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Abstract

Viewpoint detection is a crucial step for characterizing online narratives and under-
standing their diffusion and evolution across online social spaces. Existing meth-
ods for semantic understanding of online posts have shown strong progress towards
grouping documents with similar topics but struggle to differentiate between differ-
ent viewpoints towards those topics. The purpose of this work is to infuse seman-
tic embedding spaces with improved viewpoint information under the constraint

of low data availability. To address this task, we develop a novel weakly super-
vised contrastive learning approach that leverages social proximity of users as a
self-supervised signal of shared viewpoint likelihood. We demonstrate the utility

of this method on a use case of X (formerly Twitter) discussion related to COVID-
19. We show that fine-tuned embeddings which were trained to predict social
proximity signals present in retweet networks demonstrate the capability to infuse
learned embeddings with viewpoint information. Finally, we demonstrate that these
viewpoint-infused embeddings show improved effectiveness at identifying clusters
of tweets with shared viewpoints and topics when used in a topic modeling pipeline.
Such viewpoint-infused embeddings have strong potential to support multiple
semantic reasoning tasks including topic modeling, stance detection, and narrative
detection.

Author summary

Information that spreads on social media can impact public opinion and real-world
outcomes such as health behaviors. To understand these effects, researchers
need tools to analyze large volumes of text and detect coherent narratives from
disparate sets of posts. One prominent method for understanding such patterns is
to represent posts in a mathematical embedding space, where posts with similar
meanings appear close together. While existing methods succeed at grouping
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social media text by topic, they often fail to distinguish posts that have opposing
viewpoints on the same topic. In this paper, we develop an approach to improve
embedding spaces for social media text data by using information from the social
interactions of users on the social media platform. By leveraging the fact that users
who interact with each other are more likely to agree, this information helps dis-
tinguish conflicting views. Using a case study of social media discussion related

to COVID-19 vaccination, we demonstrate that our novel approach leads to an
improved ability to separate opposing viewpoints, providing a strong basis for
narrative discovery within large social media datasets.

Introduction

The growing prevalence and ubiquity of social media usage has gone hand in hand
with rising concerns about the spread of misinformation on these social platforms.
The challenges of misinformation can be particularly profound in areas such as
public health, where online information can drive real-world behaviors. The ability
to observe and characterize the narratives that are spreading on social media can
increase the awareness needed to mitigate and prepare for the potential adverse
consequences of misinformation spread.

Viewpoint detection is a crucial step for characterizing these online narratives
and understanding their diffusion and evolution in the online space. The detection of
shared narrative viewpoint in social media text has many inherent challenges. Such
posts are typically short, noisy, and written using unique styles and lexicons [5]. Fur-
ther, online posts usually provide little context or only a small portion of the viewpoint
they promote.

Existing methods have shown remarkable progress in identifying collections of
documents sharing similar topics via learned semantic embeddings [2,9]. However,
such approaches often struggle to differentiate between different points of view
related to the same topic, which is necessary for analytical studies aimed at under-
standing public opinion, especially on controversial issues with prevalent misinfor-
mation such as the COVID-19 pandemic. Another challenge is related to the lack
of availability of labeled data for training, which can be attributed to the high costs of
the data annotation process and the large scale of social media data.

The purpose of our work is to address these challenges and develop an embed-
ding approach which can encode both viewpoint and topic information based on
only the text of a social media post. To that end, we develop weakly supervised
contrastive methods that leverage self-supervised signals present in social media
data to learn a latent space representation of tweet content that is organized by
shared narrative viewpoint. The use of self-supervised signals also has the benefit of
avoiding reliance on manually annotated data, which would not allow easy general-
ization to new topic areas or emerging events within the domain of interest. Motivated
by the observed homophily of online social networks [20], we leverage social proxim-
ity as the weak proxy signal for our contrastive methods and train the model to infer
the social network proximity of the authors of a given pair of tweets based only on
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the text of those tweets. Our hypothesis is that a model trained on this proxy task will learn to group together texts with
similar points of view. In contrast to methods which are designed for specific tasks such as stance detection or narrative
discovery, we aim to develop a novel general purpose embedding method which can infuse user viewpoint information
into embeddings of social media text. By ensuring that they encode both topic and viewpoint information, these improved
embeddings can then support improved performance on many downstream social media analytics tasks. To the best of
our knowledge, our work is the first to use social network information as a weak signal to improve embeddings generated
from text alone.

In this paper, we demonstrate our methodology on X discussions related to COVID-19. Through multiple experiments,
we show that fine-tuned embeddings leveraging social proximity signals present in retweet networks demonstrate the
capability to infuse learned embeddings with viewpoint information. We find that domain-specific embeddings are crucial
for improving the encoding of viewpoint information compared to out-of-domain pre-trained embeddings. We show that,
while viewpoint encoding tends to improve when trained with this approach, it comes with a trade-off in the topic encod-
ing performance. To address this, we propose an approach that incorporates topic-aware representations, which main-
tain the original topic information and augment the existing representations with learnable viewpoint-encoding dimensions.
Our results demonstrate that improvement on the narrative viewpoint task correlates with performance on the proxy task
of weak social signals. This observation highlights the usefulness of weakly supervised approaches for this task and calls
for future research into the incorporation of additional signals that can further improve the embeddings. Lastly, we apply
a topic modeling technique using our fine-tuned embeddings to demonstrate their effectiveness in clustering tweets with
shared viewpoints compared to baseline pre-trained embeddings. The code to replicate our methods can be found here:
https://github.com/pnnl/NARREMB.

This work extends the analysis performed in Ng et al. [39]. We build on our prior efforts in several ways. First, we pro-
vide more comprehensive data and methodology descriptions, perform more extensive experiments to quantify perfor-
mance across different hyperparameters, and provide quantitative and qualitative performance evaluation at the individ-
ual topic level in addition to the aggregate level. Finally, we demonstrate the application of the approach for cluster-based
topic modeling analysis, showing that the improvement in viewpoint encoding can support improved detection of cohesive
single-viewpoint, single-topic clusters. This key analysis step demonstrates the utility of our improved text embeddings for
downstream tasks such as narrative discovery or stance detection.

Related work

The target task of narrative viewpoint detection is related but not identical to several other tasks designed to group and
categorize text such as topic detection or stance detection. Viewpoint refers to the understanding of subjective perspec-
tives or interpretations of a topic, reflecting how users perceive the topic. We employ the term viewpoint to convey a more
general concept than specific tasks such as topic, stance, or sentiment detection. Topic detection involves the detection
of groups of documents related to the same subject area. Methods for topic detection typically do not differentiate
between different points of view related to the same topic. For example, discussion in support of mask wearing and dis-
cussion opposed to mask wearing will likely be grouped into the same topic unless the vocabulary used by the two groups
becomes highly disjoint. Meanwhile, the task of stance detection typically focuses on the detection of different opinion cat-
egories toward a given specific entity or viewpoint. Our task differs from stance detection, as our objective is not to cate-
gorize tweets into predefined stance labels. Instead, we aim to implicitly encode viewpoint information into learned tweet
embeddings such that tweets which share both a topic and a viewpoint are clustered together. Embeddings with improved
encoding of viewpoint can be used for many downstream tasks compared to those that encode only topics. Here we high-
light prior work in related areas and modeling techniques.
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Related tasks

Topic modeling has been widely applied as an unsupervised method to discover the underlying organization of a
corpus into topical groups [2,6]. For example, Gao et al. leverage topic modeling on social media and news data for event
summarization [16], while Nerghes and Lee compare topics discovered from news and from social media to perform nar-
rative comparison analysis [38]. Such topical groupings are typically not sensitive to the fine-grained viewpoints of the
author toward the subject.

Stance detection focuses on the extraction of an author’s stance towards a given target from a fixed set of options
(e.g. Favor or Against) [27]. For example, Dey et al. leverage a two-stage LSTM-based model to first classify the overall
subjectivity of tweets, followed by a stance detection step [12]. While these methods typically require pre-defined target
and stance categories, recent work has tackled the unsupervised stance detection task. Darwish et al. leverage unsuper-
vised clustering of user embeddings to identify core users to represent each stance [11].

Narrative detection approaches seek to represent online messages in a narrative framework. Jachim et al. develop
a method called TrollHunter which leverages correspondence analysis to identify nouns and verbs which are commonly
used together in a corpus of tweets [21]. Kwak et al. develop FrameAxis which detects semantic dimensions in the word
embedding space of the documents which correspond to different framings of a given issue [28]. Tangherlini et al. con-
struct a graph-based representation of the actants and their interactions as described in a set of documents and performs
community detection on this graph to extract sub-graphs corresponding to narrative frameworks [47].

Modeling methods

Weak supervision is a model training framework which leverages large datasets of automatically generated
noisy labels in lieu of high quality annotations which are time and effort intensive to generate [42]. Weakly supervised
approaches have been previously applied within NLP problems ranging from text and document classification [33,34] to
information extraction such as named entity recognition [29,30]. In this work, we leverage the social proximity of users
observed through interaction networks as our weak signal to infer the similarity of tweets and their viewpoints towards a
particular topic. Other recent work has leveraged a combination of textual signals and social network information to infer
user stance or viewpoint information [23,46,52,53]. However, while these methods require both tweet content and social
interaction information to infer the stance of a new tweet, our weak supervision approach is able to infer tweet viewpoint
using tweet content alone.

Contrastive representation learning is often applied to different views of the same data instance. For example, in
computer vision, the goal of the contrastive learning framework is to map similar images (e.g., original and augmented)
close together while pushing dissimilar ones further away in the embedding space. The adoption of this framework has led
to state-of-the-art performance on unsupervised image classification tasks [8,25]. The same idea has also been applied to
natural language text, especially in tasks involving text retrieval [48], text generation [1], and sentence embedding repre-
sentations [15], often resulting in significant performance improvements over multiple baselines. Recent work has lever-
aged a contrastive training approach for stance detection by incorporating counterfactual data augmentation of matched
and unmatched stances [26].

COVID-19 narrative analysis

Many studies have applied topic modeling to understand the topics on online discussion related to COVID-19 [4,7,13,22,
31,49,51]. Jing and Ahn leverage FrameAxis to characterize differences in the framing of COVID-19 narratives between
different political parties [24]. Shahsavari et al. leverage the narrative framework discovery pipeline developed in Tangher-
lini et al. [47] to study COVID discussion [45]. In several works Ng et al. leverage sentiment analysis combined with

topic modeling to identify prominent topics and themes associated with negative sentiment towards both influenza and
COVID-19 vaccination [40,41]. These prior frameworks often leverage contextual embeddings to group texts with
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similar semantics, creating candidate clusters for narrative extraction. Our proposed approach aims to enhance the
embeddings of tweets by incorporating viewpoint information. The resulting embeddings can help identify more meaning-
ful and fine-grained tweet clusters, and thus improve the characterization of narratives.

Data

We leverage Avax [37], a dataset on COVID-19 X (formerly Twitter) discussions, especially about vaccine adoption and
hesitancy. It is publicly available (https://github.com/gmuric/Avax-tweets-dataset) and contains 1.2M records posted

by 568K users from Oct. 18th, 2020 to April 21st, 2021 that were collected using a set of anti-vaccine keywords. Due

to the focus of the dataset used in this case study, we expect to discover narrative patterns related to anti-vaccine ori-
ented narratives rather than COVID-related narratives more broadly. Additionally, due to the timing of the data collec-
tion, the observed narratives will be impacted by the events which occurred during this time frame, including vaccine
trial results and rollout, new variant emergence, and changing COVID-related policies and regulations. The use of online
user-generated content for research purposes carries risks related to user privacy. All information used in this study was
publicly available at the time of collection. The Avax data was collected and used in accordance with its license and data
usage agreement. We do not release or reveal any social media text content or user information as part of this work.

Tweets processing and topic annotation

We preprocessed the tweets as follows: (1) we removed duplicate entries, such as multiple collections of the same tweet
ID, (2) we ignored retweets and only considered actions with textual content written by the user (i.e., tweets, replies,

and quotes); for simplicity, we refer to all these actions as tweets, (3) we removed mentions, URLs, and special charac-
ters from the tweets to focus on the natural language content, we keep only tweets that are assigned a topic by Top2Vec
[2], due to its use in our data sampling pipeline, (5) we kept only tweets in English, and (6) we performed a fuzzy text
deduplication technique to remove repeated tweets with almost the exact same content by stripping the text of all non-
alphanumeric characters and dropping duplicates. We also removed tweets containing less than 20 characters as they
constitute less than 1% of the total tweets in the dataset and often lack textual signals necessary for identifying view-
points. For example, many of these tweets contained minimal natural language text, often including only a few words,
emojis, or punctuation marks, which is not useful for our analysis. After preprocessing the tweets, we end up with 362,146
unique tweets from 191,823 users. The preprocessing steps, along with corresponding data amounts, are illustrated in
Fig 1.

We employ Top2Vec [2] to assign a topic to each tweet in the dataset using pre-trained embeddings from the universal-
sentence-encoder model. For clustering parameters, we use min_cluster_size = 300 and cluster_selection_method ="
leaf". This results in 67 topics with sizes ranging from 861 to 26,585 tweets. We further explore these broad Top2Vec
topics and identify ten higher-level categories: Conspiracy, Policy, Science, General Anti-Vaccination, Personal, Politics,
Rights, General, Memes, and Negative Vaccine Effects.

Since the Avax dataset does not include ground truth for viewpoint detection, we manually annotate binary user view-
points for a selected subset of topics to create a reference dataset for model evaluation. The resulting set of manually
annotated tweets facilitates the evaluation of various embedding approaches, specifically in their ability to capture both
the semantic content and viewpoint of tweets. We focus on topics that are likely associated with controversial issues,
identified through manual inspection of Top2Vec-generated keywords.

We found six controversial topics that were prevalent in our collection of tweets: Face masks, Re-opening schools, Vac-
cine passports, Depopulation agenda, Miscarriage agenda, and Vaccines. The prevalence of these topics was influenced
both by the keywords used for collection of the Avax data and by the time period of the data collection when these were
salient discussion areas. For each of these six topics, one of the authors randomly selected a tweet and was instructed to
annotate it with a binary viewpoint towards that topic (either support/oppose or believe/refute). If the tweet did not express
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Fig 1. Diagram illustrating the data processing approach to extract corresponding user and tweet pairs for training the contrastive model. The
number of tweets (speech bubble icons) and users (network icons) remaining after each processing step are specified.

https://doi.org/10.1371/journal.pcsy.0000089.9001

a clear viewpoint, it was not annotated. The annotation process concluded once we had approximately 30 tweets per
viewpoint for each of the six topics. Another author of the paper reviewed the annotations to ensure that each tweet was
properly labeled.

Table 1 presents the selected topics, their corresponding viewpoints, and the relevant statistics from the annotated set.
We use these 365 annotated tweets as a test set to validate how well the trained models encode shared user viewpoints.

Constructing social networks from Avax tweets

We retrieve tweet information using the twarc Python library to rehydrate the tweet IDs. Each record in the dataset
includes the following fields: the unique identifier of the retweet, the user identifier of the retweet’s author, the timestamp
of the retweet, and the original tweet ID along with its author’s ID. The X (Twitter) APl does not provide complete data on
retweet cascades, making it challenging to reconstruct full retweet chains, including intermediate connections between
retweets. In this work, we assume that each retweet directly references the original tweet.

Table 1. Identified set of controversial topics and viewpoints for evaluation. The number of tweets for each topic is in parentheses. VP = Viewpoint,
S = Support, O = Oppose, B = Believe, R = Refute.

Topic Category Discussion Description VP 1 VP 2

Face masks Policy The use of face masks S (36) O (30)
Re-open schools Policy Reopen schools for in-person learning S (27) O (30)
Vaccine passports Policy Adoption of vaccine passports S (31) 0O (27)
Depopulation agenda Conspiracy Vaccines as part of a depopulation plan B (29) R (33)
Miscarriage agenda Conspiracy Miscarriages following vaccinations B (30) R (30)
Vaccines General General opinions of the vaccines S (33) 0O (29)

https://doi.org/10.1371/journal.pcsy.0000089.t001
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We construct the social network by leveraging user retweet interactions. We focus on the retweet network because
these interactions are most likely to indicate endorsement of a shared viewpoint between users, as opposed to other
actions such as replies or mentions, where disagreement may be expressed [14,35,44]. We expect that users who exhibit
close proximity in the network would likely share similar viewpoints, while users who are distant in the retweet network
are more likely to hold differing views. By leveraging social network information as weak signals, we can improve the rep-
resentation of tweets, as the implicit connections between users can offer valuable insights into user perspectives and
viewpoints.

To effectively capture the diverse nature of social connections and understand the impact of noise and outliers, we
construct three distinct retweet networks. Each network is designed to measure the strength of social connections in dif-
ferent ways, allowing for a more nuanced analysis of user interactions and their influence on viewpoint detection. We
represent the retweet network as a directed graph, G = (V, E), where nodes v € V represent user accounts, and an edge
e € E refers to the number of times a social media user retweeted another user. The different types of retweet networks
constructed are as follows: (1) Original network, which includes all retweet interactions without filtering; (2) Active network,
which includes users who have made at least two retweets over the entire observation period; and (3) Strong network,
which includes only edges with an edge weight of at least 2 (i.e., each user must have retweeted another user at least
twice). The Active network is a subset of the Original network, and the Strong network is a subset of the Active network.
This network creation workflow is illustrated in Fig 1.

Table 2 shows the summary statistics for the giant connected component of each network. Our analysis focuses on the
interactions within the giant connected component in each retweet network, as these comprise the majority of users (94%,
98.6%, and 81.3% in the original, active, and strong networks, respectively). We chose to disregard disconnected compo-
nents because of their limited occurrence and the possibility that they could introduce noisy examples not directly relevant
to discussions about COVID-19. We observed that all networks exhibit a high level of modularity, which indicates a strong
division of the network into communities. Additionally, the filtered versions of the networks are significantly smaller, specif-
ically by 69% for the active network and 95% for the strong network when compared to the original. Similarly, the number
of engaged users (i.e., those users who retweet and also post original tweets) decreases consistently. While we expect
both the active and strong networks to be less noisy, there is a trade-off in the number of examples we can generate from
the smaller pool of candidate users.

Methodology

To motivate the need for our proposed approach, we first demonstrate that baseline sentence embedding methods strug-
gle to encode viewpoints. In Fig 2a we show a 2D UMAP projection [32] of our set of tweets with annotated binary view-
points, as shown in Table 1. We extract embeddings for each tweet using a standard pre-trained sentence embedding
model from the SentenceTransformers library (https://huggingface.co/sentence-transformers/all-distilroberta-v1) [43]. We
use dark versus light colors to represent different viewpoints on the same topic. We observe that the tweets are strongly
clustered by topic but achieve no separation by viewpoint. This observation highlights the importance of infusing the

Table 2. Social network properties for the giant connected component in each of the three retweet networks in this study. The Engaged Users
property denotes the number of users who participated in both retweeting and generating original posts in Avax.

Network Properties Original Active Strong
Users 382,044 118,858 19,638
Edges 646,596 378,820 27,307
Modularity 0.77 0.67 0.83
Mean Degree 3.38 6.37 2.78
Mean Edge Weight 1.09 1.15 2.90
Engaged Users 57,193 41,999 7,488

https://doi.org/10.1371/journal.pcsy.0000089.t002
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Fig 2. UMAP latent space visualization of two baseline embedding methods (a and b) and a concatenated embedding combining
DistilRoBERTa with node2vec embeddings (c) for a selected set of topics with manually annotated binary viewpoints. (a) DistiiRoBERTa.
(b) CT-BERT. (c) DistiIRoBERTa + n2v.

https://doi.org/10.1371/journal.pcsy.0000089.g002

embedding space with viewpoint information such that tweets are organized by both topic and viewpoint. To achieve this,
we propose a weakly supervised contrastive approach that leverages social signals to enhance viewpoint representation.

Self-supervised social signals

To demonstrate the utility of social signals for viewpoint encoding, we first generate Node2Vec [19] embeddings for each
user in the Avax Original retweet network. We concatenate the baseline DistiRoBERTa embeddings for tweets with the
corresponding Node2Vec embeddings of their authors, incorporating network position information to augment the initial
content embeddings. The 2D UMAP projections of this concatenated embedding space are shown in Fig 2c. We observe
that this approach is able to partially separate the annotated test set by both topic and user viewpoint, in contrast with
the sentence embeddings alone, showing the utility of social information. However, this approach relies on the availabil-
ity of a complete view of the retweet network. In the Avax dataset, only 53% of tweets were authored by users who have
interacted with other users via retweet interactions. Hence, we cannot utilize the Node2Vec representations to infer the
stance or viewpoint of the users who authored the remaining 47% of the tweets. This problem is further exacerbated in
less comprehensive data collections that have more limited interaction information.

Our weak supervision approach is designed to transfer the weak signals from tweets where social network information
is available to those where they are lacking. For example, we can identify the textual signals that make a pair of tweets
appear as if their authors were closely related or distant in the social network. This allows us to cluster all tweets using
their text alone with a focus on the textual features that are indicative of the likely social relationships of the user. To this
end, we leverage the social proximity between two users, which is represented by their shortest path distance in the
retweet network.

To demonstrate the effectiveness of this proxy signal, we compute the correlation between two metrics: the shortest
path length between users in the network and the cosine similarity of sentence embeddings for their respective tweets.
We randomly sample 1000 user pairs from the Original retweet network and compute their pairwise shortest path lengths
and pairwise tweet cosine similarity. We found a Pearson correlation of approximately —0.25, a Spearman correlation of
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—0.23, and a Kendall's Tau correlation of —0.17 between proximity and tweet similarity across networks. The negative cor-
relation suggests that the smaller the distance in the network, the larger the cosine similarity of the tweets. This indicates
that there is a presence of signals that can help to discriminate social proximity based only on the content of tweets. The
correlation scores for all three network types and three correlation measures can be found in Table 3, showing similar
correlations for all three of the networks.

Contrastive model

We develop a contrastive model to infuse the text embeddings with social network information. The goal of our con-
trastive fine-tuning task is to encode social proximity likelihood by making the embeddings for pairs of tweets similar if
their authors are close (positive samples) and dissimilar if their authors are distant (negative samples). To achieve this, we
leverage a contrastive loss function based on cosine similarity to measure proximity in the latent space.

1 — cos(x1, X9) if y=1
loss =
max(0, cos(xy, X)) —m) ify=-1

where x; and x, are vectors, y is the label (1 for positive samples and —1 for negative samples), cos is the cosine similar-
ity function, and m is a margin value. Through experimentation on the full training data, we tested margin values between
0 and 0.5, selecting m equal to 0. This means that the cosine embedding loss penalizes dissimilar pairs that have positive
cosine similarity.

We tested two different pre-trained embedding models implemented in HuggingFace: DistiIRoBERTa, which uses the
all-distilroberta-v1 model (https://huggingface.co/sentence-transformers/all-distilroberta-v1) [43], and CT-BERT, which
uses the covid-twitter-bert-v2 model (https://huggingface.co/digitalepidemiologylab/covid-twitter-bert-v2) [36]. We expect
that DistiiRoBERTa will better preserve the topical similarity of tweets, as the model was specifically trained on semantic
similarity-related tasks, but it may potentially struggle in separating user viewpoints. On the other hand, we expect that
the embeddings produced by CT-BERT will better match the data domain. We emphasize that there is no risk of train-
test data contamination for CT-BERT as its data collection period is different from that of the Avax dataset. Specifically,
the CT-BERT model was trained on tweets from January 12th to July 5th, 2020, while the Avax data starts on October
18th, 2020. Given that the time span of the CT-BERT training set was in the early phase of the pandemic, its in-domain
discussion was likely less vaccine-focused than the Avax dataset.

Topic-aware contrastive model

While the pre-trained embedding representations successfully encode the topic similarity of tweets, the embeddings
resulting from fine-tuning on the social proximity task might not be able to preserve this information. In fact, due to the
nature of the task, the fine-tuned embeddings will most likely encode information from underlying social processes present
in the network (e.g., polarization) and might disturb the overall latent topic space.

Table 3. Correlation scores between shortest path length (social proximity) and tweet similarity (content locality) across the retweet networks
extracted in Avax. All correlation scores yield p-values below 0.05, indicating statistical significance. The tweet embeddings were extracted using
DistilRoBERTa.

Network Type Pearson Spearman Kendall’s Tau
Original —-0.26 -0.23 -0.16
Active -0.25 -0.24 -0.17
Strong -0.26 -0.26 -0.18

https://doi.org/10.1371/journal.pcsy.0000089.t003
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To address this issue, we experiment with an approach that consists of concatenating the initial pre-trained embedding
representations (topic vector) with an extra n-dimensional vector. This new n-dimensional vector is learned by fine-tuning
the embeddings of the pre-trained model and then passing them through a linear layer which reduces the vector to a size
of n. The concatenation of the frozen pre-trained embedding and the learned extra dimensions is then used in the con-
trastive loss function. This approach aims to preserve the topic similarity of tweets in the latent space by using the frozen
embedding while also encoding additional information related to shared viewpoints through the additional dimensions.

Evaluation metrics

We evaluate the performance of the fine-tuned contrastive models on three different metrics: The first metric involves
measuring the correlation between the content similarity of tweets and the social proximity of users. The other two met-
rics, ViewpointNN and TopicNN, are used to assess the models’ performance on the task of clustering tweets with similar
viewpoints and topics.

Correlation We compute the Pearson, Spearman, and Kendall Tau correlation scores between the content similarity of
tweet pairs, given by the cosine similarity of their text embeddings, and the social proximity of the authors of the tweets,
given by their shortest path length in the retweet networks. The correlation metric does not measure the model’s ability to
encode viewpoints, but indicates the performance on the proxy task corresponding to weak social signals. A higher corre-
lation score indicates that the latent space has encoded more social proximity information into its semantic representation.

ViewpointNN To probe the ability of the embeddings to encode viewpoint towards a particular topic, we used the idea
of k nearest neighbors (k-NN). Specifically, for each tweet in the manually annotated evaluation set, we find its k nearest
neighbors in the embedding space of all tweets from the same topic (i.e., tweets belonging to a different topic are not con-
sidered). We then predict the viewpoint class (e.g. Support or Oppose) by majority voting. The ViewpointNN metric is the
proportion of correctly classified tweets among all the tweets in the annotated set. This metric will be higher if the learned
latent space does a better job of separating the labeled data by viewpoint.

TopicNN To evaluate the ability of the embeddings to capture a shared topic, we also leverage k-NN using the manually
annotated data. In this case, for each tweet, we find the k nearest neighbors in the embedding space of all other tweets
in the annotated set (i.e., we consider all topics), and predict the topic class by majority voting. The TopicNN metric is the
proportion of correctly classified tweets among all tweets in the annotated set. This metric will be higher if the learned
latent space does a better job of separating the labeled data by topic.

Experimental setup

In this section, we detail the process of generating data splits for training, validation, and testing of the models. We
present the hyper-parameters chosen for training each model. Finally, we describe the computing resources used for
running experiments.

Data splitting for model training

To create the train, validation, and test data splits for the contrastive models, we sample 70% of users for training and
15% each for validation and testing using a stratified approach to maintain the distribution of topics across splits. For each
split, we sample user pairs and compute their shortest path length in the corresponding retweet network. We transform
the shortest path length values into a two-class representation: (1) user pairs in close proximity and (2) user pairs in dis-
tant proximity. We rely on a two-stage sampling approach to generate candidate pairs. First, we use a snowball sampling
strategy to sample close connections by exploring the 1-hop and 2-hop neighborhoods of a random set of users. Second,
we incrementally add more examples by randomly selecting two users, computing their shortest path length, and retain-
ing them if their distance is larger than 2. Our sampling approach also has the benefit of mitigating the bias in the dataset
towards prolific users. Our dataset, as in most social media sets, exhibits a significantly skewed distribution of tweets per
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user, with the most active 10% of users making 42.8% of the tweets. However, because we sample pairs of users for
training without regard to their number of tweets, we will not be overly biased towards the more active users, mitigating
concerns that the results will be only reflective of a vocal minority.

Furthermore, we augment the number of close pairs in each split by adding pairs of tweets authored by the same user,
which are likely to reflect similar viewpoints. We select pairs of tweets from each pair of users considering only tweets
from the same topic to encourage the model to learn differing viewpoints towards the same topic. We use a shortest
path length cutoff value of 4, which means that path lengths in the range of 1-3 are considered close while values of 4 or
greater are distant. We found that models trained using a cutoff of 4 yielded better performance on average (as shown in
Fig 3). To address the potential data imbalance arising from the chosen cutoff, we also down-sample the majority class to
achieve more balanced class distributions in the resulting data splits.

Table 4 shows the summary statistics for each data split across the various types of retweet networks considered.

Model hyperparameters

For each contrastive model, we use the Adam optimizer with a learning rate of 5e—7 and weight decay of 1e—4. Each
model was trained for 200 epochs with a mini-batch size of 32. We used early stopping to prevent over-fitting by track-
ing the loss on the validation set. A dropout rate of 0.2 was used for each network. We set the margin of the cosine loss
embedding function to zero. For the topic-aware contrastive models, we set the extra embedding dimensions of the
shared viewpoint vector to 100.

Hardware and software resources

The experiments were conducted on a computer with a Dual Intel Broadwell E5-2620 v4 @ 2.10GHz CPU. Each node
has 16 cores with 64GB of memory. The operating system is CentOS Linux version 7. For deep learning training, we use
an NVIDIA A100 GPU with 40GB of memory. All code was implemented in Python 3.8, making use of various software
libraries, including Pandas and NumPy for data exploration and preprocessing; PyTorch for model building and training;
scikit-learn for model evaluation; and BERTopic, Top2Vec, UMAP, and HDBSCAN for clustering and topic extraction. Visu-
alizations were generated using Seaborn and matplotlib.

Results

In this section, we report the performance of our fine-tuned embeddings in the task of encoding viewpoint and topic infor-
mation. We compare our model against two baseline sentence embeddings to demonstrate its effectiveness and limita-
tions. Finally, we conduct an analysis of tweet representations within the latent space and use the learned embeddings in
topic modeling techniques to investigate their efficacy in extracting detailed topics.

Table 4. The number of sample pairs, tweets and users for the training, validation, and test data splits per dataset.

Network Split Pairs Tweets Users
Original Train 70,032 63,624 24,842
Val 15,026 14,902 5,674
Test 15,026 15,003 5,760
Active Train 70,031 61,545 20,820
Val 15,014 14,226 4,714
Test 15,015 14,565 4,817
Strong Train 35,031 30,118 5,835
Val 7,479 7,190 1,313
Test 7,427 6,916 1,306

https://doi.org/10.1371/journal.pcsy.0000089.t004
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Model performance

Table 5 shows the full set of metric results for all three social networks (Original, Active, and Strong), each starting embed-
ding (DistilRoBERTa and CT-BERT), and each weak supervision method (fine-tuned and topic-aware fine-tuned). The
ViewpointNN and TopicNN metrics of select models are also shown in Fig 3 to better highlight the performance trade-off
between these two metrics.

First, we evaluate our models on the proxy task of encoding the social proximity of users within the tweet embed-
dings. The contrastive training leads to consistent improvements relative to the starting embeddings in all correlation
scores, which measure the similarity between text embeddings and the shortest path distance of their respective authors.

Table 5. Model performance over the three types of retweet networks. We report performance on ViewpointNN and TopicNN metrics with kK = 5

as well as their average (NN Mean), and the Pearson correlation metric. The Baseline performance for ViewpointNN and TopicNN metrics is the same
across different retweet networks as the baselines do not leverage the social network information. The correlation metric is computed on the correspond-
ing test split for each network type. FT refers to fine-tuned contrastive models, and TA-FT refers to topic-aware contrastive models. The best results for
each metric is shown in bold.

Base Model Training Network Correlation ViewpointNN TopicNN NN Mean
DistiiRoBERTa Baseline None -0.26 0.65 0.98 0.83
FT Original -0.32 0.73 0.79 0.76
Active -0.24 0.69 0.68 0.69
Strong -0.30 0.69 0.59 0.64
TA-FT Original -0.37 0.72 0.90 0.81
Active -0.26 0.65 0.98 0.83
Strong -0.37 0.69 0.86 0.78
CT-BERT Baseline None -0.33 0.82 0.88 0.85
FT Original —0.44 0.92 0.53 0.73
Active -0.39 0.92 0.60 0.76
Strong -0.35 0.92 0.60 0.76
TA-FT Original -0.46 0.92 0.73 0.83
Active -0.44 0.89 0.78 0.84
Strong -0.43 0.92 0.81 0.87

https://doi.org/10.1371/journal.pcsy.0000089.t005
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Fig 3. ViewpointNN vs. TopicNN performance with K = 5 of contrastive models and the two baselines. We include performance for the following:
three models trained on the active retweet network with different cut-off values of shortest path length (4, 3 and 2), four models trained with different
pre-trained embeddings on the original network, and the best-performing model trained on the strong network. FT refers to fully fine-tuned models, and
TA-FT refers to topic-aware models.

https://doi.org/10.1371/journal.pcsy.0000089.g003
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Our fine-tuned embeddings (FT) have an average improvement of 0.05 in correlation and the topic-aware embeddings
(TA-FT) have an average improvement of 0.10 in correlation relative to the starting embeddings. This suggests that our
fine-tuned embeddings capture more informative signals for discerning social proximity based solely on the content of the
tweets.

To assess the ability of our trained models in encoding text representations with viewpoint information, we evaluate the
fine-tuned embeddings and the two baseline embeddings on the annotated set of tweets described in the data section.
We observe an improvement in ViewpointNN performance with both fully fine-tuned models (FT) and topic-aware models
(TA-FT) compared to their corresponding baselines. Specifically, when considering models trained on the original retweet
network, the FT models have a performance improvement of 12.3% with DistiiRoBERTa embeddings and 12.2% with CT-
BERT embeddings. Similarly, the TA-FT models also present a performance improvement of 10.7% with DistiIRoBERTa
embeddings and 12.2% with CT-BERT embeddings.

The observed improvement in viewpoint performance is associated with a degradation in topic performance as mea-
sured by TopicNN. Specifically, the FT models show a decrease in performance of 19.4% compared to the DistiRoBERTa
baseline and 39.8% compared to the CT-BERT baseline. The best performance on the TopicNN metric is achieved by
the DistiiRoBERTa baseline, which is expected given that its embeddings are trained on sentence-similarity tasks, allow-
ing them to encode more robust semantic similarities. However, these baseline embeddings have the worst ViewpointNN
performance.

The observed trade-off between viewpoint and topic performance is driven by the nature of our proxy task. For exam-
ple, tweets from distinct topics but likely similar viewpoints may be projected into similar regions in the embedding space,
which inevitably leads to a reduction in topic performance. TA-FT models can mitigate this problem as they achieve a
considerably smaller degradation in TopicNN compared to FT models. Specifically, the TA-FT models show a decrease
in TopicNN performance of only 8.1% compared to the DistiiRoBERTa baseline and 17.0% compared to the CT-BERT
baseline while achieving an improvement on ViewpointNN performance.

The domain-specific pre-training of CT-BERT improves the encoding of viewpoint embeddings by 26% relative to start-
ing from the DistiiRoBERTa embeddings. This highlights the importance of leveraging domain-specific embeddings over
out-of-domain embeddings, as the former contains more relevant contextual information and vocabulary tailored to the
specific domain of interest. In comparing the performance across the three different networks, we found that the model
trained with the retweet network of strong relationships demonstrated the best performance with an improvement of
12.2% in ViewpointNN and a reduction of 8.0% in TopicNN compared to the CT-BERT baseline. This can be attributed to
its consideration of less noisy interactions, thus avoiding spurious interactions by chance.

We also investigate the impact of different values of k, which controls the number of neighbors to be considered for the
ViewpointNN and TopicNN metrics. Fig 4 shows the performance for TA-FT CT-BERT models in ViewpointNN and Top-
icNN at different values of k. We present results for five models: two baselines, each using a different pre-trained embed-
ding model, and three models fine-tuned using our topic-aware approach on data derived from three distinct types of
retweet networks. The latter three models use CT-BERT embeddings as their initialization. We observed that increasing
k has little effect on ViewpointNN, which indicates that our embeddings are robust in capturing different viewpoints even
when varying the number of nearest neighbors. However, for TopicNN, larger k values result in tweets of different topics
being included in the neighboring examples, which leads to a decrease in topic performance.

So far, we have demonstrated the improved performance on viewpoint encodings using our method on an aggregate
basis across our annotated data. Next, we explore the performance within individual topics to understand whether the
improvements are attributable to specific subsets or appear to generalize across topics. Fig 5 shows the ViewpointNN
performance of our best-performing model (TA-FT CT-BERT Strong) and the two baselines across each topic in the anno-
tated set of tweets. We find that our model outperforms the two baselines across all topics, showing that the approach
learns improved representations across multiple topic areas within this case study.
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Fig 5. ViewpointNN performance with k=15 of the best contrastive model (TA-FT Strong) and baselines across the different topics in the
annotated set of tweets.

https://doi.org/10.1371/journal.pcsy.0000089.9005

Latent space analysis

We visualize the latent space of the annotated set of tweets by using the UMAP algorithm to project the embeddings

for each tweet to a 2D space. Fig 6a shows the latent space embedding of the model that achieves the best trade-off
between ViewpointNN and TopicNN performance, TA-FT CT-BERT Strong, which can be compared with the two baseline
embeddings shown in Fig 2. DistiiRoBERTa baseline embeddings are successful at encoding tweets with similar topics in
similar regions of the latent space but fail to distinguish between the binary viewpoints on each topic. CT-BERT baseline
embeddings can also identify semantically similar groups of tweets, though the resulting clusters are not as cleanly sep-
arated. Interestingly, the CT-BERT baseline is able to capture some partial viewpoint information within some of the top-
ics. The embeddings generated by our topic-aware fine-tuned CT-BERT model demonstrate that tweets sharing similar
viewpoints tend to group together, while those with opposite viewpoints are pushed to distant regions of the latent space,
showing a binary pattern that likely reflects the polarization of the social network.
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To further demonstrate the ability of the fine-tuned embeddings in capturing narrative viewpoints, we visualize the
latent space of three out of the six topics as identified in Table 1: depopulation agenda (Conspiracy), miscarriage agenda
(Conspiracy), and vaccines (General). Fig 7 shows the UMAP visualizations per topic for two baselines and the best-
performing fine-tuned embeddings. We observed that DistiiRoBERTa embeddings struggle the most in distinguishing
opposing viewpoints towards a particular topic as there is no clear separation between tweets. The CT-BERT baseline
seems to partially capture viewpoint information as shown by visualizations on the depopulation and vaccines topics, but
still struggles in other topics such as the miscarriage agenda topic. Overall, the CT-BERT TA-FT embeddings provide the
best performance in capturing viewpoint information across multiple topics by visually demonstrating the ability to sepa-
rate most tweets by their stance in each topic. These improved separations occur even though the model has not been
trained directly on the viewpoint tasks but instead has inferred the new clustering based on indirect training on social
proximity information.

Topic modeling analysis

Next, we qualitatively explore the clustering behavior of the embedding spaces and aim to determine whether the
viewpoint-infused embeddings support improved performance on downstream tasks such as topic modeling. We
employed BERTopic [18], a topic modeling technique, on the text representations generated by our best-performing model
and the two baselines. BERTopic uses UMAP for dimensionality reduction and HDBSCAN for document clustering. It also
offers the flexibility to incorporate custom embeddings. The algorithm assigns documents to a specific topic, and if a docu-
ment is not representative enough, it is classified as noise. In particular, BERTopic identified 7 topics using DistiiRoBERTa
baseline embeddings with 20 tweets as noise, 9 topics using CT-BERT baseline embeddings with 40 tweets as noise, and
11 topics using the TA-FT CT-BERT Strong embeddings with 96 tweets as noise.

The extraction of meaningful narratives relies on the ability of each cluster to encompass tweets that share both an
underlying topic area and corresponding viewpoints. Fig 8 shows the distribution of annotated topic categories across
each topic identified by the BERTopic algorithm. The annotated topic categories are color-coded based on two groups of
viewpoints that are more likely to be associated based on the polarization observed in the social network. This associa-
tion can be seen in Fig 6b, where we projected the annotated tweets with their corresponding Node2Vec embeddings into
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a latent space. DistiiRoBERTa embeddings generate topics that are roughly evenly split between opposing viewpoints

on specific themes, highlighting its strong topic clustering performance and weak viewpoint clustering performance. CT-
BERT embeddings exhibit similar results to DistiiRoBERTa, with exceptions in topics 3 and 6, where the majority of tweets
express vaccine opposition and face masks support, respectively. On the other hand, while our fine-tuned embeddings do
not entirely preserve the similarity of tweets sharing the same topic, they effectively group tweets into informative regions
of the latent space with shared or associated viewpoints. Specifically, topics 4, 5, 6, 7, and 9 are composed primarily of

a single topic and viewpoint, while topics 1, 2, and 8 comprise viewpoints toward multiple topics that tend to be associ-
ated. Overall, we found that the majority of the detected topics clearly focus on a similar viewpoint towards one or multiple
subject areas.

Discussion

In this work, we have introduced a weakly supervised contrastive approach to encode narrative viewpoint of tweets. Our
approach leverages social proximity signals observed through user interaction networks to identify the textual features
that make a pair of tweets appear as if their authors would be closely related in the social network. Using an X (Twitter)
dataset related to COVID-19 discussions, we show that our models are better than baseline sentence embedding meth-
ods in distinguishing tweets with shared and opposing viewpoints towards particular topics, and in effectively grouping
them into similar regions of the latent space. We show how the learned representations can be leveraged for the auto-
mated identification of narratives through clustering of the latent space. Clustering using our fine-tuned embeddings
shows significant improvement over baseline embeddings in terms of discovering viewpoint-cohesive tweet subsets that
may represent specific narratives. While our method is trained using social proximity information based on user inter-
actions, we emphasize that the use of the model at inference time requires only the text of the tweets to generate the
embeddings. This allows us to generate a latent space representation that encodes both topic and viewpoint information

from the textual content of tweets alone, as the model has learned the textual signals that are likely to correlate with social
proximity.
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While we demonstrate the utility of our method using a clustering workflow, one of the benefits of our approach com-
pared with methods designed specifically for topic modeling or stance detection is that viewpoint-infused embeddings
can be leveraged for many potential downstream tasks. One avenue for future work is to evaluate the benefits of the fine-
tuned embeddings for tasks such as supervised or semi-supervised tweet classification, narrative and event extraction,
and change point analysis. Additionally, it would be interesting to explore whether our embeddings can capture informa-
tion relevant to the detection of bots engaged in social media discussions. Especially when bots are engaged in coordi-
nated behavior such as botnets, their interactions and posting styles [50] may cause distinct clusters to form our in refined
embedding space and provide potential flags for detection.

One limitation of the current evaluation approach for our method is that it relies on binary annotations of viewpoint,
while true user viewpoints are likely to be much more complex and nuanced. Further evaluation would be needed to
demonstrate whether our method can capture these additional nuances to infuse the embeddings with fine-grained view-
point information. Additionally, while we have demonstrated the utility of weak supervision leveraging intrinsic social media
information, there is significant room to build on the groundwork of our approach. Further exploration of how our embed-
ding approach could be combined with improved topic model approaches such as Contextual Top2Vec [3] would be a
fruitful future direction. Additionally, social network proximity provides one source of signal on user viewpoints through the
observed assortativity and polarization of such interactions [10,17]. However, the methods described here could be aug-
mented by incorporating additional weak signals into the model supervision. Future work could investigate the incorpo-
ration of additional signals, for example, contrastive models that can infer whether two tweets use the same hashtag or
share the same URL based only on the natural language text of the tweet. The incorporation of multiple such weak signals
would likely provide additional information which could enhance the topic representation of embeddings and further miti-
gate the trade-off between viewpoint and topic performance, leading to more robust representations. Another potentially
interesting direction for further work would be to incorporate temporal information into the method and analysis to better
capture how individual, group, and overall viewpoints are evolving over time.
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