where N is the number of users and 7,(j) is an indicator function that is 1 if an edge exists

between user i and hashtag j, and 0 otherwise. For comparison, we try the models with
each weighted strategy. The experimental setting details can be found in Sect. 5.1.

In the following sections, we first describe the pre-processing steps and hashtag classi-
fication. Then, we present the model’s general architecture and discuss the integration of
user-hashtag interactions. We also take on other types of information from social media
interactions, including hashtag embeddings and inferred user-user relationships. Finally,
we introduce optimizing the objective function of our model.
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Based on the predicted affinities toward a relatively small set of annotated topic-specific
hashtags, we propose a data-driven user stance classification that can be applied to active

and t-silent users. Figure 3a gives an overall view of our approach.
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Figure 3 Comprehensive Overview of the Methodology and WLGCN Model Components. Figure 3a:
Schematic Overview of Stance Classification Framework. Figure 3b: Architecture of the WLGCN Model.
Figure 3c: Projection and Fusion Mechanism in WLGCN
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4.1 Data preprocessing

From the collected datasets, we normalize and standardize the hashtags encoding into
UTE-8 and get 185,965 and 68,331 unique hashtags for Entry_DS and Exit_DS, respec-
tively. In addition to their selection by the users, hashtags’ semantic information plays
an important role. Therefore, we apply the following steps to process the content of the
tweets:

+ standardization of texts into UTF-8, replace the accented characters with regular

ones (i.e., 4 — a), and lowercase the texts;

« removal of URLSs, emojis, punctuation, stopwords, and personal information;

» lemmatization and stemming of tokens into declined forms;

+ word-embedding: we use the cleaned content to train a word embedding model.®

From this embedding, we keep only the hashtags’ representation.

Since we are using a Bag-of-Word-based model in our experiments for learning the em-
bedding of our hashtags, we decided to remove non-essential content such as punctuation
marks, URLs, and stopwords. Together with our other preprocessing steps, this helps the
model to focus on the more relevant information, reduce sparsity, and better differentiate
the topics associated with the hashtags [56].

However, we use, among other features, sentiment analysis to characterize the commu-
nities (Sect. 7.4). In this case, contextual elements in the content, like emoticons, may play
an important role, especially in social media communications. Thus, for the sentiment

analysis, we start from the raw content and translate emojis into their textual form.

4.2 Weighted light graph convolutional network for hashtag-affinity prediction

Figure 3b presents the architecture of our proposed model. This represents an extension
of the LightGCN that introduces weights to the relation graphs and various additional
characteristic features of our social network. We will refer to our model as WLGCN
(Weighted-LightGCN). The model’s inputs include a user-hashtag interaction graph,
hashtag embeddings, and the inferred relationship between users. The output represents
the users’ predicted affinity to the hashtags in the dataset. Through a series of graph con-
volutional layers, the model jointly updates the representations of users and hashtags by
aggregating the neighbors’ features. After K layers, the affinity score is calculated as the

inner product of the users’ and hashtags’ embedded representation.

4.3 Graph convolutional network
The basic idea of Graph Convolutional Networks (GCN) is to learn representations of
nodes by aggregating the neighbors’ embeddings as the new presentation of the target
node. The layer-k embeddings of the target node can be represented as:

bt = AGG(h D, [h*V:ieN,}), h=e, (1)
where e, represents the initial embeddings of a node 1, NV, represents neighbors of this
node, and AGG is a function used to aggregate the features of the neighbors. The other

standard operations in a GCN layer (i.e., non-linear activation and feature transformation)

have been shown to contribute little to the recommendation performance [46]. Therefore,

%\We use FastText with CBOW [55].
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we also skip these two operations and use the simple average aggregator instead. To illus-
trate, consider our interaction graph G, with N users and M hashtags (HT),” the propa-
gation rule in layer k can be defined as:

H*= (D 2AD?)H",  H°=FE° @)

where H* € RW*M)*4 g the User-HT graph embedding matrix after the kth propagation
step; E° is the initial d dimensional embedding of users and HTs; D is a diagonal matrix,
where D;; equals to Zin,P A stands for the User-HT graph adjacency matrix and is de-
fined as:

A= (IfT I;) 3)

being R € RN*M the User-HT interaction matrix, where R;; = ¢;; (i.e., the weight of the
edge connecting user i and hashtag ;). After propagation, for the node #, which repre-
sents the user or the hashtag, we employ the weighted average to combine the embeddings
learned through layers 1 to K, and the combination can be formulated as:

K

1
— Hk 4
en= g 2t @)

k=1

Finally, we calculate the affinity by applying the inner product operations to the user and
hashtag embeddings:

ju, ht) = euey, (5)

Depending on the use case, normalized vectors that prevent an effect on the final result
from their magnitude could be desirable. However, for our study, we believe occurrence
counts are a feature since more popular/trending hashtags are typically adopted as banners
by the different camps participating in the discussion and more confidently represent the

stance of a community.

4.4 Inferred information
We complement the user-hashtag interaction graph with three additional types of data
characteristic of our social network to help in the above learning process.

First, we add hashtag embeddings to capture their semantics. The aim is to complement
the hashtags usage patterns at the user level, represented by the vanilla WLGCN, with the
contextual information provided by the tweets’ content. For our experiments, we trained
a FastText model [55] with the pre-processed corpus introduced in Sect. 3. Then, we use
the representation of the hashtags (Enr) to initialize the hashtag embedding layers of our
model.

The second type of information is user-user network interactions. The user-user graph
is an instance of a Social Graph with heterogeneous connections (henceforth Gsoc). In Gsoc,

7We apply the same strategy to the other inferred graphs.
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we include as links the mutual friend/follow relationship as well as mentions of other users
in our network.

The last type of information is the user-user simulated path (PathSim [41]). The graph
Gsoc mentioned above represents direct user-based connections observable from our
Twitter dataset. However, in practice, these interactions are sparse in a network like ours.
So, they would offer a limited contribution to the embedding learning process. To address
this issue, we extend these observed relations with inferred pseudo-relations based on
meta-paths. A meta-paths captures a sequence of relations connecting two users that may
contain multiple steps. For example, users u; and #; are connected through a path “user-
retweet-hashtag-tweet-user” (U-RT-HT-T-U) if u; retweeted/quoted a tweet containing
a hashtag that also appeared in a tweet of u;. Given the meta-paths (P = U-RT-HT-T-U),
the similarity between u; and u; is defined as:

2 X {pij : pisj € P}

(6)
HPivsi: Pisi € PY + {Djosj  jvj € P

S(irj) =

where p;..; represent the path instance between u; and u; that follows the meta-paths
P. In our experiments we use the RT (retweet/quote) relation. However, the RT relation
could be replaced with other content-based relations such as replies. These path instances
define an additional, denser user-user graph (Gpathsim)- Since both graphs, Gsoc and Gpathsim
contained additional user information, We assume these graphs could help updating the
embeddings of users. Inside each graph, we also applied Equation (4) with K layers to
extract the potentially useful information.

4.5 Graph projection and fusion

To effectively aggregate and align these vectors from different contexts, we adopt the pro-
jection layers and the cross-fusion technique [57] (see Fig. 3¢c). Traditional methods, such
as simple averaging or concatenating embeddings from multiple graphs, often fail to cap-
ture the contextual relationships, especially when various user-user interactions are in-
cluded in addition to the primary user-hashtag graph. Given a user u;, for each user-user
graph, we compute the outer product of the user’s embedding from that graph with the
user’s embedding from the main user-hashtag graph. This results in an interaction rep-
resentation that encapsulates the correlations between the contexts of these graphs and
the primary user-hashtag graph. Specifically, given two embeddings rgf’ (from the user-
hashtag graph G;) and r,%‘ (from each user-user graph G, such as Gpathsim Or Gsoc) Of size d,

the representation R is computed as R = ri”

® r,%‘, Flattening R results in a vector of length
d?. This is then reduced to a dimensionally consistent vector r of size d using a sequence of
linear layers. Once we have obtained the user embeddings from all graphs, they are aggre-
gated using a MEAN operation. This ensures a balanced inclusion of context information
from different graphs and alignment with the hashtag embeddings.

Our strategy captures the complex relationships between embeddings from various in-
teraction graphs. Thus, we leverage the rich contextual information across graphs, ensur-

ing our aggregated representations are context-aware and carefully aligned.

4.5.1 Optimization
With Equation (4), our idea is to keep nodes connected with an edge close to each other
in the latent space while pushing nodes without a shared edge farther apart. So, we adopt
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the Bayesian Personalized Ranking (BPR) loss [58] as objectives for training our model:

N
Loss=—-3 " > > o () - () + 4| E°]’ @)

u=1 ieNy j¢ Ny

where o is the sigmoid function, A is the regularization parameter to avoid overfitting, and
i, j represent the hashtags used or not used by the user u. We adopt the Adam algorithm
[59] for model optimization. We sample a tuple of (u, i, j) for each mini-batch and update
the embeddings.

4.6 Affinity-based stance classification

Manually inspecting and annotating all hashtags covering multiple topics can still be ex-
pensive and time-consuming. The proposed WLGCN model can leverage hashtag seman-
tics to predict the user’s viewpoint without any annotation. Thus, identifying a relatively
small subset of hashtags related to the topic of interest 7 should suffice to characterize the
users’ stance. Even if other 7-related hashtags exist in the dataset, their influence on the
users will be captured through the hashtags embedding (Eyr) and convolutions on Gj.

We use previously identified referendum-related hashtags (HT;) to characterize the
topic discussion (40 and 56 hashtags for Entry_DS and Exit_DS, respectively). These are
further assigned into three groups: HT?©S ¢ HT, expressing approval of a new constitu-
tion, HT,NEG C HT; indicating a rejection of a new constitution, and HTIT\TEUTRAL C HT,
indicating interest or engagement but with a neutral stance (usually found in news media
tweets). We use these annotations as ground truth in the validation step to measure the
performance of the proposed approach.

Based on its affinities to hashtags in each class, we assign each user to one of the defined
stances on a topic (i.e., POS, NEG, NEUTRAL). To decide the stance of user u; on the topic
7, we normalize her affinities and then select the class with the highest average affinity (see
Equation (8)).

stance, (4;) = arg max

( 5’(”1:]) _j\/min(ui,HTr) )
ceC IHTilj

eHTS 5/max (u;, HT ;) - 5’min (u;, HT ;)

®)
C = {POS,NEG,NEUTRAL}

where Jmin (Jmax) represents the minimum (maximum) predicted affinity for user #; among
the t-related hashtags.

For evaluation purposes, we follow the convention for stance classification (i.e., POS,
NEG, NEUTRAL). However, our method could be used for any set of user-defined stances
determined by the selection and annotation of the related hashtags.

5 Experiments

In this section, we first describe our experimental setup and evaluation approach. We de-
scribe the selected baselines that represent state-of-the-art approaches to collaborative-
filtering-based stance detection and recommendation systems.

5.1 Experimental setup
Before training, at the first embedding layer, we use the Xavier uniform [60] to initialize the
embeddings of users. As for hashtags, the previously trained word embeddings are used
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for initialization. For comparison, we also tried hashtag representations with the Xavier
uniform initializer in our experiments. For the number of convolutional layers K in our
GCN, similar to previous works ([46, 47]), we use three layers to extract and aggregate
information from neighbor nodes. Early stopping is performed to prevent overfitting, i.e.,
the training will stop if nDCG@20 on the validation data does not increase for 50 consec-
utive epochs.

We conducted several experiments to evaluate the contribution of different components

to the t-silent users’ stance detection.

5.2 Baselines

We use two state-of-the-art methods as baselines to evaluate the performance of our pro-
posal. In addition, we also use a Null-model to test whether the observed User-HT re-
lations contain non-trivial information that helps in the identification of users’ stances.
Below, we summarize the included baselines:

¢ Null-Model [61]: We create a randomized User-HT interaction matrix. For each
user, we get the number (N) of interactions with hashtags and randomly sample N
interactions with replacement from a uniform distribution.

+ NGCF [45]: Neural Graph Collaborative Filtering (NGCF) is an approach that
integrates the collaborative filtering paradigm into the Graph Neural Network (GNN)
framework. It builds an interaction graph based on the user-item interaction data and
improves the collaborative signal by exploiting higher-order connections in the
interaction graph. By propagating embeddings on this interaction graph, NGCF
captures the collaborative filtering patterns and thus learns better user and item
embeddings for recommendation.

+ LightGCN [46]: This GCN-based method simplifies the standard design of GCN to
make it more concise and appropriate for collaborative filtering and recommendation
tasks. It jointly learns user and item embeddings through a user-item interaction
graph. Unlike our proposed WLGCM, LightGCN uses binary user-item interactions,
while ours uses weights.

« CSMF [16]: The proposed Coupled Sparse Matrix Factorization (CSMF) model is
designed to infer the opinions of t-silent users in online social networks. The model
uses three matrices: one for the users’ average sentiments on specific topics, another
one for the collective average stance of communities on those topics, and a third one
to describe individual user attributes. In our implementation of CSMF, community
structures and user attributes are extracted using Gpathsim and Gsoc. To optimize the
loss function, we adopted the Adam algorithm [59].

We evaluate the performance of different variations of WLGCN against these baselines
on the task of T-silent users’ stance detection for the target . We aim to analyze the impact
of various methodological choices on the model’s performance.

We propose two edge weight normalizations (see Sect. 4): one is the user-specific nor-
malization as introduced in [23], highlighting hashtags that are particularly important to
individual users. The second method, inspired by the TF-IDF principle, addresses the po-
tential for some hashtags to be used ubiquitously, thus reducing their global value.

Also, we test model extensions by complementing the main user-hashtag interaction
graph with various types of data, such as pre-trained hashtag embeddings, as well as ob-

served and inferred user-user relations.
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5.3 Evaluation protocol

Above, we introduced the WLGCN model and the datasets used in this study. Here, we
evaluate the model’s effectiveness in extracting useful information from the data. To this
end, we test two key aspects: (1) the model’s performance in predicting users’ affinities
toward each hashtag, thus reflecting their preferences within a topic, and (2) the model’s
accuracy in predicting each user’s overall stance on a topic in the absence of explicit knowl-
edge about users’ opinions for this particular topic.

These two aspects above translate into an investigation of the prediction performance of
our model at two levels: edge and user level. To test the second aspect (user-level predic-
tion), we consider a specific topic: the Chilean constitutional referendum processes (2020
and 2022). For this, we rely on tweets that include referendum-related hashtags.

Given the nature of online social media platforms, we do not have a ground truth for
actual t-silent users’ stances. For the user-level analysis, we first identify users who have
engaged with referendum-related hashtags and remove their interactions with the refer-
endum topic. In doing so, these users become referendum-silent for the model. However,
we hypothesize that real silent users might behave differently than active users (e.g., links
to other users or participation in other topics). We explore this potential effect by evalu-
ating the model’s performance with users at different activity levels. First, from the users
that had interactions (i.e., edges in G,) with referendum-related hashtags (HT,), we di-
vide them into three classes based on how many times they used these hashtags. That is,
we group them into most active, least active, and middle (average activity). For testing,
we select 10% of the users with a random sampling stratified over these three classes. All
referendum-related interactions for these users are removed to artificially make them -
silent. The removed edges are kept as ground truth. For the evaluation, we predict affini-
ties for the removed interactions and use Equation (8) to compute the stances of users
from both the ground truth and the predicted affinities. For the ground truth, the affinity
¥(i,j) = T;; where T;; is the number of times #; used the hashtag j. We then report the
accuracy of predicted users’ stances.

Since we are representing the stances in a continuous space but evaluating the accu-
racy with discrete values/classes (i.e., negative, neutral, positive), we also measure the root
mean square error (RMSE) [16]. RMSE helps us assess how close our predictions are to the
ground truth classes before the transformation in Equation (8). Smaller RMSE indicates a
better inference performance in the experiments.

For the edge level, we report the average performance of a 5-fold cross-validation analy-
sis. We use the remaining edges in G, (after removing the user-level-test set) and randomly
select 80% for training and 20% for validation.

To assess the edge-level performance, we use normalized discounted cumulative gain
(nDCG) and mean average precision (MAP) based on the top K recommendations with
the highest affinities (K = 20 in our experiments).

6 Experiment results

We compared WLGCN’s performance against the baselines and investigated the impact of
integrating other features, such as pre-trained hashtags embedding and user-user relation
graphs. The models are evaluated regarding nDCG@20 and MAP@20, as well as accuracy
and RMSE for the three users’ activity levels. Tables 1 and 2 summarize the results for the
Entry_DS and Exit_DS datasets. WLGCN and WLGCN (norm by user)| WLGCN (norm by
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Table 1 Edge- and User-level Performances in Entry_DS

Models Edge User
nDCG MAP Acc. RMSE Least Middle Most

Null Model 0.0176 0.0066 04628 0.7858 0.3672 0.4559 0.5474
CSMF 0.0457 0.0180 0.3929 0.7792 0.4061 04015 0.3717
NGCF 0.0539 0.0192 0.7192 0.5300 0.5862 0.7530 0.8184
LightGCN 0.0879 0.0377 0.7387 0.5079 0.5706 0.7389 0.9066
WLGCN (norm by user) 0.0728 0.0307 0.7445 0.4946 0.5955 0.7373 0.9006
WLGCN (norm by TF-IDF) 0.0668 0.0271 0.7399 0.4951 0.6004 0.7329 0.8864
WLGCN 0.0889* 0.0378* 0.7589 0.4891 0.6073 0.7593 0.9101*
WLGCN + (Egr 0.0896* 0.0381* 0.7678* 0.4803* 0.6367* 0.7730* 0.8938
WLGCN + (gPath&m) 0.0860*  0.0364*  0.7673*  04809*  06391*  0.7590*  0.9038
WLGCN + (E4T, Opathsim) 0.0921*  0.0393* 0.7915* 0.4540* 0.6772* 0.8010* 0.8963*
WLGCN + (Gsoc) 0.0857* 00357t  0.7704 04790 06479t 0.7569 0.9064
WLGCN + (Egt, Gsoc) 0.0865* 0.0356* 0.7741* 04738* 0.6314* 0.7761* 0.9147*
WLGCN + (Gpathsim, Gsoc) 0.0838*  00357*  07757*  04720%  06539* 07710 09022
WLGCN + (EyT, Gpathsim, 9soc)  0.0917* 0.0392* 0.7954* 0.4507* 0.6895* (.7988* 0.8977*

We marked WLGCN variants’ results that are statistically significant (t-test) compared to the baseline LightGCN: x
+p<0.1).

p <0.05),

Table 2 Edge- and User-level Performances in Exit_DS

Models Edge User
nDCG MAP Acc. RMSE Least Middle Most

Null Model 0.0358 0.0094 0.5596 0.6655 04583 0.5692 06514
CSMF 0.0557 0.0404 0.3955 0.7775 04211 0.3857 0.3806
NGCF 0.0728 0.0335 06312 06132 04833 0.5846 0.8257
LightGCN 0.0773 0.0388 0.6599 0.5766 0.5462 0.5956 0.8380
WLGCN (norm by user) 0.0754 0.0385 0.6543 0.5948 0.5083 0.5923 0.8624
WLGCN (norm by TF-IDF) 0.0776 0.0397 0.6494 0.5994 0.5333 05615 0.8532
WLGCN 0.0783 003957 066427 05860 05646  06015* 08267
WLGCN + (Eyt) 0.0885% 0.0449* 0.6702* 0.5743* 0.5622* 0.6150* 0.8332
WLGCN + (GpathSim) 0.0769% 0.0392* 0.6795* 0.5658* 0.5757* 0.6276* 0.8352
WLGCN + (ErT, Gpathsim) 00902*  00458*  0.7065*  0.5422*  05733"  06654*  0.8807*
WLGCN + (Gsoc) 0.0770% 0.0390* 0.6896* 0.5578* 0.5900%  0.6346* 0.8440
WLGCN + (Eyt, Gsoc) 0.0908* 0.0459* 0.7118* 0.5367* 0.5817* 0.6731* 0.8807*
WLGCN + (Gpathsim: Gsoc) 0.0749% 0.0384* 0.6922* 0.5496* 0.5567* 0.6577* 0.8624*
WLGCN + (E4T, Gpathsim) Gsoc)  0.0881%  0.0444*  0.7091*  05402% 05567  0.6808*  0.8899*

We marked WLGCN variants’ results that are statistically significant (t-test) compared to the baseline LightGCN: x(p < 0.05),
+(p<0.1).

TF-IDF) represent the vanilla version of our model using only the user-hashtag interaction
graph.

First, we look at the effect of our weight normalization approaches on the performance
of WLGCN. Intuitively, TE-IDF (i.e., the global strategy) seems better for the least active
users, while user normalization (i.e., the local strategy) gives better results for users with
middle and high activity. However, the integer weights strategy (i.e., count of interactions)
without normalization (WLGCN in Tables 1 and 2) shows a more consistent performance
across activity levels and datasets. Moreover, an improvement of WLGCN over Light GCN
and the other baselines shows that adding weight to the user-hashtag graph contributes
to predicting referendum-silent users’ stances. Particularly for more challenging scenarios
like in Exit_DS, where information for less active users is sparser, and the stances are closer

to the center of the discussion, WLGCN offers a significant gain. Since the integer weights
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strategy shows the best performance, we proceeded to evaluate the contributions of the
other features using this approach as our base.

Regarding users’ activity level, we saw a steep increase in performance as we moved
to higher levels. This marked difference in accuracy suggests that not only content pro-
duction but also user behavior differs significantly between various activity levels, mak-
ing more active users easier to classify. Simultaneously, these results highlight the abil-
ity of the graph-based models to extract relevant information from social affinities, other
user-user interactions, and activity on other topics, if present. Interestingly, the matrix
factorization-based model CSMF does not follow the same trend. Since CSMF puts more
focus on the communities than on the individual users, our results suggest this strategy
is unable to distinguish behaviors between users with different activity levels. Moreover,
CSMEF training requires considerably more resources (i.e., time and computational power)
than the graph-based alternatives. Overall, the results show that WLGCN variants signif-
icantly outperform the baselines in terms of accuracy and RMSE for both Entry_DS and
Exit_DS datasets.

Specifically, results show that incorporating pre-trained hashtag embeddings and user-
user relationship graphs into the WLGCN model can improve its performance. For the
Entry_DS dataset, combining WLGCN with Eyr and Gpawmsim achieved the highest per-
formance at the edge level. This reflects its superiority in ranking quality and accuracy of
recommended hashtags. At the user level, WLGCN alone provides very accurate stance
predictions for the most active accounts. Since these users are probably also relatively
active in other topics, there is enough information in the user-hashtag interactions to es-
timate users’ stances. Interestingly, Eyr improves performance for almost every metric.
Moreover, we confirmed that integrating social interactions (Gpathsim Or Gsoc) boosts per-
formance of the model for less active user groups. In particular, when we combine all
features, we see the most accurate predictions for the overall and least active user groups.
Overall, the tested additional features are particularly helpful in improving the predic-
tions for the less active users compared to the vanilla version, adding over an 8% increase
in performance.

As mentioned, the Exit_DS dataset is a more challenging case for most models. Al-
though we collected more content (over twice as many tweets) for this period, we have
significantly fewer hashtags. Figure 2b shows that in Exit_DS, fewer users posted tweets
containing the annotated referendum hashtags. This lack of user interaction could subse-
quently decrease the model’s predictive accuracy. In addition, discussions on topics par-
allel to the referendum appear to have been more diffuse (see Fig. 1b and 1¢, which makes
our interaction graphs sparser. Finally, the outcome of the second referendum showed that
people’s stances regarding the new constitution were more equally distributed and closer
to the center compared to the first one. This may indicate more undecided users in the
months before the vote.

Nevertheless, for the Exit_DS dataset, WLGCN with different input combinations also
outperformed the baselines. The consistent performance of WLGCN underscores its rele-
vance and effectiveness in hashtag affinity recommendation. The inclusion of Eyt consis-
tently improves the edge-level performance. In particular, the combination with Eyr and
Gsoc offers the best results at this level with the highest nDCG and MAP scores. Again, so-
cial characteristics play a relevant role. Each of the two social graphs alone helps to make
better predictions for the least active groups, but Gs,. offers the best accuracy for this
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Table 3 Performance including/excluding the Projection & Fusion (P&F) layers

nDCG MAP Acc. RMSE Least Middle Most
Dataset Entry_DS
WLGCN + (Gpathsim) W/0 P&F 0.0854 0.0355 0.7513 04984 0.6180 0.7333 0.9026
WLGCN + (GpathSim) 0.0860*  0.0364* 0.7673*  0.4809 0.6391*  0.7590*  0.9038
WLGCN + (Gsoc) W/0 P&F 0.0850 0.0353 0.7488 0.5009 06217 0.7294 0.8951
WLGCN + (Gsoc) 0.0857*  0.0357* 0.7704*  04790* 0.6479* 0.7569 0.9064*
WLGCN + (Gpathsim: Gsoc) W/0 P&F  0.0832 0.0343 0.7476 0.5022 0.6180 0.7333 0.8914
WLGCN + (Gpathsim: Fsoc) 0.0838 0.0357 0.7757* 04720 0.6539* 07710 0.9022
Dataset Exit_DS
WLGCN + (Gpathsim) W/0 P&F 0.0741 0.0378 0.6569 0.5924 0.5083 0.6000 0.8624
WLGCN + (GpathSim) 00769t  0.0392* 06795"  0.5658 0.5757% 062767  0.8352
WLGCN + (Gsoc) W/0 P&F 0.0772 0.0392 0.6605 0.5901 0.5083 0.5923 0.8807
WLGCN + (Gsoc) 0.0770% 00390 06896  0.5578*  0.5900% 063467  0.8440
WLGCN + (Gpathsim: Gsoc) W/0 P&F  0.0742 0.0380 0.6552 0.5860 0.5420 0.5914 0.8321
WLGCN + (Gpathsim: Gsoc) 0.0749%  0.0384* 069227 05496% 055677 06577 0.8624

Note: “w/o P&F” means the model doesn't include the P&F layers. We marked WLGCN variants’ results that are statistically
significant (t-test) compared to the same variant but without the P&F layers: x(p < 0.05), +(p < 0.1).

group. The robustness of the (Gsoc) input was evident, emphasizing its relevance in user
stance prediction.

The analytical results from both datasets illustrate the strengths of the WLGCN model,
especially when augmented with diverse inputs. At the edge level, the inclusion of Eyr
in combination with Gpathsim Or Gsoc offers significant advantages in hashtag recommen-
dation quality. When shifting to a user-level stance prediction, especially for users with
lower activity levels, the inclusion of relational data (e.g., Gsoc) appears to be a prevalent
influencing factor.

6.1 Projection & fusion of user embeddigs

Table 3 presents an analysis of the performance of the WLGCN model, comparing variants
that include and exclude the Projection & Fusion (P&F) layers across our two datasets. On
average, including the P&F layers in the WLGCN model leads to consistent improvements
across the board. Note that this layer aims to align the user embeddings from the various
graphs. As discussed before, the groups with lower activity levels benefit the most from in-
cluding these complementary social graphs. Correspondingly, the P&F mechanism tends
to show a stronger effect for lower activity levels. Thus, this layer helps us to improve the
performance of the WLGCN model further, underscoring its importance in the overall
architecture.

7 Analysis and discussion

So far, we evaluated our models’ performance on various metrics to establish its compet-
itiveness. In this section, we use the model’s predictions alongside the learned embed-
dings of users and hashtags to confirm some of our key assumptions. First, we verify that
learned hashtag embeddings can accurately capture the polarization inherent in topics
such as referendums. We also investigate the impact of hashtag manual annotation efforts
on the accuracy of model predictions. Furthermore, we verify that the model’s predicted
user-hashtag affinities are reliable for differentiating between referendum opponents and

supporters, providing insights from different perspectives. Our analysis aims to reveal the
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(2) (b)

Figure 4 Latent Space Distribution of Referendum-Related Hashtags in Exit_DS. Hashtag stances are
indicated by color: Green for Positive, Red for Negative, and Blue for Neutral. Figure 4a: Initial Pre-trained
Hashtag Embeddings in Exit_DS. Figure 4b: Hashtag Embeddings Post-WLGCN Training in Exit_DS

model’s potential to segment users’ stances based on their interactions with referendum-
related content. Finally, we explore the differences between referendum-silent users and
their active counterparts engaged in the discourse. This exploration aims to identify pat-
terns in tone, related interests, and stance distribution that delineate these user groups.
For each dataset, we use the WLGCN variation with the best overall performance at the
user level (which also coincides with the best performance for the least active users).

7.1 Hashtag-based stance representation
One key assumption in our study is that the hashtags used within a polarized topic like a
referendum can be characteristic of different popular viewpoints. In our case, this premise
is supported by a t-SNE projection [62] of the, otherwise 100-dimensional, learned repre-
sentations of the referendum-related hashtags (see Fig. 4). For comparison, we analyzed
the hashtags’ pre-trained representations (Fig. 4a) and the fine-tuned embeddings learned
by the WLGCN (Fig. 4b). We observed that the hashtag groups (POS, NEG, and NEU-
TRAL) were distinctly separated. Notably, the fine-tuned representation (and, thus, the
one used for stance prediction) shows better grouping with clearer boundaries between
classes. To further support the improvement after WLGCN training, we measured inter-
and intra-group similarities for the hashtag classes regarding cosine similarities and dis-
tances before and after WLGCN training. Increased cosine similarities within each group
(between 8% and 18%) indicate tighter clusters. Similarly, increased cosine distances be-
tween groups (between 36% and 40%) suggest a better separation among stances.

These observations substantiate our initial assumption that hashtags can serve as reli-
able indicators of users’ stances since our unsupervised approach can correctly capture
and differentiate their semantic meaning.

7.2 Annotation effort analysis
Another advantage of our approach compared to previous works (e.g., [16]) is the mini-
mal annotation required. As presented before, only a set of hashtags related to the topic of
interest must be identified. Still, the model can profit from other discussions and interac-
tions potentially outside this topic. We experiment with user-level stance prediction and
a growing number of annotated hashtags to further investigate the impact of an increased
expert effort. The results are shown in Fig. 5.

For the results presented above, we used all annotated referendum-related hashtags to
evaluate the model’s performance (i.e., estimated affinity from each user to all hashtags).
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Figure 5 Impact of hashtag annotations on the user-level prediction accuracy. Figure 5a: Prediction Accuracy
Using Entry_DS. Figure 5b: Prediction Accuracy Using Exit_DS

However, we also examined the accuracy variability in the proposed model at the user
level when different numbers of hashtags are annotated. In Fig. 5, the x-axes represent
a prediction of the users’ stances when including only x annotated referendum-related
hashtags for each stance class (1 < x < min(|POS|, INEG])). Note that we have (|POS| = 14,
INEG]| = 21, INEU| = 5) in Entry_DS and (|POS| = 25, INEG| = 25, INEU| = 6) in Exit_DS.
So, we don't consider the neutral ones because only a few were found.

In each case, we select the top-x most used hashtags in each class. These should repre-
sent the easiest ones to identify by the experts and thus require the least effort.

Both figures show similar behavior. As expected, a higher number of annotations leads
to higher accuracy. However, the increase in accuracy slows down after five hashtags and
tends to become asymptotic as the number of annotations increases, especially in Exit_DS.
This tendency strengthens the practical implications in the applicability of our model as it
could further simplify our approach. For example, we might only know some related hash-
tags for a new topic, or they could evolve in time. An expert could only need to annotate a
small sample of the most used hashtags related to that topic. As a result, the performance
should remain stable without heavy annotation work.

7.3 Stance distribution

The main goal of our method is the prediction of 7-silent users’ stances. However, since
our model is able to represent users’ stances in a continuous space of discussion, we can
also evaluate how these t-silent accounts’ distribution compares to that of the actives
users. This should shed some light into how representative a purely content-based analysis
would be of the extended online community.

For the stance classification, we first applied user-wise min-max normalization to affini-
ties of the referendum-related hashtags, as shown in Equation (8). We also calculate the
average normalized affinity of each user to every stance class (i.e., POS, NEG, NEUTRAL).
This allows us to represent users in a continuous space representing the referendum dis-
cussion on Twitter. In Fig. 6, we show the plane defined by the POS and NEG stances,
where each dot represents a user. In Figs. 6a and 6b, we present the learned stances for
the 10% of the users kept for testing from the Entry DS and Exit_DS, respectively. The
colors of the nodes in these figures represent the ground truth annotations. The proposed
approach offers an effective classifier for users’ stances. Furthermore, users on (or close
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Figure 6 Users' referendum stance distributions. The affinities are normalized using Equation (8) for POS and
NEG hashtags. Figure 6a: Entry_DS test users’ referendum stance distribution. Figure 6b: Exit_DS test users’
referendum stance distribution. Figure 6¢: Entry_DS users' referendum stance distribution. Figure 6d: Exit_DS
users' referendum stance distribution

to) the 1:1 diagonal may be considered undecided about the target, while those further
from the diagonal line represent more extreme stances. Moreover, accounts closer to the
origin may represent users with lower political engagement, while users in the diagonal
but moving away from the origin may be undecided voters but more politically active.
Figure 6 shows that users are distributed on a range of stances rather than in a bipolar
grouping. Generally, most users appear to be situated along a diagonal axis that seems to
characterize polarized discussions.® In contrast to the more linear active discussion from
the Exit_DS (see Fig. 6d), the Entry_DS shows an elongated disc shape (see Fig. 6¢) that
may represent some multifaceted debates in public forums (e.g., for the first plebiscite the
people should vote not only for a new constitution but also on what kind of legislative

body would write it).

8Note that, in our case, this effect is emphasized by our enforcement of a three-class stance analysis during the affinity
normalization.
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Interestingly, these more complex opinion patterns are more prominent for referendum-
silent users. As mentioned, although we work with the three standard stance classes, our
approach should generalize to hashtags annotated with more complex topics/stances, en-
abling a deeper understanding of users’ preferences. For example, a third pole of stances
can be represented in the same way by adding another dimension (i.e., 3-D plot). We leave
a more in-depth analysis of multipolar cases to future work.

Finally, from Figs. 6¢ and 6d, we observe the distribution differences between active and
referendum-silent users. Although active users cover most of the discussion range, the
central tendencies and variability can differ from lurkers, reinforcing our initial motivation

of potential biases introduced by relying solely on active users.

7.4 Characteristic tone and other interests

We are also interested in how our WLGCN can help further characterize online commu-
nities and users aligned with a particular stance. For this, we analyze the sentiment associ-
ated with various groups of users to illustrate other differences in how users engage online.
To perform sentiment analysis on our Spanish tweet collection, we used an off-the-shelf
Spanish model from Hugging Face,” which is explicitly trained on Spanish tweets [63].
To emphasize the contrasts in the tone from various groups (i.e., opponents and support-
ers in various activity levels), we calculate the relative sentiment for each referendum-
related tweet by subtracting the average sentiment of all referendum tweets [64]. Then,
we associate an average relative tone to each hashtag based on the corresponding tweets’
relative sentiment. Finally, to account for referendum-silent users’ positions, we find the
characteristic tone as the average relative sentiment of the hashtags supporting each stance
weighted by their average affinities among users in a group. Figure 7 shows a general trend
for both supporters and opponents that associates a relatively more positive (or less neg-
ative) tone with positive hashtags. Note that we keep more contextual information (e.g.,
emojis and stopwords) for the affective analysis, and the language proper to each stance is
already emotionally-charged (i.e., rejection vs. acceptance). This emphasizes the unrelia-
bility of sentiment analysis for determining stances. However, we see that Opponents tend
to have less positive tone for the positive hashtags and less negative for the negative hash-
tags. As expected, the sentiment polarity aligns with the users’ stance for neutral hashtags

representing the more general discussion.

Supporter - Entry_DS Opponent - Entry_DS Supporter - Exit_DS Opponent - Exit_DS
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03 03 03 03
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Figure 7 Sentiment Analysis of Referendum Supporters and Opponents Across Activity Levels. This set of
heatmaps presents a sentiment analysis of supporters and opponents towards referendum-related hashtags
categorized by POS (Positive), NEG (Negative), and NEUTRAL stances. Each heatmap is divided into three
activity levels—Least, Middle, and Most Active—illustrated across three rows for hashtag stances and three
columns for user activity levels, providing a comprehensive view of sentiment distribution

“https://huggingface.co/pysentimiento/robertuito- sentiment-analysis.
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Also, we see a relatively stable tone when comparing users with different activity levels.
An interesting observation is the shift in the opponents’ tone between plebiscites when
using NEG hashtags. This suggests a change in the discourse from a more engaging dis-
cussion in the first stage to a more hostile narrative for the second plebiscite.

Another way to characterize different groups is by analyzing what other hashtags
(outside the referendum) have the highest average affinity. We computed the top 50
hashtags with the highest average predicted affinity for four groups: Silent-Opponents,
Active-Opponents, Silent-Supporters, and Active-Supporters. For example, for the En-
try_DS, supporters of the referendum are also in favor of the social movement that
preceded it (#chiledesperto), in favor of other social reforms (e.g., to the pension sys-
tem (#nomasafp) and gender equality (#8m2020)), and against the conservative govern-
ment of president Pifera (#renunciapifiera). In particular, Active-Supporters are more
interested in other political and social issues, while Silent-Supporters tend to have
higher affinities to everyday concerns such as the pandemic, salaries, and sports. On
the other hand, opponents are against the social movement and in favor of the police,
which usually clashed with the protesters (#yoapoyocarabineros), and seem more con-
servative (#fueracomunistasdechile). Also, Silent-Opponents are less focused on pol-
itics and more interested in TV, news, and sports than Active-Opponents. For the
Exit_DS, referendum’s opponents become part of the opposition to the new liberal gov-
ernment (#renunciaboric). Notably, the highest affinity hashtags reflect the shift in the
discourse for the opponents compared to 2020. We see an increase in their affinity to
derogatory hashtags that is especially prominent for Active-Opponents (e.g., #merlu-
zoinepto).

These elements give insights into the composition of the groups. They help us identify
differences but also their commonalities. For example, supporters and opponents of the
referendum favored lockdown measures during the COVID-19 pandemic (#quedateen-
casa). This information can be beneficial for reaching all sides.

8 Conclusions

Our analysis reveals that the WLGCN model, in combination with our normalized
affinity-driven classification, improved performance over baseline models in predicting
7-silent user stances. This shows the potential of using social media activity beyond the
topic of interest to address this task. Furthermore, this approach allows us to make a mul-
tidimensional depiction of different user groups and understand their other preferences,
characteristic tones, and coverage of the discussion space.

An interesting observation is the majority stance difference between our two datasets.
While for Entry DS the majority of the users are predicted as in favor of the referendum,
Exit_DS shows a distribution centered much closer to the center of the discussion space.
These results closely reflect the actual output of the referendum process. Given that both
datasets are focused on the same topic and cover periods only two years apart, they high-
light the dynamic nature of public opinion on social and political issues and, thus, the
importance of a readily applicable, large-scale, and accurate representation of stances in
public discussions online.

Since hashtags are a standard feature across multiple social media platforms, our ap-
proach should also be extensible to other sources. Multi-source and longitudinal dynamics
of public opinions are interesting lines of research for future work.
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Note, however, that hashtag hijacking poses a challenging problem for a hashtag-based
approach to stance detection. Although it does not seem to have affected our case study
(see Fig. 2a), this limitation has to be considered case-by-case, as our model may only
capture some of its nuances.

Another imperative aspect to consider while interpreting social media-based results is
the coverage error associated with online platforms [65], as users of various platforms
may have distinct preferences and behaviors that could bias our findings [66]. For exam-
ple, some demographic groups may be underrepresented, including age, socioeconomic
status, or geographic location [67]. By extending the analysis to 7-silent users through col-
laborative filtering, the model tries to reach a larger user base. However, this might not be
enough if the entire platform’s demographics are biased. For example, in the U.S., Twit-
ter tends to have a larger ratio of younger adults and a more liberal leaning compared to
the general public [68]. Considering these demographic dimensions could add valuable
insights into the characterization of the communities. Nevertheless, privacy and ethical
considerations should not be overlooked. Demographic information is usually considered
among the most sensitive personal data. Following the principle of data minimization, we
limited ourselves to the collection of personal information that was directly relevant and
necessary to accomplish the specified purpose of this study. Since our model does not re-
quire features such as gender or age for the stance inference, we prefer not to include them
in our analysis. In specific cases, analysts and practitioners should consider using multiple
sources and longitudinal analyses to mitigate the impact of coverage error and account for
potential stance shifts, thereby gaining a more representative and comprehensive under-
standing of the case study.

Similarly, we recognize that user behavior on social media can vary based on regional
and cultural contexts. Therefore, although previous works have proven that lurkers consti-
tute a significant share of online communities [4, 69], general statistics of user behavior on
Twitter may not directly correspond to the specific dynamics of Twitter use in a particular
region. In our analysis, we also had to make practical choices when filtering and processing
the data (e.g., the number of news outlet friends or the average number of daily tweets).
These thresholds aim to strike a balance between the inclusivity of average users and com-
putational efficiency by reducing the spatial complexity of our methods. Further research
with region-specific data would help draw more accurate conclusions about the Chilean
(or any targeted region’s) Twitter landscape.

In general, our findings underscore the potential of the proposed methods in various
scenarios related to stance detection and social media analysis while also highlighting
the importance of addressing the social media coverage error and considering dynamic

changes in public opinion to ensure more generalizable conclusions.

Appendix A: Distribution of the number of Chilean news outlets followed by
Twitter users

Figure 8 shows the distribution of the number of Chilean news outlets followed by users

in our dataset. This distribution is heavily skewed, with almost 60% of users following

ten or fewer newspapers (mean: 11.05, std: 7.99). The median in our dataset is nine news

outlets.
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Appendix B: Annotated referendum-related hashtags

Table 4 Annotated referendum-related hashtags

Stance

Entry_DS

POS

NEG

NEUTRAL

Stance

apruebo, apruebo26abiril, apruebocc, apruebochiledigno, aprueboconvencionconstitucional,
aprueboganaenoctubre, apruebonuevaconstitucion, apruebosinmiedo,
nuevaconstitucionparachile, yoapruebo, yoapruebocc, yoapruebolanuevaconstitucion,
yoapruebonuevaconstitucion, yovotoapruebo

lacallerechaza, noalanuevaconstitucion, porchileyorechazo, rechazo, rechazocrece,
rechazoganaenoctubre, rechazoganasivotamos, rechazoganasivotamostodos,
rechazonuevaconstitucion, rechazoporchile, rechazosalvaachile, rechazosalvachile,
rechazosinmiedo, rechazotutongo, rechazoynulo, retrazo, votarechazo, votorechazo, yorechazo,
yorechazonuevaconstitucion, yovotorechazo

convencionconstitucional, convencionconstituyente, nuevaconstitucion, plebiscito2020,
plebiscitochile

Exit_DS

POS

NEG

NEUTRAL

aprobamosfelices, aprobareshumano, apruebaserahermoso, apruebaxchile, apruebazo, apruebo,
apruebo4deseptiembre, aprueboconesperanza, apruebocrece, apruebodesalida,
aprueboelddeseptiembre, apruebofeliz, apruebonuevaconstitucion,
aprueboparaquenuncamasenchile, aprueboplebicitodesalida, apruebosincondiciones,
apruebosinmentiras, apruebosinmiedo, apruebounchilemejor, aprueboxamor, chilevotaapruebo,
laconvencionsedefiende, mivotonocambia, yoapruebo, yoapruebofeliz

circoconstituyente, convencionculia, rechazo, rechazoconesperanza, rechazoconfuerza,
rechazocontodos, rechazocrece, rechazodesalida, rechazodesalida2022,
rechazoel4deseptiembre, rechazoelmamarracho, rechazoelmamarrachocomunista,
rechazoelplurimamarracho, rechazoganael4deseptiembre, rechazoladestrucciondechile,
rechazopopular, rechazoporamorachile, rechazoporchile, rechazosalvaachile, rechazosalvachile,
rechazotransversal, rechazoxamorachile, rechazoxchile, rechazoypunto, yorechazo

100indecisos, convencionconstitucional, convencionconstituyente, nuevaconstitucion,
plebiscitodesalida, radiografiaconstitucional

Abbreviations

SM, Social Media; RS, recommendation system; MF, matrix factorization; GCN, graph convolutional networks; CSMF,
coupled sparse matrix factorization; NGCF, Neural Graph Collaborative Filtering; LightGCN, Light Graph Convolution

Network; WLGCN,
nDCG, normalized

Weighted Light Graph Convolution Network; TF-IDF, term frequency-inverse document frequency;
discounted cumulative gain; MAP, mean of the average precision.
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