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Abstract. Stance detection is known as the computational task of estimating an individual’s attitude towards a given
target topic, which is often of a political or moral nature. In traditional NLP fashion, models of this kind have relied
mainly on learning features extracted from social media text. However, social media may provide many other types
of non-content information in conjunction with text, such as friends networks, interactions with other users, etc.
These knowledge sources, despite being potentially useful for stance prediction, remain relatively little discussed in
existing surveys of the field. To fill this gap in the literature, this article presents a survey of stance detection research
focusing on the use of network-related features and on how these are combined with more standard text models.
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1 Introduction

In the analysis of human discourse, stance may be defined as
a person’s attitude, viewpoint, or judgement toward a target
topic [Mohammad et al., 2016]. The following sentences, for
example, show favourable (ex.1) and opposing (ex.2) stances
towards the same target ‘legalisation of abortion’:

exl. A woman’s body belongs to her, and she should be able
to decide whether she wants to have a child or not.

ex2. It is not up to us to decide whether a child that has not
even been born yet will live or die.

Political and moral stances, among others, are abundantly
found in online debates and social media in general. This
observation has led to the development of a wide range of
computational approaches to automatically detect stance from
social media data with multiple practical applications. In so-
cial sciences, for example, stance detection may help estimate
the proportion of votes in a population in a future election
[Magdy et al., 2016] or, more generally, may identify domi-
nant trends and opinions on polarising issues [Zhang ef al.,
2024].

From a computational perspective, and particularly so in
the NLP field, stance detection generally involves estimating
whether an individual (e.g., a social media user) is against, in
favour, or neutral towards a given target [Zhang et al., 2024].
In traditional NLP fashion, this is usually implemented by
extracting learning features from fext data (i.e., social media
posts) [Mohammad et al., 2016; Cignarella et al., 2020; Pavan
and Paraboni, 2022].

Online social networks may, however, provide many other
types of network-related information in addition to various
forms of user-produced content. These include, for instance,
friends and followers network structures, interactions with
other users, publication timestamps, and others, all poten-
tially useful sources of information for stance prediction in

their own right. Accordingly, a growing number of stance
detection models have been introduced that combine text and
non-textual features [Dutta et al., 2022], in most cases moti-
vated by the principle of homophily [McPherson et al., 2001],
that is, the observation that individuals tend to form connec-
tions with others who share similar interests, backgrounds, or
values. Thus, for instance, individuals may gather in online
communities to discuss a common interest or may interact
more frequently with those with whom they share similar
opinions.

Despite seemingly positive results, however, stance detec-
tion models based on non-textual information are generally
less common than purely text-based approaches. This dif-
ference is also noticeable in the availability of surveys in
the field, which are primarily devoted to text-based stance
detection.

The lack of surveys devoted to the use of non-textual fea-
tures for stance detection is the main motivation of the cur-
rent work. More specifically, this article presents a survey
of stance detection research focusing on the use of network-
related features (namely, excluding image, sound, and other
content-based features that are the domain of multimodal ap-
proaches) and on how these are combined with standard text
models. The present study, which we believe to be the first
of its kind, aims to address the following research questions.

ql. What kinds of textual and non-textual features are em-
ployed for stance detection?

g2. How are textual and non-textual features combined into
a single stance detection model?

g3. What stance datasets are prevalent in the field?

g4. What kinds of task definition are supported?

g5. What computational methods are implemented?

By shedding light on these issues, we expect to provide a
broad view of the stance detection task beyond the standard
realm of (text-based) NLP and, in doing so, to present a more
structured summary of its current practices and opportunities.
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The rest of this article is structured as follows. Section 2
briefly discusses existing surveys in stance detection. Sec-
tion 3 presents the survey method. Section 4 describes our
main findings in light of the above research questions q1—q5.
Finally, Section 5 draws conclusions from the present work
and discusses its limitations.

2 Related work

Existing surveys of stance detection methods are few and are
largely devoted to the more standard text-based task, along the
lines of Mohammad et al. [2016] and others. For instance, the
recent survey in Zhang et al. [2024] is mainly focused on text,
including only a side discussion of multimodality. Similarly,
the work in Khiabani and Zubiaga [2024] is focused solely
on text-based methods.

Some of the existing surveys focus on other tasks related
to stance detection or on specific applications. For instance,
the studies in Wang et al. [2019] and Zubiaga et al. [2018a]
address the related issue of aspect-level stance detection in
product reviews. Similarly, the surveys in Hardalov et al.
[2022] and Akhtar et al. [2018] focus on the identification of
rumours and disinformation on social media.

The exception seems to be the survey in Aldayel and Magdy
[2021], which is, to our knowledge, the only one to explicitly
mention the use of so-called network features. In the survey,
these are divided into two categories, namely user behaviour
data and user meta-data attributes, but the discussion is kept
brief. In addition to that, the survey only covers studies that
have been published up to the year 2019.

3 Approach

We carried out a systematic review of methods of stance
detection that included the use of non-textual learning features.
Table 1 details the sources and queries taken into account.

We retrieved an initial set of 765 studies. From this set, we
only kept the studies that met all the inclusion criteria (il..i3)
and none of the exclusion criteria (el..e3) as follows.

il. The selected studies should be fully available from a
public scientific database.

i2. The selected studies should address the issue of stance
detection from social media data.

3. The selected studies should present a survey of stance
detection, computational models, or datasets for the
task, even when not using text-based features.

el. Studies published before 2016 are discarded.

e2. Studies not related to NLP or social media analysis are
discarded.

e3. Studies that discuss purely textual models or purely tex-
tual datasets are discarded.

After applying the above filters, we obtained 51 studies on
stance detection that use network-related information, hereby
called ‘non-textual’ features, and which were published be-
tween 2016 and 2024. The yearly distribution of the articles
is illustrated in Figure 1.
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Figure 1. Articles per year.

In order to investigate our research questions ql—q5 de-
scribed in the previous section, we attempted to identify in
each study the following attributes: the kinds of textual and
non-textual features under consideration (q1), the methods
for combining them into a single model (q2), dataset infor-
mation (q3), task definitions (q4) and main computational
methods (q5). For ease of discussion, the possible values to
be assigned to each attribute are summarised as follows and
will be discussed further in the next sections.

* Non-textual features: int.: interaction features such
as mentions, retweets, replies, etc.; pref.:: social
media preferences such as favourites, participation in
communities, etc.; con.: connections to other users
through friendship, follower/following relationships,
etc.

» Textual features: text: underlying text representation
model such as bag-of-words, word embeddings, etc.;
surf: surface or syntactic features such as text length,
hashtag counts, URL counts, word classes, etc.; emo:
emotion- and cognition-related information sentiment,
psycholinguistics-motivated features, etc.; demo:
demographics inferred from text such as location, age,
gender, political affiliation, etc.

* Combination (Comb.): the method for combining
textual and non-textual features, if any. concat:
intermediate fusion through feature concatenation;
sim: intermediate fusion based on similarity-based
metrics; max: intermediate fusion through function
maximisation; vote: late fusion by majority voting; or
other.

* Media: the genre of the text or online social media
type from which the train / test data are extracted. fo:
online discussion forums; nw: news; tw: Twitter/X; rd:
Reddit; fb: Facebook; yt: YouTube.

Language (Lang.): language of the text data, if any. ar:
Arabic; en: English; it: Italian; es: Spanish; fi: French;
pt: Portuguese.

* Dataset: corpus or dataset taken as train/test data.
SemEval: the SemEval-2016 stance corpus in Moham-
mad et al. [2016]; Rumour: the RumourEval-2017
corpus in Derczynski et al. [2017]; PHEME: the
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Table 1. Article sources and initial queries

Source Queries Atrticles

IEEE Topics: “learning (artificial intelligence)”, “social networking (online)”, “pattern 452
classification”,““text analysis”, “feature extraction”, “neural networks”

ACM [Title: “stance”] AND [Abstract: “stance”] AND [Publication Date: 178
(01/01/2016 TO 12/07/2024)]

USP theses Contains “stance” in title and abstract 0

CAPES journals peer-reviewed, English or Portuguese, areas “Technology” and “Computer 184
Science” except “Engineering” and “Robotics”

ACL Anthology Contains “stance” in any field 275

PHEME corpus in Ma et al. [2018]; ConRef: the
ConRef-STANCE-ita corpus in Lai et al. [2019].

* Size: total number N of positive and negative instances
in the dataset, clustered as 1..7 size categories. /: < 5k;
2: 5k < N < 10k ; 3: 10k < N < 50k ; 4: 50k < N <
100k; 5: 100k < N < 500k ; 6: 500k <N < Imi ; 7: >
1mi.

* Task: computational task definition. stance: standard
stance classification or target-oriented stance detection
[Mohammad et al., 2016]; rumour: ramour detection, a
4-class (deny, support, comment and query) variation
of the standard stance classification task, introduced
in Derczynski et al. [2017]; fakenews: use of stance
information as a feature to determine whether a given
piece of information is false [Jamialahmadi et al., 2022];
analysis: descriptive studies of group or community
stance on social media, as in Liu ef al. [2023]; dataset:
creation or stance corpora or other datasets for stance
detection, as in Abeysinghe et al. [2022].

* Type: the type of stance target under consideration.
target: target-based stance detection as in the SemEval
tradition [Mohammad ef al., 2016]; claim: claim-based
or text-to-text stance detection/classification, as in, e.g.,
Allaway and McKeown [2020]; Zhao and Caragea
[2024].

* Methods: computational or machine learning methods,
if any. svm: support vector machine; /r: logistic regres-
sion; nb: Naive Bayes; 7/ random forest; Istm: long
short-term memory networks; dt: decision tree induc-
tion; cnn: convolutional neural network; mlp: multilayer
perceptron; rnn: recurrent neural network; dnn: other
deep neural network; xgbh: extreme gradient boosting;
cd: community detection; graph: graph-based methods;
bert: bidirectional encoder representations for transform-
ers; or other.

4 Survey results

Table 2 summarises the results of our review of the literature,
which are discussed in the next sections. Information not
disclosed in the source articles is marked as ‘-’.

4.1 Overview

Since the focus of the present survey is on the use of non-
textual features in stance detection, we took the feature tax-
onomy in Chancellor and De Choudhury [2020] as a starting
point to categorise the surveyed studies as summarised in
Table 3.

Details concerning the use of textual and non-textual fea-
tures in the surveyed studies are provided in the following
sections. With regard to the primary focus of this survey —
the use of non-textual features — we notice that interactions,
preferences, and connections frequently overlap, thereby pre-
venting a clear-cut categorisation of existing approaches. Fur-
thermore, since the selection of features is largely constrained
by the type of information available on a given social media
platform (for instance, Facebook provides ‘friendship’ rela-
tions, whereas Reddit does not), feature choices should not
be interpreted as an indication that one approach is inherently
superior to another. Differences between models do not nec-
essarily indicate advantages or disadvantages and may simply
reflect the constraints of a given social media platform. As
a result, the discussion that follows should be regarded as
a portrayal of existing practices in the field rather than as a
comparative analysis.

4.2 Textual and non-textual feature use (q1)

Question q1 mainly intends to identify the kinds of non-textual
feature used in stance detection and, when relevant, the tex-
tual features included in these models. The two issues are
discussed individually as follows.

4.2.1 Non-textual features

Non-textual features — on the left side of Table 3 — are divided
according to the classification in Aldayel and Magdy [2019].
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Study Non-text Text Comb. Media Lang. Dataset Size  Task Type  Methods
Igarashi et al. [2016] int. surf emo txt concat  tw en SemEval 1 stance target Ir
Darwish et al. [2017] int. surf txt sim tw ar en other 3 stance target svm
Lai et al. [2017] int. surf emo concat tw en SemEval 1 stance target nb
Bahuleyan and Vechtomova [2017] 1Nt surf emo concat  tw en Rumour 2 rumour claim  xgb
Addawood ef al. [2017] con. int. surf txt emo concat  tw en other 6 stance target  svm dt nb
Dong et al. [2017) int. surf emo max nw fo en other 7 stance claim  other
Veysch et al. [2017) con. int. pref.  surftxt concat  tw en Rumour 2 rumour claim  cnn Istm
Sadiq et al. [2017] con. int. surf emo demo other tw en other 1 stance target rf
Fraisier et al. [2018] con. int. surf demo sim tw en fr other 7 stance target cd
Chen and Ku [2018] pref. emo max fb en other 3 stance target  other
Akhtar et al. [2018] int. pref. surf txt emo demo  concat  tw en Rumour 2 rumour claim  svm nb dt mlp
Zubiaga et al. [2018b] int. pref. surf txt concat tw en PHEME 1 rumour claim  Istm other
Al-Ayyoub et al. [2018] int. emo - tw ar other 7 analysis claim  graph
Lynn et al. [2019] con. demo concat  tw en SemEval 1 stance target Ir
Aldayel and Magdy [2019] con. int. pref.  surftxt concat  tw en SemEval 1 stance target  svm
Lai et al. [2019] con. int. surf concat tw it ConRef 1 stance target svm
Xuan and Xia [2019] con. int. pref.  surfemo concat tw en Rumour 2 rumour claim  svmrfnb Irdt
Chang et al. [2019] con. surf txt demo concat  tw en other 2 stance target mlp
Islam et al. [2019] con. txt concat tw en PHEME 2 rumour claim  rnn
Lai et al. [2020a] con. int. pref.  surf txt emo concat  tw ino SemEval 3 stance target  svm Ir nb
Lai et al. [2020b] int. pref. surf txt emo concat  tw en other 2 stance target  svm
Vanta and Aono [2020] con. int. pref.  surf concat  twrd en Rumour 2 rumour claim  Istm
Graells-Garrido ef al. [2020] int. surf txt demo concat  tw es other 7 stance target  xgb
Tyagi et al. [2020] int. surf txt emo other tw en other 7 analysis target -
Yang et al. [2020] int. txt max tw en other 2 stance target  other
Ebeling et al. [2020] con. int. pref.  surf demo - tw pt other 5 analysis target -
Vilella et al. [2020] int. pref. surf txt demo - tw it other 7 analysis target cd
Kumar et al. [2020] int. txt - tw en other - analysis target  graph
Blackburn et al. [2020] int. pref. surf txt emo - tw en other 3 dataset claim -
Li and Scarton [2020] con. int. surf txt concat  tw en Rumour 3 rumour claim  Ir rf mlp bert
Rezayi et al. [2021] con. pref. txt concat  tw en PHEME 1 fakenews claim  dnn
Jia et al. [2021] int. pref. txt emo concat tw it ConRef 1 stance target  svm Istm
Masood and Abbasi [2021] con. int. pref.  txt emo demo concat tw en other 5 rumour claim  svmrfnblIr
Tyagi et al. [2021] int. emo - tw en other 7 analysis target -
Geiss et al. [2022] int. pref. txt demo other rd en other 1 stance target  svm Ir rf
Dutta et al. [2022] con. surf txt vote tw en other 5 stance target  cnn Istm
Abeysinghe ef al. [2022] int. pref. surf txt - tw en other 7 dataset claim -
Luo et al. [2022] con. int. pref.  surf txt emo concat  tw en other 1 rumour claim  mlp
Rochert et al. [2022] int. pref. txt other yt en other 5 analysis target  bert
Aldayel and Magdy [2022] con. int. - concat  tw en SemEval 1 stance target  svm
de Oliveira [2022] int. txt other tw pt other 7 stance target  bert
Abdine et al. [2022] int. - other tw fr other 7 stance target cd
Williams and Carley [2023] int. txt other tw es other 7 stance target  bert graph
Pougué-Biyong ef al. [2023] int. pref. - concat  tw en other 6 stance target  Ir graph
dos Santos and Goya [2023] int. txt sim tw pt other 3 stance target  bert
Liu et al. [2023] int. txt other tw fr other 7 analysis claim  graph
Cavalheiro et al. [2023] con. int. txt vote tw pt other 4 stance target  bertIr
de Vinco et al. [2024] int. txt other rd en other 5 stance target llm
Kuo et al. [2024] int. txt emo other fb o other 1 stance target  bert graph
Sutter et al. [2024] int. txt sim tw en ConRef 1 stance target  gnn bert
Penzo et al. [2024] int. txt other 0 en other 5 stance claim  bert mlp
In this classification, interaction features (int.) represent di-
rect exchanges between social media users (mentions to other
individuals, responses, etc.); preference (pref.) features rep-
resent users’ content preferences and participation in social
media groups; and connection (con.) features model the so-
cial media relationships between individuals, being either
bidirectional (when both individuals are linked to each other, 3
as in, e.g., Facebook ‘friendship’ relations), or unidirectional 5

(when only one individual is connected to the other, but not
the other way round, as in, e.g., Twitter/x ‘follow’ relations.)
As in the ‘Non-text’ column in Table 2, Figure 2 illustrates
the main types of non-textual features found in the survey.
Figure 2 shows that the most common source of non-textual
features for the task was found to be interaction-related (int.)
information. To some extent, this was expected, as exchanges
among social media users are likely to be an expression of ho-

Interaction

Connection

Figure 2. Non-textual feature usage.

Preference
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Table 3. Textual and non-textual features for stance detection

Non-textual Textual
Interactions (int.) mentions Surface (surf) punctuation
reposts / retweets emojis
replies art-of-speech
emmas
dependencies
hashtags
URLs
Preferences (pref.)  favourites o Text models (text) BoW )
community affiliation word embeddings
BERT
Connections (con.)  unidirectional (follow / following) | Emotion and Cognition (emo) sentiment

bidirectional (friendship)

psycholinguistics info

Demographics inference (demo)  age, gender, location

mophily and, accordingly, are generally perceived as strong
stance predictor candidates. In other words, the users with
whom an individual keeps conversation (about the target topic
or others) are often taken as learning features for stance de-
tection.

Interaction features are followed by user connections (con.)
such as social media friendship relations, which are also in-
fluenced by homophily. Interestingly, we also notice that
most studies model non-textual features simply as atomic
properties (or simple counts) such as the number of friends or
mentions to other users (e.g., Lai ef al. [2017]; Bahuleyan and
Vechtomova [2017]), and that few studies build full relational
models using, e.g., friendship graphs [Espinosa et al., 2020].

4.2.2 Textual features

Textual features — on the right side of Table 3 — are divided
into four categories: surface features (surf) represent text
surface form (e.g., text length, hashtag counts, URLs, etc.), or
syntactical information (e.g., syntactic dependencies, gram-
matical classes, etc.); the text models (txt) category encom-
passes word- and sentence-related information provided by an
underlying text representation (e.g, words frequencies in bag-
of-words model, static or contextual word embeddings, etc.)
in general-purpose models such as BERT [Devlin et al., 2019]
or more genre-specific alternatives such as RetweetBERT
[de Oliveira, 2022] or BERTabaporu [Costa ef al., 2023];
emotion and cognition features (emo) encompass the kinds of
information computed with the aid of affective or psycholin-
guistics dictionaries such as LIWC [Pennebaker ef al., 2001],
as in Ferraccioli ef al. [2020]; and the demographics infer-
ence category (demo) comprises those features that, although
user-related (e.g., age, gender, etc.), are inferred automati-
cally from text using author profiling or similar methods (e.g.,
Flores et al. [2022]; Onikoyi et al. [2023]; dos Santos and
Paraboni [2022]).

As in the ‘Textual’ column in the previous Table 2, Figure
3 illustrates the main types of textual features found in the
survey.

Figure 3 shows that nearly all studies model some form
of text feature or text representation (e.g., dos Santos and
Goya [2023]; de Vinco et al. [2024]; Penzo et al. [2024]).
Among these, the use of full text models (e.g., BoW and word
embeddings) is the most common approach [Kumar et al.,
2020; Rochert et al., 2022]. This is followed by the use of
surface features in general (e.g., hashtags, URLs, punctuation,

40

30

# articles

10

Emotion

Surface

Demographic

Figure 3. Textual feature usage.

etc.) as in Lai et al. [2019]; Vanta and Aono [2020]. We also
notice that, although less common in recent years, the use
of emotion and cognition-related features (sentiment dictio-
naries, psycholinguistics-motivated features, etc.) appears
in a considerable number of studies (e.g., Al-Ayyoub et al.
[2018]; Tyagi et al. [2021]). On the other hand, few studies
make use of large language models, which may be explained
by the observation that the focus of many of these studies is
the use of non-textual features, and less so the text component
of the model.

4.3 Feature combination (q2)

Question g2 seeks to identify the computational strategies for
combining textual and non-textual features in existing stance
detection models, which are present in most studies'. In mul-
timodal machine learning, strategies of this kind are usually
divided into early, intermediate, and late fusion [Boulahia
et al., 2021]. Early fusion consists of integrating different
modalities of raw data into a single representation before
training. Intermediate fusion, or feature-level fusion, com-
putes and then unifies features from raw data. Late fusion
combines decisions (e.g., class probabilities or labels) from
single-modality architectures to produce a final decision.

As in the ‘Comb.” column in the previous Table 2, Figure
4 illustrates the main feature combination strategies found in
the survey.

Figure 4 shows that none of the existing work makes use
of early fusion methods. This is to be expected, as models of
this kind would most likely require large datasets, which are
not common in the field of multimodal stance detection. Most

I'The exceptions are those that do not propose a novel stance detection
model, as in the case of dataset creation, etc.
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of the existing work resorts instead to simple feature concate-
nation, which is an instance of intermediate or feature-level
fusion. This may be surprising given the significant differ-
ences between the two feature types (e.g., word embedding
vectors and friend counts), but it may once again be explained
by the observation that these studies tend to focus more on
the use of non-textual features and pay less attention to text
and its aggregation to the stance detection model even though
contents (e.g., text) is arguably the single most important
stance predictor [Cavalheiro et al., 2023].

Interestingly, there are few instances of late fusion methods
in the literature, and only the work in Cavalheiro ef al. [2023]
makes use of dedicated classifiers for textual and non-textual
features. The only two other studies that implement an in-
stance of late fusion [Islam ef al., 2019; Espinosa et al., 2020]
do so by combining results from multiple and often redundant
classifiers that may share attributes even between modalities.
Methods of this kind, particularly when using stack ensemble
architectures [Wolpert, 1992], have been shown to obtain pos-
itive results in other social media analysis tasks (e.g., Custodio
and Paraboni [2021]; de Souza et al. [2022]), but the issue
remains little explored in the present context.

4.4 Stance detection datasets (q3)

Question g3 intends to identify the main datasets employed
in stance detection according to the type, language, and size
of social media. As in the ‘Media’ column in Table 2, Figure
5 illustrates the types of social media found in the survey.

Figure 5 shows that Twitter is by far the most popular
choice (e.g., Luo et al. [2022]). This may be explained by
the ease of collection that this platform used to afford before
being relaunched as X.

Cavalheiro Paraboni 2026
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As in the ‘Lang.” column in Table 2, Figure 6 illustrates
the target languages found in the survey.

Figure 6 shows that, as elsewhere in NLP, the language of
the (text) datasets is mostly English (e.g., Aldayel and Magdy
[2022]; Rochert ef al. [2022]), followed by other European
languages. In particular, the use of the Italian language driven
by the Evallta2020 stance detection shared task in Cignarella
et al. [2020] is noteworthy.

Regarding the use of standard datasets or benchmarks in the
field, the ‘Dataset’ column in Table 2 shows a number of stud-
ies focused on well-known and relatively small datasets such
as SemEval2016 [Mohammad et al., 2016], RumourEval2017
[Derczynski et al., 2017], PHEME [Ma ef al., 2018] and
ConRef-STANCE-ita [Lai et al., 2019]. However, most stud-
ies choose other resources that are in many cases developed
from scratch. This seemingly lack of standards may be moti-
vated by the need to use larger datasets and more non-textual
features since in some cases (most noticeably in the case of
SemEval2016), non-textual features tend to be limited to men-
tions to other users, which may be processed simply as textual
features. Moreover, since stance detection tends to be culture-
dependent (e.g., stance data on the Sardines movement in
Italy, as in Cignarella et al. [2020], may be less relevant to
other countries and languages), it seems only natural that
different research projects will focus on more local issues.

Finally, the ‘Size’ column in Table 2 shows that most stud-
ies are based on relatively small datasets with fewer than 5k
instances, and that nearly half use fewer than 10k instances.

4.5 Task definitions (q4)

Question g4 identifies the task definitions found in the liter-
ature, which includes both standard stance detection and, in
some cases, related tasks. As in the ‘Task’ column in Table
2, Figure 7 illustrates the task definitions found in the survey.

Figure 7 shows that studies related to stance detection gen-
erally focus on stance classification proper (e.g., Aldayel and
Magdy [2022]; Dutta et al. [2022]), but may also address
other tasks such as rumour detection (e.g., Masood and Ab-
basi [2021]; Luo et al. [2022]). The latter is mainly driven
by the RumourEval rumour and stance shared tasks series in
Derczynski et al. [2017]; Gorrell et al. [2019].

The ‘Target’ column in Table 2 mirrors a well-established
division in stance detection research. In the tradition of
SemEval2016 [Mohammad et al., 2016], most studies im-
plement some form of target-oriented stance detection by
considering a fixed, predefined set of target topics for stance
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detection. Others, particularly when focused on zero-shot
stance detection, do away with the notion of a target and in-
stead focus on assessing whether one piece of text supports a
given claim, in so-called claim-based stance detection (e.g.,
Luo et al. [2022]; Abeysinghe et al. [2022]). For further de-
tails on zero-shot and claim-based stance detection, see, e.g.,
Allaway and McKeown [2020]; Zhao and Caragea [2024];
Pavan and Paraboni [2024]; Pereira et al. [2026].

4.6 Computational methods (q5)

Question g5 describes the computational methods — partic-
ularly focused on machine learning — found in the articles
surveyed. As illustrated in the ‘Methods’ column in Table 2,
these are not unlike those observed in other NLP applications.
The most common choices are (perhaps surprisingly) Sup-
port Vector Machine (SVM) (e.g., as in Aldayel and Magdy
[2022]; Geiss et al. [2022]), Logistic Regression (LR) [Ma-
sood and Abbasi, 2021; Geiss et al., 2022] and Naive Bayes
(NB) [Lai et al., 2020a; Masood and Abbasi, 2021]. In con-
trast, neural models that may be considered the SOTA in
NLP are much less frequent. As discussed in the previous
sections, this also may be explained by the more general fo-
cus on non-textual features, in which case the use of certain
neural approaches (e.g., for sequence labelling as in the case
of text data in Veyseh et al. [2017]; Zubiaga et al. [2018Db];
Vanta and Aono [2020]; Jia et al. [2021]; Dutta et al. [2022])
may be unhelpful or unnecessarily costly.

Regarding the textual component of existing models, by
contrast, this scenario has changed more recently with the
use of Bidirectional Encoder Representations from Trans-
formers (BERT) architecture [Devlin et al., 2019], a now
well-established standard in text classification. BERT has
played a central role in a number of more recent studies, such
as in Li and Scarton [2020]; Rochert et al. [2022], but current
practices still lack behind those observed in purely text-based
NLP tasks, which tend to be more focused on the use of much
larger language models.

4.7 Summary

The surveyed studies comprise a wide range of approaches
to stance detection using textual or non-textual information,
or both. In these studies, text features are nearly always
taken into account and, generally speaking, outperform other
knowledge sources for the task, including network-related
features, by a wide margin. This should not come as a surprise
since user-produced content is semantically richer than, e.g.,
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user connections, making text a primary knowledge source
for social media stance detection. In other words, non-textual
features are generally taken as being complementary to the
information provided by the text, but rarely considered in
their own right. Table 4 summarises a number of pros and
cons of these two perspectives, which are discussed in more
detail below.

In addition to generally obtaining higher accuracy, text-
based models are arguably trained from more easily acces-
sible data (i.e., social media text publications as opposed
to network-related information) and are less dependent on
a particular social media type. On the other hand, models
of this kind are obviously sensitive to the ambiguity of nat-
ural language, and since their input consists of an explicit
text stance, they may be less suitable for identifying user’s
stances that have not been explicitly undisclosed on social
media [Cavalheiro et al., 2023].

In addition to that, models that rely on network-related
information tend to require more complex data collection pro-
cedures and are often specific to a particular type of social
media. For instance, a model built from Facebook friend-
ship relations does not easily generalise to other social media
such as X or Reddit, in which these relations are not avail-
able. Some of these weaknesses may be naturally mitigated
by hybrid models that combine both textual and non-textual
features, as indeed found in the vast majority of the surveyed
studies.

5 Final remarks

This work presented a survey on stance detection studies us-
ing non-textual features extracted from social media. Studies
of this kind, which are relatively few compared to the more
common text-based NLP approaches, show that purely text-
based models, if enriched with non-textual information, may
obtain significant performance gains, as in Darwish et al.
[2017]; Dong et al. [2017]; Chen and Ku [2018]; Lai ef al.
[2019]; Lynn et al. [2019]; Aldayel and Magdy [2019]; Es-
pinosa et al. [2020]; Jia et al. [2021]; Rezayi et al. [2021];
Dutta et al. [2022]; Geiss et al. [2022]. Based on the present
investigation, in what follows we highlight a number of points
that indicate opportunities and directions for future research
in the field.

5.1 The role of textual data

Although the focus of the literature review was mainly on the
use of non-textual features, we notice that textual (or more
generally content-based) features are generally considered to
be the main knowledge source in stance detection, and that
models that do not rely on text data remain rare. More impor-
tantly, reliance on textual features gives rise to the question
of how to perform the task when text is unavailable if, for
instance, we need to estimate the stance of a social media user
who does not discuss the intended target publicly. In these
situations, the design of non-textual models might be a way
forward?.

2For an introduction to this issue, see, e.g., Cavalheiro ef al. [2023].
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Table 4. Textual versus non-textual feature usage

Criteria

Non-textual

Textual

Task accuracy low
Train data requirements

Ambiguity issues minimal
Dependency on social media type high
Language dependency no
Suitability for user stance detection  high
Existing work few

large network datasets

high

explicit text statements
sensitive to sarcasm, irony, etc.
moderate

yes

limited

many

5.2 The need for zero-shot learning

Also related to the issue of lack of knowledge for the task,
we notice that all of the non-textual models identified in the
present survey follow the standard in-domain approach to
stance detection [Gorrell ef al., 2019], that is, they are trained
and tested using data about the same target topic. This sce-
nario is considerably behind current practices in text-based
stance detection, in which the focus has nowadays shifted
considerably toward zero-shot learning so as to favour models
that are tested on topics not seen during training [Allaway
and McKeown, 2022]. This shift, which is largely motivated
by the observations that creating training data for every pos-
sible topic of interest is unfeasible and that practical stance
detection models should not have to rely on the availability
of labelled training data, arguably makes zero-shot learning
the standard approach for text-based stance detection, but the
issue has yet to be investigated in non-textual settings.

5.3 Non-textual feature representation

The survey has revealed that interaction-related information
(e.g., the users with whom an individual establishes a con-
versation) is the most frequently used non-textual feature in
stance detection. This is consistent with the expected effects
of homophily [McPherson et al., 2001], and further highlights
the relevance of non-textual features for stance detection and
social media analysis in general. However, even taking the
need for non-textual features for granted, the way in which
these features should be represented remains less clear. In
particular, we have found that many existing studies model
non-textual information simply as atomic properties (e.g., by
simply counting the number of social media friends of an
individual, etc.), which have in many cases obtained mini-
mal or negative influence on the results [Akhtar et al., 2018;
Xuan and Xia, 2019; Masood and Abbasi, 2021; Rezayi et al.,
2021]. This may not be entirely surprising given that, for
instance, the number of friends of an individual may not be
correlated with their stance towards a target. On the contrary,
the number of friends and similar user counts may be actu-
ally influenced by many other factors such as the time since
the creation of their social media account, their frequency of
use, etc., which may bear little or no relation to their stance
towards a particular topic.

As an alternative to simple user or connection counts, the
use of relational information (e.g., modelling full networks
of friends, followers, etc. as graphs or similar structures)
has been found to be a potentially more useful approach to
stance detection [Lai ef al., 2019; Lynn et al., 2019; Aldayel
and Magdy, 2019; Lai et al., 2020b; Espinosa et al., 2020;

Dutta et al., 2022]. Studies of this kind are, however, still rel-
atively few, which may be explained by the added challenges
concerning data collection and processing potentially large
network structures. It is not uncommon, for instance, for a
Twitter/X user to have several thousand friends, which may
escalate significantly even in small datasets, or when con-
sidering the need for building additional network structures
of followers, interactions, and others. In this regard, meth-
ods analogous to those seen in text processing may represent
an opportunity to improve current stance detection models.
These include, for instance, the use of graph neural networks
[Sutter et al., 2024], node embeddings [Grover and Leskovec,
2016], etc.

5.4 Fusion methods

Regardless of how non-textual information is represented,
however, one question that may still deserve further investi-
gation is how these should be combined with standard textual
features. In most of the studies reviewed, intermediate fu-
sion is the method of choice [Aldayel and Magdy, 2022; Luo
et al., 2022; Masood and Abbasi, 2021] but, as discussed
in Boulahia et al. [2021], late fusion methods may require
less training data, which may be particularly useful in stance
detection for resource-poor languages and topics.

5.5 Resources for non-textual stance research

With respect to the datasets taken as the basis for existing
work, Twitter/X is clearly the most popular choice but, given
the present difficulties in sharing and reusing Twitter/X data,
it remains to be seen whether this trend will continue or
whether it may be replaced by Reddit (e.g., as in Vanta and
Aono [2020]; Geiss et al. [2022]) or others (e.g., Dong et al.
[2017]; Chen and Ku [2018]; Rochert ef al. [2022]). We also
notice that most of these datasets are devoted to the English
language and, as pointed out in Ebeling et al. [2020], remain
largely unavailable for reuse for reasons of, e.g., data protec-
tion or confidentiality. However, given that stance detection
corpora and models are often focused on events that only af-
fect specific cultures (e.g., elections and other political-related
events in a particular country or region), and since network
dynamics may vary considerably across cultures, expanding
the stance detection task to cover other languages and topics
(even when written text is not taken into account) represented
in new datasets is still very much in demand to obtain a full
picture of the global social media landscape.
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5.6 Ethical considerations

Beyond open research questions, the present survey also high-
lights some ethical issues. Although existing datasets for
stance detection are generally anonymised, we notice that
recovering the original posts from social media text — and
the corresponding authorship information — is in most cases
straightforward, and this may be particularly problematic
given that stance corpora often cover sensitive issues of politi-
cal or moral nature [Mohammad et al., 2016]. In contrast, the
situation regarding the use of non-textual information (e.g.,
network connections) seems more manageable as usernames
and other critical information may be in principle replaced by
anonymised tokens with little loss of informativeness (e.g.,
Pereira et al. [2026]).

5.7 Limitations

Finally, it should be acknowledged that the present survey
has a number of limitations. In particular, the current choice
of queries may have excluded a number of studies in related
tasks (e.g., sentiment analysis, opinion mining, etc.) that
could fit the present analysis. It would be interesting to in-
vestigate how these tasks compare to each other and which
methods or features they may share. As in the case of the
above observations, this issue is left as a suggestion for future
work.
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