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Abstract

Stance detection is the task of determining
whether an input text expresses a stance in
favour of or against a given target topic. This,
in a standard supervised fashion, will typically
require a new set of labelled training examples
for each test topic. As an alternative to full su-
pervision (or costly LLM-based methods), this
study leverages political alignment information
by assuming that stances on related moral or
political issues tend to co-occur (e.g., support
for a right-wing politician correlating with sup-
port for the death penalty or opposition to abor-
tion). This alignment, presently treated as a
form of distance labelling, enables stance in-
ference without constructing new corpora and
is evaluated against standard cross-domain and
prompt-based methods using a large corpus of
stances in the Portuguese language.

1 Introduction

Stance detection is the task of determining whether
an input text expresses a stance in favour or against
a given target topic (Kucuk and Can, 2020; Aldayel
and Magdy, 2021; Alturayeif et al., 2023). For
example, the text ‘vaccines save lives’ may be in-
terpreted as expressing a stance in favour of the
target topic ‘vaccination’. Stance detection models
can be developed in a standard in-domain manner,
that is, by employing as a knowledge source a set
of training examples expressing stance toward the
same topic (or domain). Under this approach, and
assuming sufficient data quality and quantity, in-
domain strategies may arguably achieve optimal
performance. However, such models require a new
topic-specific training dataset for each topic un-
der evaluation. This limitation, compounded by
the fact that training examples are often manually
annotated, may render general-purpose in-domain
stance detection impractical.

To overcome the need for continuously expand-
ing labelled datasets, cross-domain stance detection
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(Khiabani and Zubiaga, 2025) seeks to reuse ex-
isting stance examples toward previously unseen
topics as training data. For instance, one might
attempt to detect stance toward a political figure by
training a model with labelled examples expressing
stance toward another politician or, more generally,
a different topic. In this suboptimal setting, how-
ever, certain limitations of the in-domain approach
may persist since a sufficiently large set of labelled
examples — albeit concerning a topic other than the
target — remains necessary.

To bridge the knowledge gap between in-domain
and cross-domain methods, previous research — pre-
dominantly focused on English — has explored the
use of external knowledge sources such as com-
mon sense networks (Liu et al., 2021; Liang et al.,
2022; Chunling et al., 2023) which, in the case
of Portuguese, remain largely unavailable. More
recently, as in other areas of NLP, a shift towards
the use of large language models (LLMs) has been
observed (Xu et al., 2022; Lan et al., 2024; Zhang
et al., 2025). The extensive knowledge embedded
in LLLMs can effectively mitigate the scarcity of
training data, but achieving top performance typi-
cally requires closed-source models and involves
substantial financial and computational costs.

As a cost-effective alternative to conventional
cross-domain stance detection, the present study
investigates a method that neither depends on la-
belled data nor relies on resource-intensive mod-
els. Specifically, it is assumed that stances towards
multiple moral or political issues may align in the
sense that supporting one target © may increase
the likelihood of supporting another target y (for
instance, favouring a right-wing politician may cor-
relate with supporting the death penalty or, con-
versely, opposing abortion). This alignment infor-
mation is then used to generate additional, low-
cost training data for cross-target stance detection
through distant labelling.

In this work, we propose a method for cross-
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target stance detection that uses political alignment
information as a substitute for manually labelled
stance data. We evaluate the approach through a
series of experiments comparing it with standard
cross-domain models and prompt-based methods
employing large language models. In addition, we
examine whether any observed performance gains
can be specifically attributed to the incorporation
of political alignment information rather than sim-
ply to the availability of additional training data,
and whether there is an upper limit to the amount
of distantly labelled data that can be effectively
utilised.

The remainder of this article is organised as fol-
lows. Section 2 reviews existing work on cross-
target stance detection. Section 3 describes the
corpus employed as training and test data for our
experiments and the computational models used.
Section 4 presents the experimental results, and
Section 5 offers concluding remarks and outlines
directions for future research.

2 Related work

Cross-domain and zero-shot stance detection are
often treated as synonymous in the stance detec-
tion field. Table 1 summarises a number of recent
studies of this kind devoted to the English and Por-
tuguese languages. These are categorised accord-
ing to the datasets used (VAST (Allaway and McK-
eown, 2020), SemEval-2016 (Mohammad et al.,
2016), UstanceBR (Pereira et al., 2026) and *=oth-
ers), language (En=English, Pt=Portuguese) and
main computational methods (GCNN=Graph Con-
volutional Neural Networks, ADDA=Adversarial
Discriminative Domain Adaptation, *=others, etc.).
Details are discussed below.

Table 1 indicates that existing work in stance
detection has predominantly focused on two major
English-language datasets: the SemEval-2016 cor-
pus (Mohammad et al., 2016) and VAST (Allaway
and McKeown, 2020). The SemEval-2016 dataset
contains 4,870 tweets covering six topics and was
originally developed for in-domain stance classifi-
cation, though it has also been used in some cross-
domain studies (Xu et al., 2018). VAST (Allaway
and McKeown, 2020), by contrast, was specifically
designed for cross-target stance detection and com-
prises 23,525 stances across 5,634 targets, which
implies that many targets are under-represented.
This motivates the use of generalised topic or target
representations discussed in (Allaway and McKe-

own, 2020).

Regarding the computational methods under con-
sideration, cross-target stance detection employs
a variety of strategies to address the scarcity of
training data for the target topic. These include the
aforementioned generalised topic representations
(Allaway and McKeown, 2020), adversarial learn-
ing approaches (Allaway et al., 2021; Liang et al.,
2022; Pavan and Paraboni, 2022; Zhao et al., 2022;
Chunling et al., 2023) and large language model
prompting (Zhang et al., 2023; Li et al., 2023; Pa-
van and Paraboni, 2024; Zhang et al., 2024a; Lan
et al., 2024; Zhang et al., 2024b, 2025), among
others.

For our target language, Portuguese, the only
cross-target studies identified are those based on
the UstanceBR corpus (Pereira et al., 2026). This
corpus, which will be the focus of the present work
as well, is discussed in Section 3.1.

Using an earlier version of UstanceBR, the work
in (Pavan and Paraboni, 2022) addressed cross-
target stance classification with BERT classifiers
combined with adversarial learning and knowledge
distillation. More recently, the work in (Pavan and
Paraboni, 2024) explored a range of zero-shot meth-
ods, including commercial LLMs such as GPT,
based on a small subset of the corpus compris-
ing only 100 instances. Although both studies
are relevant to the present work, their results are
not directly comparable due to these differences in
dataset size and definition.

3 Materials and methods

We envisage a method for cross-target stance detec-
tion that relies on political alignment information
as a substitute for manually labelled stance data.
The comparison between our main method and a
number of relevant baseline systems aims to ad-
dress the following research questions.

Q1 How does the incorporation of distantly labelled data
based on political alignment information compare with
standard methods for stance detection?

Q2 Are the results genuinely attributable to the political
alignment information?

Q3 Does the inclusion of additional distantly labelled data
consistently yield improvements in accuracy?

To address question ()1, we compare our main
approach — which leverages political alignment
information — against standard cross-target and
prompt-based methods for stance detection, with



Reference Corpus Lang. Main methods
(Allaway and McKeown, 2020) VAST En  topic-related network
(Liu et al., 2021) VAST En GCNN

(Allaway et al., 2021) SemEval En  adversarial network
(Liang et al., 2022) SemEval, VAST, * En contrastive learning
(Xu et al., 2022) SemEval, VAST, * En entailment, GPT, BERT
(Luo et al., 2022) VAST En  common sense graph
(Pavan and Paraboni, 2022) UstanceBR rl Pt BERT ADDA

(Zhao et al., 2022) SemEval, VAST, * En BERT+contrastive learning
(Chunling et al., 2023) SemEval, * En  graph+BERT ADDA
(Zhang et al., 2023) SemEval, * En ChatGPT

(Wen and Hauptmann, 2023) VAST En  Conditional generation
(Liet al., 2023) SemEval En ChatGPT, *

(Zhang et al., 2024a) SemEval En ChatGPT

(Lan et al., 2024) SemEval, VAST, * En  GPT

(Zhang et al., 2024b) VAST, * En  BART

(Pavan and Paraboni, 2024) UstanceBR 12 Pt BERT, Llama, GPT
(Zhang et al., 2025) SemEval, VAST, * En Qwen, Llama, Mistral
(Wang et al., 2025) SemEval, * En GCNN, BERT

(Yan et al., 2025) SemEval, VAST, * En BERT, GPT

Table 1: Recent work in cross-target stance detection based on English and Portuguese text.

the aim of demonstrating that the proposed method
outperforms these baseline alternatives.

For question (J2, we contrast two data augmen-
tation scenarios: one in which the additional data
are labelled according to political alignment (as in
our main approach), and another in which the data
are assigned random labels. This comparison is
intended to show that any observed performance
gains stem from political alignment information
rather than merely from an increased volume of
training data.

Finally, to explore question ()3, we evaluate
models trained with varying amounts of augmented
data in order to determine whether an upper bound
exists, that is, a point beyond which additional data
no longer improve, or even degrade, model accu-
racy.

3.1 Data

Our experiments make use of the corpus
UstanceBR 12 described in (Pereira et al., 2026).
This comprises 46.8 k Twitter/X publications made
in the Portuguese language and manually labelled
with for/against stance information on six target
topics of political nature (two Brazilian presidents,
two measures discussed during the Covid-19 pan-
demic and two local institutions). This choice
is motivated by the observation that, in this cor-
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pus, each pair comprises a topic that tends to be
favoured by the political right and another that
tends to be favoured by the left, which makes the
data potentially ideal for the present study in the
use of political alignment information for cross-
target stance detection.

As in (Gohring et al., 2021), the corpus data in-
cludes both explicit and implicit (or less explicit)
stances towards each topic. An explicit stance oc-
curs when the given target is the actual linguistic
topic under discussion in the text, whereas the more
challenging less explicit stance occurs when the lin-
guistic topic does not coincide with the intended
target, but since the two are related, we may infer
that the stance still reflects positively or negatively
upon it. For instance, assuming the target to be a
president of Brazil, in ‘The president was wrong’
there is an explicit stance against the said presi-
dent. By contrast, in ‘The economy is worse than
ever’, there is a stance towards a target other than
the linguistic topic, that is, towards the economic
situation, but since this indirectly reflects upon the
president as well, it is also considered as a stance
against the president in this corpus.

In our experiments, we used the standard train
and test datasets provided by the corpus. Descrip-
tive statistics are presented in Table 2. More details
are available from (Pereira et al., 2026).



Train Test
Target Against For Against  For
Bolsonaro 4,173 2,887 1,392 962
Lula 3,385 2,855 1,129 951
Hydrox. 2,983 3,013 995 1,004
Sinovac 3,043 2,936 1,015 979
Globo TV 2,505 2,004 836 668
Church 2,654 2,698 885 900

Table 2: Data descriptive statistics, adapted from
(Pereira et al., 2026).

3.2 Models

In the following sections, we present a compu-
tational approach to cross-target stance detection
based on political alignment information, along-
side the relevant baseline systems. This approach
extends the pilot study on political alignment re-
ported in (Pavan and Paraboni, 2024), expanding
the original analysis to include the complete test
data from (Pereira et al., 2026) and employing a
more robust neural architecture for the task. The
original study in (Pavan and Paraboni, 2024), by
contrast, only examined a small sample of 100 test
instances and employed a logistic regression classi-
fier with a bag-of-words text representation.

3.2.1 Stance detection using political
alignment information

Assuming that a target topic « may be aligned with
a particular political ideology, this information can
be leveraged to overcome some of the limitations
of conventional stance prediction. In particular,
we may use a non-stance corpus known to exhibit
ideological bias (e.g., a collection of texts linked to
the political right or left) to extract unlabelled texts
that simply mention z, and use these as proxies for
stance towards x. This procedure is illustrated in
Figure 1.

In the example, given the target Sinovac and the
task of predicting the stance expressed in ‘Sinovac
does not work’, the input text is processed by an
augmented model trained on standard cross-target
data (e.g., stances towards a different topic such as
Church) together with distantly labelled data drawn
from an auxiliary, non-stance corpus (illustrated
on the right-hand side of the figure). The latter
corpus consists of unlabelled statements that cap-
ture only the distinction between texts produced
by government supporters and critics. Specifically,
we extract from this auxiliary corpus a set of refer-
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ences to the target Sinovac and use it as a proxy for
stance detection.

Although many of these proxy statements are
factual in nature (e.g., ‘They are offering Sinovac
today’) and may occasionally be mislabelled when,
for instance, a government supporter expresses a
stance in favour of vaccination, they nevertheless
include genuine stances that exhibit the expected
alignment with left- or right-leaning groups. As
illustrated in the example, texts produced by gov-
ernment supporters include an oppositional stance
towards the target in ‘Authorities say Sinovac is
safe. Really?’, whereas those written by govern-
ment critics express a favourable stance in “Took
my Sinovac today. I am so happy.” When political
alignment is strong, instances of this kind are likely
to be frequent enough that the potential drawbacks
of including factual (i.e., non-stance) or mislabelled
data are outweighed by the benefits of incorporat-
ing additional distantly labelled examples.

As a computational implementation of this
method, we use a neural architecture that integrates
bi-directional long short-term memory (BiLSTM)
networks and multi-head self-attention mecha-
nisms with a BERT model pre-trained on Twitter/X
data in Brazilian Portuguese (da Costa et al., 2023).
The resulting model, hereby called BiLSTM, com-
prises an embedding layer of 128 to 256 dimen-
sions, a recurrent layer containing 16 to 128 LSTM
units, an attention depth of 8 or 32, and 2 or 4 at-
tention heads. The specific configuration adopted
for each task is determined through grid search.

In our experiments, the BILSTM model is evalu-
ated both as a baseline system in its own right (cf.
the next section) and as the foundation for an ex-
tended variant, hereafter referred to as BILSTM+,
which represents our main proposed approach.
BiLSTM+ augments the training data with a set
of distantly labelled text instances extracted from a
non-stance corpus that is assumed to be politically
or ideologically aligned with the target topic under
evaluation.

As a non-stance corpus of political information,
BiLSTM+ uses the GovBR corpus described in
(da Silva and Paraboni, 2023), a collection of com-
plete Twitter/X timelines from supporters and crit-
ics of the former conservative government in Brazil.
From this corpus, we extracted sets of unlabelled
messages that mentioned any of the topics of in-
terest within the present domain (cf. the previous
section). This procedure yielded a large number of
references to each topic made by either government
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Figure 1: Training data expansion.

supporters or members of the opposition (541 k and
485 k unlabelled texts, respectively).

Assuming that the political orientation repre-
sented in the GovBR corpus correlates with the
topics of the stance corpus, distant stance labels are
assigned accordingly. For the polarised topics in
the UStanceBR corpus, we assume that support for
the conservative government correlates positively
with support for Bolsonaro, Hydroxychloroquine,
and Church, and negatively with support for Lula,
Sinovac, and Globo TV.

3.2.2 Baseline systems

Our main approach BiLSTM+ will be compared
with two types of baseline system. The first consists
of the best train-test topic combinations obtained
in cross-target fashion using the original BiLSTM
model. Optimal results were obtained by using
Lula as train data for the Bolsonaro, Sinovac, and
Globo TV targets, using Sinovac as train data for
the Lula and Hydroxychloroquine targets, and using
Hydroxychloroquine data for the Church target.

The second baseline is a zero-shot method built
using the open-source Alpaca LLM, a fine-tuned
version of LLLama-7B (Touvron et al., 2023). This
consists of a prompt-based method that instructs
the LLM to assess each test instance as in

‘Read the following text and give a score
between 0 and 10 where O means that the
text is totally against the target and 10
means the text is totally in favour of the
target’.

This instruction was followed by the text to be
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evaluated, taken from the test portion of the corpus.
Scores lower than 5 are subsequently converted to
‘against’ labels, whereas all others are converted to
‘for’ labels.

4 Evaluation

Our main approach BILSTM+ and the two baseline
systems BiLSTM and Alpaca were evaluated on
the test portion of the corpus in (Pereira et al., 2026)
by computing F1 scores. In the case of BILSTM
baseline, all possible train-test topic combinations
were evaluated, but only the results from the top-
performing configurations are presently reported.

4.1 QI1: Comparison with standard
cross-domain and prompt-based methods

Our first research question Q1 concerns the compar-
ison between the model enriched with distantly la-
belled political alignment information (BiLSTM+)
with Alpaca and BiLSTM. Results are summarised
in Table 3, in which the best scores for each class
are highlighted.

These results are further illustrated by the class
distributions in Figure 2, in which larger overlap
(brown) areas indicate a less clear distinction be-
tween the positive and negative classes, most no-
tably in the Globo TV and Church targets.

The present results show that, generally speak-
ing, BILSTM+ outperforms both the Alpaca and
BiLSTM baselines by a considerable margin. This
provides an answer to our research question Q1.



Prompt-based Best cross-domain Distant

Target Alpaca BiLSTM BiLSTM+
Bolsonaro  0.60 0.56 0.86
Lula 0.64 0.70 0.81
Hydrox. 0.42 0.71 0.84
Sinovac 0.61 0.74 0.83
Globo TV  0.67 0.72 0.70
Church 0.30 0.64 0.71
Mean 0.55 0.68 0.79

Table 3: Stance prediction F1 score results. The best
results for each target are highlighted.

4.2 Q2: The role of political alignment
information

Research question ()2 aims to determine whether
the performance gains reported in the previous sec-
tion stem from the inclusion of political alignment
information or merely from the availability of addi-
tional training data. To examine this, the training
set of the distantly labelled BiLSTM+ model was
progressively altered by replacing varying propor-
tions of its instances (ranging from 0% to 100%)
with randomly assigned labels, and the model was
re-evaluated under each configuration. The results
of this analysis are presented in Table 4, where the
first row corresponds to the original model without
any random label replacement and shows the same
results from Table 3 for comparison. The best F1
score for each class is highlighted.

Noise bo Iu hy si gl ch
0% (orig.) 0.86 0.81 0.84 0.83 0.70 0.71
25% 0.84 0.78 0.82 0.82 0.63 0.67
50% 0.74 0.71 0.73 0.76 0.60 0.68
75% 0.63 0.59 0.60 0.62 0.55 0.55
100% 0.52 0.51 0.50 0.52 0.51 0.53

Table 4: BiLSTM+ model F1 score results with random
substitution of 0 - 100% of train labels.

The results presented in Table 4 show that re-
placing any proportion of examples with randomly
labelled instances leads to a decrease in the perfor-
mance of the model. This observation may be taken
as indirect evidence that the distant labelling strat-
egy used to generate the data originally employed
in the model (as shown in the first row of the table)
is largely accurate, or at least substantially more
reliable than random assignment. This outcome
provides an answer to our research question Q2.
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Figure 2: Class distribution per target (red=against,
green=in favour, brown=overlap) — best visualised in
electronic format.

4.3 Q3: Effects of the training data size

The experiment discussed in the previous section
suggests that the data produced through distant
labelling are indeed responsible for the improve-
ment in model performance, and naturally raises
the question of what the optimal volume of data
would be for training under this method, which is
the focus of our research question 3.

To investigate this issue, new BiLSTM+ mod-
els were trained using the same parameters that
yielded the best results in the previous experiment,
this time employing all available data from the aux-
iliary corpus of unlabelled texts. Table 5 presents
a comparison of the results obtained by distant la-
belling with different sizes of training set, in which
the best F1 score is highlighted for each class.

The results presented in Table 5 indicate that, on
average, the highest F1-macro scores are achieved
by models trained with the maximum number of
training instances available for each topic. How-
ever, the difference between the F1-macro scores
obtained from models trained on samples of 15,000
instances and those trained on the entire dataset
amounts, on average, to approximately 1%. In ad-



Addedinst. bo lu hy si gl ch
500 0.83 0.76 0.80 0.76 0.68 0.65
1,000 0.84 0.77 0.80 0.78 0.67 0.66
5,000 0.85 0.80 0.83 0.80 0.66 0.67
10,000 0.85 0.79 0.84 0.82 0.67 0.66
15,000 0.86 0.81 0.84 0.83 0.70 0.71
30,000 0.85 0.80 0.85 0.68

60,000 0.86 0.80 0.67

Maximum 0.87 0.82 0.85 0.81 0.71 0.64

Table 5: BILSTM+ model F1 score results with the ad-
dition of 500 - 60,000 train instances., or all (maximum)
available data for each topic.

dition, models trained with samples of only 500
instances display an average degradation of less
than 5% compared to those trained on all avail-
able data. Although training with the complete
dataset yields models with the best overall perfor-
mance, increasing the number of training instances
— and consequently the computational cost — leads
to only marginal improvements, which may not jus-
tify the additional expense in resource-constrained
scenarios. This provides an answer to our research
question 3.

4.4 Error analysis

Table 6 shows randomly selected examples of false
positive tests, translated into English from the orig-
inal Portuguese data. Similarly, Table 7 shows
randomly selected examples of false negative tests.
Both the false positive and the false negative
examples reveal certain general behavioural pat-
terns of the models for each target. For the tar-
get Bolsonaro, the selected examples are generally
complex. The stance inference is not straightfor-
ward and would require an additional reasoning
step involving external knowledge or inference of
relations between targets. In the first example in
Table 6, for instance, a negative stance is directed
towards individuals who support Bolsonaro, which
could be indirectly inferred as an unfavourable
stance towards the target itself, a nuance that the
model does not appear to have captured.
Furthermore, instances of irony can be identi-
fied in the examples associated with the targets
Chloroquine, Coronavac, and Lula, which likely
lead the models to assign reversed polarity labels.
In the specific case of false positives for the tar-
get Lula, the model appears to enforce an oppo-
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sitional relationship between stances on Lula and
Bolsonaro, which results in misclassification. This
behaviour may stem from the fact that the original
GovBR dataset was constructed around the target
Bolsonaro, while the target Lula is frequently as-
sociated with the opposite end of the ideological
spectrum.

Finally, for the targets Church and Globo, the
texts tend to express clearer and more direct stances,
suggesting a weaker correlation with the political
alignment information employed by the model.

5 Conclusion

Computational stance detection faces a persistent
challenge in its dependence on labelled training
data, which can be mitigated through the use of ex-
ternal knowledge bases or, more recently, with the
support of large language models (LLMs). How-
ever, the knowledge encapsulated in LLMs is not
limited to closed-source or commercial solutions.
To some extent, similar knowledge may be acquired
at a much lower cost from the same underlying
sources, that is, from unlabelled text freely avail-
able online. This observation motivates the explo-
ration of methods that can exploit this information
without relying on extensive supervision or expen-
sive computational resources.

As an example of this approach, the present
study investigates the use of political alignment
information in cross-target stance detection. By
comparing a method based on distant labelling
with standard cross-domain models and prompt-
based approaches employing LLMs, the results
indicate that incorporating unlabelled text — includ-
ing factual or otherwise non-stance utterances — en-
hances performance, surpassing both cross-target
and prompt-based baselines. Moreover, the ex-
periments suggest that these improvements stem
specifically from the use of political alignment in-
formation, rather than from the mere inclusion of
additional training data.

The present study has several limitations that
highlight opportunities for further research. In par-
ticular, our experiments focused on an idealised
scenario involving topic-target pairs with strong
polarisation and considered only six topics. Future
work should extend this analysis to a broader and
more diverse set of topics to assess the generality
of the approach.

More broadly, it remains an open question
whether the present method can be generalised to



Target False positive examples Score
Bolsonaro I unfollowed who follows Bolsonaro 0.68
Regardless of arguing with or excluding anyone, I didn’t elect Bolsonaro 0.68
Lula Lula and Bolsonaro are completely disgusting 0.67
Lula out, Bolsonaro out 0.63
Hvdrox Hydroxicloroquine is saving the virus 0.65
y ’ 1 still don’t believe in Hydroxicloroquine 0.68
. Very insteresting, Coronavac is what is left for us 0.71
Sinovac . .
Coronavac is vaccine for cattle 0.74
I’m very disappointed with you, Globo 0.65
Globo TV So much hate for Globo 0.62
Church 1 boycotte.d the .church a long time ago 0.85
Do you miss going to church? — No 0.67
Table 6: False positive examples using BiLSTM+, adapted form the Portuguese original.
Target False negative examples Score
Bolsonaro Bolsonaro’s win is the victory for Brazil and Latin America 0.45
1 just want to know in which way Bolsonaro attacks democracy 0.28
Lula Lula is convincing me that he is not a thief 0.21
Lula thief, stole my heart 0.24
Hvdrox Each person has their own Hydroxicloroquine to believe in 0.09
y ' Hydroxicloroquine is not medicine for donkeys 0.43
. Saying bad things about Coronavac is fake news 0.27
Sinovac ,
Let’s go Coronavac 0.41
Globo TV Exclusive by Globo TV reveals turn of events in Bolsonaro’s case 0.41
Just stay at home watching Globo TV, that’s THE channel 0.21
Church It’s unbelievable how happy I feel in the church 0.42
I want to go to church so badly 0.26

Table 7: False negative examples using BILSTM+, adapted form the Portuguese original.

less political topics, where alignment information
may have weaker or negligible effects. Future re-
search could explore alternative forms of alignment
or examine whether the observed phenomena are
specific to polarised political discourse.

Finally, another possible future direction is the
integration of stance detection models with other
NLP tasks such as author profiling (dos Santos and
Paraboni, 2022; Zarifi and Naghavi, 2023) and au-
thorship attribution (Custédio and Paraboni, 2021;
Huang et al., 2025), among others.
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