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A HYBRID DISCOURSE-AWARE FRAMEWORK FOR MULTILINGUAL POLITICAL
DISCOURSE

Abstract. Political communication has migrated to social platforms, where opinions are
expressed through short, code-switched, and rhetorically dense messages. Conventional sentiment
analysis systems, tuned for product reviews, transfer poorly to this domain because political
polarity is entangled with stance, irony, and discourse structure. This article surveys the principal
families of sentiment analysis methods—Ilexicon-based, classical machine learning, deep neural,
and transformer-based approaches—and introduces PoliSent, a hybrid discourse-aware
architecture for political sentiment analysis on the Internet. PoliSent unifies three complementary
signals: multilingual contextual embeddings produced by an XLM-RoBERTa encoder, a domain-
specific political lexicon (PoliLex) with valence shifters and negation handling, and a graph-
attention module operating over Universal Dependencies parses. A learned gating mechanism
fuses these signals, and a multi-task objective jointly predicts sentiment, stance, and rhetorical
tactic. We evaluate the framework on PoliWeb-CA, a newly annotated corpus of 18,500 Kazakh-
and Russian-language political messages collected from microblogs, messaging channels, and
news comment threads. PoliSent attains a macro-FI1 of 0.904 and a Matthews correlation
coefficient of 0.857, surpassing a fine-tuned KazRoBERTa baseline by 4.6 macro-F1 points and
outperforming all lexicon, classical, and deep baselines by a wide margin (p < 0.01, paired
bootstrap). Ablation studies confirm that each architectural component contributes measurably,
with the dependency-graph attention and lexicon augmentation jointly responsible for a 5.8-point
improvement over the contextual backbone. The results demonstrate that explicit linguistic
structure remains valuable even in the era of large pretrained encoders, particularly for low-
resource and morphologically rich political discourse.

Keywords: sentiment analysis, political discourse, opinion mining, natural language
processing, transformer models, graph attention networks, stance detection, low-resource
languages, Kazakh, multilingual NLP.

Introduction.

The public sphere of political debate has shifted decisively onto the Internet. Microblogging
platforms, encrypted messaging channels, video-hosting comment sections, and online forums
now carry a large share of the discourse through which citizens evaluate policies, parties, and
public figures. The scale and velocity of this material make manual analysis impractical, and they
create a strong demand for automated methods that can estimate the emotional and evaluative
orientation—the sentiment—of political texts at scale. Reliable political sentiment analysis
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underpins applications ranging from election monitoring and the study of public opinion to the
detection of coordinated influence operations and the measurement of polarization.

Sentiment analysis, also called opinion mining, is among the most studied tasks in natural
language processing (NLP) [1, 2]. Yet the bulk of progress has been driven by domains such as
product and movie reviews, where the relationship between lexical choice and polarity is
comparatively direct. Political discourse differs in several respects that degrade the accuracy of
off-the-shelf systems. First, polarity is frequently expressed indirectly, through irony, sarcasm,
rhetorical questions, and appeals to shared values, rather than through overt sentiment words.
Second, political sentiment is entangled with stance: the same proposition may carry opposite
evaluative force depending on the target and the author’s allegiance. Third, online political
messages are short, noisy, and rich in named entities, hashtags, and code-switching between
languages. These properties are especially pronounced in multilingual, morphologically rich
settings, such as the mixed Kazakh—Russian discourse that circulates across Central Asian social
media [3, 4].

Methodologically, the field has passed through three broad generations. Early systems relied
on sentiment lexicons and hand-crafted rules [5]; they are transparent and require no labelled data,
but they are brittle in the face of negation, intensification, and domain shift, although recent work
shows that carefully constructed multilingual lexicons still support competitive zero-shot transfer
into low-resource languages [6]. The second generation applied classical supervised learning —
naive Bayes, logistic regression, and support vector machines over bag-of-words or term-
frequency features [1, 5] — improving robustness at the cost of interpretability and feature-
engineering effort. The third and current generation is built on distributed representations and deep
neural networks: word embeddings, convolutional and recurrent classifiers [5] and, most
influentially, self-attention transformers together with the large multilingual encoders pretrained
on them [7]. Transformer encoders define the present state of the art, yet they remain data-hungry
and tend to underperform on low-resource languages [8] and on phenomena, such as discourse-
level rhetoric, that are not well captured by surface co-occurrence statistics.

This article makes two contributions. The first is a structured comparative review of the
principal sentiment analysis method families as they apply to online political text, organized
around the trade-offs between interpretability, data efficiency, and accuracy. The second, and
central, contribution is PoliSent, a hybrid discourse-aware architecture that we propose and
evaluate. PoliSent is motivated by the observation that the strengths of the older method families—
explicit lexical polarity and explicit syntactic structure—are precisely the signals that purely end-
to-end transformers tend to under-exploit in low-resource political settings. The architecture
therefore retains a multilingual contextual encoder but augments it with two structured streams: a
domain-specific political lexicon equipped with negation and valence-shifter handling, and a
graph-attention network that propagates evaluative information along Universal Dependencies
relations. A learned gating mechanism decides, per instance, how much weight to assign each
stream, and a multi-task head jointly predicts sentiment, stance, and rhetorical tactic, exploiting
the empirical correlation among them.

We summarize the novelty of the work as follows. (i) We introduce a fusion architecture that,
to the best of our knowledge, is among the first to combine multilingual transformer embeddings,
a political-domain lexicon and dependency-graph attention through an instance-adaptive gate for
sentiment analysis of political text. The closest prior systems each differ in at least one component:
the multi-level hybrid of [4] cascades lexical and classifier stages without syntactic attention; the
syntax-aware models of [ 12, 13] weight dependency relations or combine them with prompt-based
encoders but use neither a political-domain lexicon nor an instance-adaptive gate; and the
transformer systems for political text in [3] rely on in-domain pretraining alone. (ii) We formulate
political sentiment estimation as a multi-task problem coupled with stance and rhetorical-tactic
prediction, and show that this coupling improves the primary sentiment task. (iii) We release
PoliWeb-CA, an annotated corpus of 18,500 Kazakh- and Russian-language political messages
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with three-way sentiment, stance, and tactic labels. (iv) We provide a systematic empirical
comparison and ablation across eleven systems, with significance testing, that quantifies the
contribution of explicit linguistic structure in the transformer era.

Lexicon-based and rule-based methods.

Lexicon-based sentiment analysis assigns polarity by aggregating the prior valence of the
words a text contains, optionally modulated by intensifiers, negators, and contrastive connectives
[5]. Carefully curated word lists combined with a small set of compositional rules can rival simple
supervised models on short informal text, and multilingual lexicons have recently been shown to
drive zero-shot sentiment classification across dozens of languages, including code-switched
settings [6]. The principal advantages are transparency, the absence of any training requirement,
and predictable behaviour, which is attractive in politically sensitive applications where
auditability matters. The principal weaknesses are limited coverage, an inability to disambiguate
context-dependent polarity, and severe degradation under domain shift. For political discourse,
generic lexicons miss domain terms whose valence is reversed relative to everyday usage, and they
cannot resolve the target-dependence of evaluative language [4].

Classical machine learning.

Supervised classifiers over sparse lexical features marked the second generation of sentiment
systems [5]. Naive Bayes, logistic regression, and support-vector machines trained on bag-of-
words or term-frequency—inverse-document-frequency (TF—IDF) representations remain strong,
fast, and interpretable baselines, and they continue to serve as references in shared tasks. Their
reliance on surface features, however, prevents them from modelling word order, long-range
dependencies, and compositional negation; performance also depends heavily on feature
engineering and on the availability of in-domain labelled data, which is scarce for political text in
many languages [8].

Deep neural approaches.

Distributed word representations enabled neural classifiers that learn features directly from
data. Convolutional networks capture local n-gram patterns efficiently, while recurrent
architectures, particularly long short-term memory (LSTM) networks and their bidirectional and
attention-augmented variants, model sequential context. Surveys of deep learning for sentiment
analysis document consistent gains over classical baselines on benchmark datasets [1, 5].
Nevertheless, these models require substantial labelled data, and their performance on short, code-
switched political messages in low-resource languages is limited by the quality and coverage of
the underlying embeddings [6].

Transformer-based and multilingual models.

The transformer architecture and the masked-language-model pretraining paradigm
redefined the field. Bidirectional encoders such as BERT and RoBERTa, and their multilingual
counterparts — multilingual BERT and XLM-RoBERTa [7] — provide contextual representations
that transfer across tasks with light fine-tuning [5]. Domain- and language-adapted resources,
including annotated Kazakh corpora and Kazakh-specific encoders, further narrow the gap for
under-resourced languages [8]. Work dedicated to political text confirms that transformer encoders
dominate lexicon and classical baselines and that additional in-domain pretraining yields further
gains [3]. Two limitations motivate the present work: large encoders still underperform on low-
resource languages relative to high-resource ones, and they do not explicitly represent the syntactic
and discourse structure that conveys political evaluation [4].

Stance detection, graph models, and the present contribution.

Stance detection — classifying a text as supporting, opposing, or neutral toward a target —
has been studied as a task closely related to, but distinct from, sentiment [9], and it remains difficult
in small languages and polarizing media environments [10]. Graph neural networks, and in
particular graph attention networks (GAT) [11], have been used to propagate information along
syntactic or discourse graphs, offering a principled way to inject structure into neural classifiers;
recent syntax-aware variants weight dependency relations by their importance for polarity [12] or
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combine dependency graphs with prompt-based pretrained encoders [13]. Universal Dependencies
[14] provide cross-lingual syntactic annotations that make such graphs available even for low-
resource languages. Prior systems have explored these ingredients largely in isolation. The
contribution of this article is to integrate them within a single jointly trained model, which is the
specific respect in which PoliSent differs from the hybrid system of [4] and from the syntax-aware
systems of [12, 13]: PoliSent couples a multilingual transformer with a political lexicon and a
dependency-graph attention module through an adaptive gate, and trains the result jointly for
sentiment, stance, and rhetorical tactic. Table 1 situates the method families with respect to the
criteria that matter most for online political analysis.

Table 1 — Comparative summary of sentiment analysis method families for online political

text
Method family Labelled data Interpretability | Handles Typical macro-
structure F1*

Lexicon / rule- None High Weak 0.55-0.65
based
Classical ML Moderate Moderate Weak 0.66 -0.71
(TF-IDF)
Deep neural High Low Partial 0.74 -0.77
(CNN/BILSTM)
Transformer High Low Implicit 0.82 - 0.86
encoders
Hybrid (PoliSent, High Moderate Explicit 0.90
ours)

Materials and research methods.

Problem formulation.

Let a political message be a sequence of tokens x = (w1, ..., w_T). The primary task is three-

way sentiment classification, assigning x a label y € {negative, neutral, positive}. We additionally
define an auxiliary stance label s € {against, none, for} relative to the salient target of the message,
and a rhetorical-tactic label r drawn from a small inventory (for example, appeal, irony, contrast,
or none). The auxiliary tasks are used during training to regularize the shared representation; at
inference time the sentiment prediction is the quantity of interest, although stance and tactic
predictions are also produced and are useful for downstream interpretation.

Corpus construction and annotation.

We assembled PoliWeb-CA, a corpus of online political messages in Kazakh and Russian.
Messages were collected from four source types—a microblogging platform, public messaging
channels, video-hosting comment threads, and news-portal comment sections—using keyword
and hashtag queries on political topics including elections, public administration, social reform,
local governance, and regional affairs. After language identification, near-duplicate removal, and
the exclusion of non-textual and purely promotional content, the corpus comprised 18,500
message-level segments. Table 2 reports its composition. Collection covered the period from 1
March 2023 to 28 February 2025. The raw crawl returned 41,300 messages — 15,600 from the
microblogging platform, 11,200 from public messaging channels, 7,900 from video-hosting
comment threads and 6,600 from news-portal comment sections — which after filtering yielded
6,845, 4,930, 3,410 and 3,315 annotated segments respectively. A message was included if it
contained 5-120 tokens and at least one political keyword or actor from the query list; advertising,
bot-generated, duplicated, URL-only and emoji-only messages, and posts unrelated to the political
topics, were excluded. Language identification used fastText lid.176 with an acceptance threshold
of 0.80, and manual checking of a 500-message sample confirmed 97.4% accuracy; messages
mixing the two languages were kept and flagged as code-switched. Deduplication was performed
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in two stages, exact hashing followed by MinHash-LSH near-duplicate removal at a Jaccard
threshold of 0.85, which discarded 7,220 messages. User names, URLs and other personal
identifiers were masked before annotation.

Table 2 — Composition of the PoliWeb-CA corpus (18,500 segments)

Attribute Negative Neutral Positive Total
Segments 7,400 6,105 4,995 18,500
Kazakh (58%) 4,292 3,541 2,897 10,730
Russian (42%) 3,108 2,564 2,098 7,770
Mean length (tokens) 24.6 21.2 22.9 23.1
Code-switched (%) 19.1 14.7 16.3 17.0

Each segment was independently annotated by three trained annotators, native or near-native
in both languages, following a written guideline that defined the sentiment, stance, and tactic
schemata and provided adjudication rules for sarcasm and target ambiguity. Final labels were
assigned by majority vote, with disagreements adjudicated by a senior annotator. Inter-annotator
agreement was substantial: the mean pairwise Cohen's k was 0.79 for sentiment and Krippendorff's
a was 0.81 across the three annotators. Cohen's «k is defined in Eq. (1), where p_o is the observed
agreement and p_e the agreement expected by chance.

Po—Pe
k=" ()

The corpus was partitioned into training, validation, and test splits in a 70: 15: 15 ratios,
stratified by label and language, yielding 12,950 training, 2,775 validation, and 2,775 test
segments. Splitting was performed at the author level where author identifiers were available, to
limit information leakage between splits.

Preprocessing and linguistic analysis.

Raw messages were normalized by lower-casing, Unicode NFC normalization, the masking
of user mentions and URLs with placeholder tokens, and the segmentation of hashtags into
constituent words where possible. Emoji were retained and mapped to sentiment-bearing tokens.
Each message was tokenized, lemmatized, and parsed into a Universal Dependencies tree [14]
using a multilingual parser; the dependency tree supplies the graph over which the structural
module of PoliSent operates. For the lexicon stream, the political lexicon PoliLex was compiled
by extending general-purpose Kazakh and Russian sentiment lexicons with domain terms and by
annotating each entry with a polarity v € {—1, 0, +1}, an intensity weight, and flags for negators
and valence shifters. PoliLex contains 12,480 entries, of which 6,930 are Kazakh and 5,550
Russian; 3,180 are political-domain terms added in this work and the remainder were imported
from open Kazakh and Russian sentiment lexicons and manually verified. The extension procedure
had three steps: candidate terms were mined from the unlabelled political stream by a log-odds
ratio against a general-domain reference corpus; two annotators then independently assigned each
candidate a polarity v € {—1, 0, +1} and an intensity weight ® € [0.5, 1.5]; and remaining
disagreements were adjudicated by a senior annotator (Cohen’s k = (.76 for polarity and 0.71 for
intensity binned into three levels). Representative entries are »&eMKOpJbIK ‘corruption’ (v =—1, ®
=1.4), toyencizaik ‘independence’ (v=+1, ® =1.2), pehopma ‘reform’ (v=+1, ® =0.9), mpousson
‘arbitrariness’ (v =—1, = 1.3), the valence shifter tinTi ‘even’ (x1.3) and the negator emec ‘not’
(c=-1).

Baseline methods.

We implemented baselines from each method family. The lexicon baseline, PoliLex, scores
a document by aggregating the polarity of its tokens, modulated by intensity and by local valence
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shifters, as in Eq. (2), where |d| is the document length, ® i is the intensity weight of token i, v(w_1)
its lexicon polarity, and o(w i) € {—1, +1} a negation-scope sign.

Siex(d) = 7 T2y wv(w)a(w) @)

The classical baselines—naive Bayes, logistic regression, and a linear support-vector
machine—operate on TF—IDF features, where the weight of term t in document d is computed as
in Eq. (3); N is the number of documents and df(t) the document frequency oft.

N

tfidf (t,d) = tf (6, )  log 7o 3)

The deep baselines comprise a CNN sentence classifier, a bidirectional LSTM, and a
bidirectional LSTM with an additive attention layer. The transformer baselines are multilingual
BERT, XLM-RoBERTa, and the Kazakh-adapted KazRoBERTa, each fine-tuned with a linear
classification head over the pooled representation. All neural classifiers terminate in a softmax
layer, Eq. (4), and are trained by minimizing the categorical cross-entropy loss, Eq. (5).

Zc

P(J’=C|x)=zgiw 4)

1 N
Legp = Zliv=1 Zg=1 Yiclogyic (5)

- N

All baselines were trained and evaluated on exactly the same stratified splits and with the
same preprocessing pipeline as PoliSent, and no system was tuned on the test split. The classical
baselines used TF—IDF features over unigrams and bigrams (minimum document frequency 3,
50,000 features) with hyperparameters selected by five-fold cross-validation on the training split
(C € {0.1, 1, 10} for logistic regression and the SVM, a € {0.1, 0.5, 1.0} for naive Bayes). The
deep baselines used 300-dimensional fastText embeddings, a hidden size of 256, dropout of 0.3,
Adam with a learning rate of 1 x 10~ and a batch size of 32. The transformer baselines used the
same optimizer, peak learning rate, batch size and maximum sequence length as PoliSent. Every
neural system, including all baselines, used the identical early-stopping criterion (patience of three
epochs on validation macro-F1, at most eight epochs) and the same five random seeds, and all
reported figures are means over those seeds.

Proposed architecture: PoliSent.

PoliSent (Figure 1) is organized as three parallel encoders whose outputs are merged by an
adaptive gate and consumed by a multi-task head. The contextual encoder is an XLM-RoBERTa
model that maps the token sequence to contextual states and a pooled representation h ctx. The
self-attention operation underlying this encoder is given in Eq. (6), where Q, K, and V are the
query, key, and value projections and d_k the key dimension.

Attn(Q,K,V) = softmax (%) %4 (6)
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Figure 1 — Architecture of PoliSent. Three parallel encoders — a multilingual contextual
transformer, a political-lexicon stream, and a dependency-graph attention module — are merged
by an instance-adaptive gate and consumed by a multi-task head that jointly predicts sentiment,

stance, and rhetorical tactic

The lexicon stream converts the PoliLex features of a message—aggregated polarity,
intensity, negation density, and valence-shifter counts—into a dense vector h_lex through a small
feed-forward network. This stream gives the model direct access to prior word-level evaluative
knowledge that is otherwise diluted in subword embeddings, and it is particularly valuable for rare
or out-of-vocabulary political terms.

The structural stream is a graph attention network [11] operating over the Universal
Dependencies tree. Each token is a node initialized with its contextual state; messages are
processed as graphs in which edges follow syntactic relations. The attention coefficient between a
node 1 and a neighbour j is computed as in Eq. (7), where W is a shared linear transformation, a
the attention vector, | denotes concatenation, and V' _i the neighbourhood of node 1.

exp(LeakyReLU(aT[Whi||Whj])) 7
Yken; exp(LeakyReLU(aT [Wh;||Whg])) )

aij =

The updated node representation aggregates neighbour information weighted by these
coefficients, Eq. (8); a graph-level read-out then yields the structural vector h_dep, which encodes
how evaluative cues propagate along syntactic relations such as negation, conjunction, and the
heads of contrastive clauses.

hi = ELU(Y jen, @ijWh;) )

The three representations are combined by an instance-adaptive gate. The gate vector g is
produced from the concatenation of the three streams, Eq. (9), and modulates their relative
contribution to the fused representation h_fus, Eq. (10), where © is the element-wise product and
D a learned combination. The gate allows the model to rely chiefly on contextual embeddings for
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straightforward messages while deferring to the lexicon and structural streams for short, sparse, or
syntactically marked political utterances.

g = G(% [hctx”hlex”hdep] + bg) )
hfus =9 O hgx + 1- g) © (hlex S hdep) (10)

The fused representation feeds three linear heads predicting sentiment, stance, and rhetorical
tactic. Because the sentiment classes are imbalanced and the neutral class is the hardest, we add a
focal-loss term [15], Eq. (11), which down-weights well-classified examples through the focusing
parameter Y.

1 NN ST

Lfocal = _Ezli\;l Z(c:=1 yi,c(l - Yi,c) ZOQYi,c (11)

The full training objective, Eq. (12), is the sum of the sentiment cross-entropy, the auxiliary

stance and rhetorical-tactic losses, the focal term, and an L. regularizer on the parameters ®; the
coefficients A1, A2, A3, and [ balance the terms.

L = Lcg + MLstance + A3Liactic + /12Lfocal + ﬁ”@”% (12)

A domain-adaptive feedback loop periodically expands PoliLex with high-confidence
sentiment-bearing terms mined from the training stream, so that the lexicon remains current as
political vocabulary evolves. This loop is depicted by the dashed path in Figure 1.

Both auxiliary heads of Figure 1 are therefore optimized during training: L stance and
L tactic are ordinary cross-entropy losses computed over the stance and rhetorical-tactic heads on
the same fused representation h_fus, weighted by A1 = 0.30 and A5 = 0.15. Eq. (12) consequently
covers all three prediction heads shown in Figure 1, and the ablation row ‘— multi-task (stance +
tactic) / focal’ in Table 5, shown as the bar ‘— focal/stance’ in Figure 4, removes both auxiliary
terms together with the focal term.

Domain-adaptive pretraining precedes fine-tuning and consists of continued masked-
language-model training of XLM-RoBERTa-base on 1.2 million unlabelled Kazakh and Russian
political messages (= 46 million tokens) drawn from the same platforms as PoliWeb-CA but
disjoint from all annotated splits. We used whole-word masking at a rate of 15%, a learning rate
of 5 x 10~ with linear decay and 5% warm-up, a batch size of 64 and 60,000 steps (about three
epochs over the stream); the checkpoint with the lowest held-out perplexity was retained (14.2
against 23.8 for the unadapted encoder). The PoliLex update loop operates on the same unlabelled
stream but is separate from this procedure: after each fine-tuning epoch, candidate terms that the
model labels with a confidence of at least 0.9 in twenty or more occurrences are added to the
lexicon, and the lexicon-stream features are recomputed for the next epoch. The two are thus
sequential and share data but not parameters, and the ablation row ‘— domain-adaptive pretraining’
in Table 5 disables both.

Experimental setup.

The contextual backbone was XLM-RoBERTa-base. Inputs were truncated to 256 sub-
tokens. Models were trained with the AdamW optimizer at a peak learning rate of 2 x 10~° with a
linear warm-up over the first 10% of steps, a batch size of 32, dropout of 0.1, and an AdamW
weight-decay coefficient of 0.01, for up to eight epochs with early stopping (patience three) on
validation macro-F1. The graph attention module used four attention heads and a hidden size of
256. The loss coefficients were A1 = 0.3, A2 = 0.2, Az = 0.15, the focal focusing parameter y = 2.0,
and f =1 x 107, Training was performed on two NVIDIA A100 GPUs; each run was repeated
with five random seeds, and we report the mean. Hyperparameters are summarized in Table 3.

155



Ne3(42) AAA XAPLbICbI
Table 3 — Principal hyperparameters of the PoliSent model
Hyperparameter Value Hyperparameter Value
Backbone XLM-R GAT heads 4
base

Max sequence length 256 GAT hidden size 256
Optimizer AdamW A (stance) 0.30
Learning rate 2x10> A2 (focal) 0.20
Batch size 32 vy (focal) 2.0
Epochs (early stop) 8(3) B (L2 term, Eq. 12) 1 x10°°
Dropout 0.10 Random seeds 5
AdamW weight decay 0.01 As (tactic loss) 0.15

Evaluation metrics.

We report accuracy together with macro-averaged precision, recall, and F1, the weighted F1,
and the Matthews correlation coefficient (MCC). Precision and recall are defined in Eq. (13); the
F1 score and its macro average over the C classes appear in Eq. (14). MCC, Eq. (15), is a balanced
measure that remains informative under class imbalance. Because macro-averaging treats all
classes equally, it is the primary metric, given the difficulty of the neutral class.

.. TP
Precision = , Recall = (13)
TP+FP TP+FN
Precision*Recall 1
F. =2« macro _— (_) C_ F¢ 14
1 Precision+Recall’ 1 c Zc—l 1 (14)
TP-TN—FP-FN
MCC = (15)

J(TP+FP)(TP+FN)(TN+FP)(TN+FN)

Results and discussion.

Overall comparison.

Table 4 reports the performance of all eleven systems on the PoliWeb-CA test split. The
ordering is consistent across metrics and confirms the generational trend: the lexicon baseline is
weakest, classical machine learning improves on it, deep neural models improve further, and
transformer encoders dominate the conventional approaches. PoliSent attains the best result on
every metric, with a macro-F1 of 0.904 and an MCC of 0.857. The strongest baseline, the Kazakh-
adapted KazRoBERTa, reaches a macro-F1 of 0.858; PoliSent therefore improves on it by 4.6
macro-F1 points and on the multilingual XLM-RoBERTa backbone by 5.8 points. Figure 2
visualizes the macro-F1 ranking.

Table 4 — Performance of all systems on the PoliWeb-CA test split (mean over five seeds);
best results are given in bold

System Acc. Macro- Macro- Macro- MCC
P R F1

PoliLex (lexicon) 0.642 0.628 0.607 0.611 0.402
Naive Bayes (TF- 0.688 0.671 0.652 0.659 0.476
IDF)
Logistic 0.709 0.694 0.681 0.686 0.509
Regression
SVM (TF-IDF) 0.724 0.712 0.698 0.703 0.536
BiLSTM 0.758 0.746 0.738 0.741 0.601
CNN 0.769 0.758 0.748 0.752 0.618
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BiLSTM + 0.781 0.772 0.762 0.766 0.640
Attention
mBERT 0.831 0.824 0.814 0.818 0.726
XLM-RoBERTa 0.857 0.851 0.842 0.846 0.768
KazRoBERTa 0.869 0.863 0.855 0.858 0.787
PoliSent (ours) 0.912 0.908 0.901 0.904 0.857
PoliLex (lexicon) - 0.611
Naive Bayes 1 0.659
Logistic Reg. 1 0.686
SVM (TF-IDF) 4 0.703
BILSTM - 0.741
CNN - 0.752
BiLSTM+Attn 0.766
mMBERT A 0.818
XLM-RoBERTa - 0.846
KazRoBERTa - 0.858

rosent (ours) - -0

055 060 065 070 075 080 085 090 0.5
Macro-F1 score

Figure 2 — Macro-F1 of the evaluated systems on PoliWeb-CA. The proposed PoliSent
model outperforms all lexicon, classical, deep, and transformer baselines

Per-class performance.

Disaggregating by class clarifies where the gains arise. As Figure 3 shows, every system
finds the neutral class hardest, because neutral political messages frequently contain emotionally
charged vocabulary without an overall evaluative commitment. PoliSent narrows the neutral gap
most: its per-class F1 scores are 0.929 for negative, 0.886 for neutral, and 0.897 for positive,
compared with 0.885, 0.830, and 0.859 for KazRoBERTa. The improvement on the neutral class,
5.6 points over the strongest baseline, is the single largest per-class gain and accounts for much of
PoliSent's macro-F1 advantage.

Auxiliary-task results. Although stance and rhetorical tactic are auxiliary, both heads are
evaluated on the same test split. PoliSent reaches a macro-F1 of 0.812 (accuracy 0.834) for stance
and 0.741 (accuracy 0.786) for rhetorical tactic, against 0.786 and 0.709 for single-task models
trained on the same data, so the shared representation benefits the auxiliary heads as well as the
primary one. Agreement on these two layers was lower than for sentiment: the mean pairwise
Cohen’s x was 0.74 for stance and 0.68 for rhetorical tactic, with Krippendorff’s a of 0.76 and 0.70
respectively. Most residual disagreement in the tactic layer concerns the boundary between irony
and contrast, which is also the hardest distinction for the model.
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Figure 3 — Per-class F1 for the four strongest systems. The largest improvement of PoliSent
over the baselines is on the difficult neutral class

Ablation study.

To quantify the contribution of each component we removed them one at a time from the
full model; Table 5 and Figure 4 report the results. Removing the lexicon stream lowers macro-F1
from 0.904 to 0.882, and removing the dependency-graph attention lowers it to 0.871, confirming
that explicit lexical and syntactic structure both matter. Disabling the domain-adaptive pretraining
and lexicon update reduces the score to 0.866, and removing the focal and multi-task (stance and
tactic) terms costs 1.5 points. With all structured components removed, the model reduces to its
XLM-RoBERTa backbone at 0.846. The structured streams therefore contribute a combined 5.8
macro-F1 points, the bulk of PoliSent's advantage over a strong transformer.

Table 5 — Ablation of PoliSent components on the PoliWeb-CA test split

Configuration Macro-F1 A vs. full
PoliSent (full model) 0.904 —

— multi-task (stance + tactic) / focal 0.889 —0.015
— lexicon augmentation 0.882 —0.022
— dependency-graph attention 0.871 —0.033
— domain-adaptive pretraining 0.866 —0.038
Backbone only (XLM-R) 0.846 —0.058

0.92 -

0.904

Macro-F1 score
© © o
[ee] [o¢] [(e]
(o)} (o] (=]

o
®
=9

PoliSent — focal/ — lexicon — dep-GAT — domain backbone
(full) stance pretrain only

Figure 4 — Ablation of PoliSent. Each structured component contributes measurably;

removing all of them recovers the transformer backbone
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Error analysis.

The normalized confusion matrix of PoliSent on the test set is shown in Figure 5. The
dominant error mode is the confusion of neutral messages with negative ones: of the 916 neutral
test segments, 50 were predicted negative and 40 positives. This pattern reflects the prevalence of
charged vocabulary in factually descriptive political statements. A manual inspection of 150
misclassified examples identified three recurring causes: unmarked irony, where a literally positive
surface masks a negative intent; target ambiguity, where the message addresses several actors with
conflicting evaluations; and heavy code-switching that fragments subword tokenization. The
lexicon and structural streams reduce, but do not eliminate, the first two categories.

1.0
, 54 24

Negative (4.9%) (2.2%) 0.8
@ 20 0.6 5
© i =]
v Neutral (4.4%) §
= 0.4

- 33 43 673 0.2

Positive 1 (449, (5.7%) (89.9%)
0.0

Negative Neutral Positive
Predicted label

Figure 5 — Normalized confusion matrix of PoliSent on the PoliWeb-CA test set. Cells
show counts and row-wise proportions

Statistical significance.

To confirm that the improvements are not artefacts of sampling, we compared PoliSent with
KazRoBERTa using a paired bootstrap over 1,000 resamples of the test set. The 4.6-point macro-
F1 difference is significant at p < 0.01, with a 95% confidence interval of [0.031, 0.061]. A
McNemar test on the paired predictions yields the same conclusion (%> = 38.7, p < 0.001). The
gains over the deep and classical baselines are significant at p <0.001.

Discussion.

The central empirical finding is that explicit linguistic structure continues to add value on
top of large pretrained encoders, at least in the low-resource, rhetorically dense setting of online
political discourse. The ablation makes the mechanism concrete: the lexicon stream supplies prior
polarity for rare political terms that subword models represent poorly, while the dependency-graph
attention propagates evaluative cues across the syntactic relations—negation scope, contrastive
conjunction, and clausal subordination—that govern compositional sentiment [12, 13]. The
instance-adaptive gate lets the model exploit these signals selectively, which is why the gains
concentrate on short and syntactically marked messages and, in particular, on the neutral class.

The multi-task formulation is a second source of improvement. Sentiment and stance are
correlated but not identical, and training a shared representation to predict both, together with the
rhetorical tactic, regularizes the encoder toward features that generalize. This is consistent with
the broader literature on stance detection [9, 10] and on auxiliary supervision, and it suggests that
political opinion mining is most accurately framed as a joint, rather than isolated, prediction
problem.

Several limitations qualify these conclusions. First, the evaluation is confined to two
languages and to a single regional discourse; although the architecture is language-agnostic by
design, its behaviour on other political ecosystems remains to be verified. Second, the dependency-
graph stream depends on the quality of the upstream parser, which is itself imperfect for code-
switched and ungrammatical social-media text; parser errors propagate into the structural
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representation. Third, the synthetic balance of the corpus, while stratified, does not reproduce the
extreme class skew of organic political streams, where neutral and off-topic content dominate.
Finally, the model inherits the biases of its pretraining data and of the annotation guideline, and its
predictions should be treated as estimates rather than ground truth.

These limitations carry ethical weight. Political sentiment analysis can inform legitimate
research on public opinion and platform integrity, but the same techniques can be repurposed for
surveillance or for the suppression of dissent. We therefore advocate transparent reporting of model
confidence, aggregate rather than individual-level analysis, and the auditability that the lexicon
stream affords. The domain-adaptive lexicon, in particular, makes the lexical basis of a prediction
inspectable, which is a deliberate design choice in favour of accountability.

Future work will extend PoliWeb-CA to additional languages and platforms, replace the
pipeline parser with a jointly trained structural encoder to reduce error propagation, and investigate
the calibration of the model's confidence estimates so that downstream consumers can reason about
uncertainty. We also plan to study temporal drift, since political vocabulary and the polarity of
specific terms shift rapidly around elections and crises.

Conclusion.

This article reviewed the principal families of sentiment analysis methods for political texts
on the Internet and introduced PoliSent, a hybrid discourse-aware architecture that fuses
multilingual contextual embeddings, a domain-specific political lexicon, and dependency-graph
attention through an instance-adaptive gate, trained jointly for sentiment, stance, and rhetorical
tactic. On PoliWeb-CA, a newly annotated corpus of 18,500 Kazakh- and Russian-language
political messages, PoliSent achieved a macro-F1 of 0.904 and an MCC of 0.857, significantly
outperforming lexicon, classical, deep, and transformer baselines, including a strong language-
adapted encoder. Ablation analysis attributed the bulk of the improvement to the explicit lexical
and syntactic streams and to the multi-task objective. The study supports a broader conclusion: in
low-resource and rhetorically complex domains, combining the structural insights of earlier
method generations with modern pretrained encoders yields models that are both more accurate
and more interpretable than either approach alone.
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KONTLIII CASICU JUCKYPCKA APHAJIFAH JIMCKYPCTBIK
EPEKIIEJIKTEPII ECKEPETIH THBPUATI KYPBLIBIM

Anoamna. Cascu KoMMYHUKayusi aneymemmix niam@opmanapea ayvicvin, nikipaep
KbICKA, KOO ayblCmbulpy 21eMeHmmepl Ke30€Cemin JHCIHe PUMOPUKATILIK MYPEblOaH Kypoei
xabapnamanap apxwiivl 6i10ipinemin 6010bl. OHiMOep MeH Kbizmemmepee KamvlCmul NiKipiepoi
manoayea oetiimoenzen 02CMypii CeHMUMenm manoay xcyuenepi caacu caiaea muimoi mypoe
KOJOAHBLIMAObL, OUMKEeHI Casacu NOJAPIbIK ABMOPOblY YCMAHbIMbIMEH (Stance), UpOHUIMeH
JHCOHE MIMIHHIY OUCKYPCMBIK KYPbUILIMbIMEH Mblebl3 Oaiianvicmsl. bByn makarada cenmumenm
manoayovly Hezizei adicmepi — JIeKCUKOHEA He2iz0eNieeH Maciloep, KAACCUKANbIK MAUUHATILIK
oKbimy  20icmepi, mepey HeEUPOHObIK Jicelilep JcoHe mpaHcgopmepnik — Mooenboep
KAPACMuIpblIbln, UHMEpHemme2i caacu nikipiepoiy MOHANObLIbIZbIH AHLIKMAYEAd aAPHANAH
PoliSent ammul cubpuomi ouckypcka bazoapianzan apxumexkmypa YCblHulLIaobl.

PoliSent yw e3apa monvikmeipywvl axnapam ke3in 0ipikmipedi: XLM-RoBERTa
KOOMAaywvlCol KANLINMACMbIPAMbIH  KONMINOI KOHMEKCMIK mMbe0ouHemepoi, MmMoHAaI0bLIbIK
Kyuteumxiuimepi men mepicmeynepoi eckepemin apHaiivl cascu aekcukonowl (Polilex), conoati-
ax Universal Dependencies cummaxcucmix mayenoilikmepine Heciz0elieeH 2papmulK HA3Ap
(graph attention) mooynin. byn 6eneinepoi Oipikmipy ywiin yupeninemin Kaknaiay MexaHusmi
(gating mechanism) natioananvliaowl, Al KONMAaNCulpmMaibl MaKCammolk QYHKYUs CeHMuMeHmmi,
cascu YCmaHulMObl HCaHe PUMOPUKATIbIK MAKMUKAHbL Oipiecin 60ax4cayovl KaMmamacsl3 emeol.

Ycvinvinzan macinoiy  muimoiniei  PoliWeb-CA  den amanamvin  dcana xopnycma
baeananovl. Kopnyc mukpooOnoemapoan, xabap aimacy apHaiapbl MeH HCAHAIbIKMAapad
HCABBLIRAH NIKIPIEPOeH JHCUHANIRAH KA3AK JHcaHe opblc mindepinodezi 18 500 casacu xabapramadan
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mypaovl. PoliSent mooeni Macro-F1 kepcemxkiwi 6otivinwa 0,904 scone Mammuoioc xoppensiyus
koo puyuenmi (MCC) botivinwa 0,857 namudicenepine Kou JHcemkisin, Oetlimoenin OKblmulieaH
KazRoBERTa mooeninen 4,6 Macro-F1 ynativina stcozapvl Hamudice Kopcemmi JHcaHe Oapivlk
JIEKCUKOHObBIK, KIACCUKANILIK JiCOHE MepeH OKblmyaa Hezizoencen 0a3anvlk Mooeiboepoet
avmapnvikmai oaceim 60106t (p < 0,01, scynmuix bootstrap mandaywt). Abrayusnelx zepmmey
Hamudicenepi apxumekmypauvly apoip Kypamoac 6eniei dcainvl OHIMOLNIKKe eneyni yiaec
KOCamulHblH Kepcemmi. Ocipece mayenodilik 2epapvina Heli30enceH HA3ap MexaHu3mi MeH
JIEKCUKANILIK,  MONLIKMbIPY KOHMEKCMIK  Hez2izben canvicmulpeanoa HamudceHi 5,8 ynaiiza
HCaAKCapmmbi.

Anvinean Homudicenep ipi anobiH ala OKbIMuLI2AH MLIOIK Modenboep 0dyipinde e mindik
KYPbIIbIMObL  QUKbIH mMypoe NatudaianyObly MAaHbl30bLIbIRbIH  0dNe10eldl, acipece pecypcbl
wekmeyi dicane MOpGhOIOUANLIK MYPEbIOAH KYPOeli cascu MamiHOep VIUiH.

Tyitin co3dep: cenmumenm manoay, cascu OUCKYpPC, NiKipaepoi manoay, madousu minoi
oyoey, mpancgopmepnix mooenvoep,  2pagpmulK HA3Ap dHceniiepi, YCMAaubiMObl AHLIKMAY,
pecypcwl wekmeyni minoep, Kazax mini, Konmindi maouau mindi eyoey.

I'MBPUTHAA JUCKYPCUBHO-OPUEHTUPOBAHHASA APXUTEKTYPA JIJIAA
AHAJIN3A MHOT'OA3BIYHOT O ITOJIMTUYECKOI'O IUCKYPCA

Annomavun. Ilonumuueckas  KOMMYHUKAYUSI —NepeMecmuniacb Ha  COYUANbHbLE
niamgopmul, 20e MHEHUS BblpANCAIOMCSL 8 BUde KOPOMKUX COOOWeHUll C NnepeKkityeHuem
A3bIKOBBIX KOOO8 U 8bICOKOLU PUMOPULECKOU HACbIUWeHHOCMbIo. Tpaduyuonnvle cucmembsl aHaiu3a
MOHANILHOCMU, PA3PAOOMAHHblE NPEUMYUIeCBEHHO Ol OM3bl808 0 MO08ApaAx U YCiyeax, nioxo
NepPeHoCAmEs Ha NOTUMUYECKYI0 chepy, NOCKONbKY NONUMUYECKAsl NOISPHOCHb MECHO C8A3aHA C
nosuyuetl agmopa (stance), upouuei u OUCKYPCUBHOL CIMPYKmypoti mexkcma. B oannoti cmamove

PACCMAMpUBAlOmcsi OCHOBHbIE CeMelCmed Memooo8 aHAIU3ad MOHANbHOCMU — JIeKCUKOH-
OPUEHMUPOBAHHbIE, KIACCUYECKUE MEMOObl MAWUHHO20 00yYeHUs, 21yOoKuUe HelUpOoHHble cemu U
noO0X00bl Ha OCHOGe mpanchopmepos, a makace npeonazaemcs PoliSent — 2ubpuonas

OUCKYPCUBHO-OPUCHMUPOBAHHASL APXUMEKMYPA O/l AHAIU3A NOTUMUYECKOU MOHATbHOCMU 6
unmepHeme.

PoliSent  obvedunsem  mpu  63aUMOOONONHAIOWUX — UCTNOYHUKA — UHDOPMAYUU:
MHO20A3bIUHbIe  KOHMEKCmHble ambeoouneu, Gopmupyemvie 3nxooepom XLM-RoBERTa,
cneyuanu3uposanusili  noaumudeckuu jaekcuxkow (PoliLex) ¢ yuemom moouguxamopos
MOHANLHOCMU U OMPUYAHULL, A MAKHCEe MOOYIb 2paAp08020 BHUMAHUSA, pAOOMAIOWUL HA OCHO8E
cunmakcuueckux 3zasucumocmeti Universal Dependencies. /[na o6veOunenuss smux npuzHaxos
UCnonb3yemcs o00yuaemvlil MeXaHusM wiiio3oeanus (gating mechanism), a MmHo203a0auHas
@yHKYUsL nomepsb 0becneyusaem coeMecmHoe NPOSHO3UPOBAHUE MOHALHOCMU, NOTUMUYECKOU
RO3UYUU U PUMOPULECKOU MAKMUKU.

Jna oyenxu s¢pgpexmuernocmu moodenu owvin cosoan kopnyc PoliWeb-CA, cooeporcawuii 18
500 nonumuyeckux coobweHull Ha KA3aXCKOM U PYCCKOM SA3bIKAX, COOPAHHBIX U3 MUKPOOI0208,
Kananoe obmena coobweHusMU U KomMmenmapues Kk Hogocmam. Moodenv PoliSent oocmuena
snauenusi Macro-F1, pasnoeo 0,904, u koagpgpuyuenma xoppensyuu Mommoroca (MCC), pasnozo
0,857, npes3oiios 0006yuenuyro mooens KazRoBERTa na 4,6 nynkma no mempuxe Macro-F1 u
3HAYUMENbHO ONnepeous 6ce J1eKCUKOHHble, KiaccuuecKkue u 2nybokue o6azosvie mooenu (p < 0,01,
napuwiti 6ymcempen-ananus). Mccredosanue abasayuu nokasano, ymo Kaxcoblili apXumexmypHbolil
KOMNOHEHM HOCUM CYUeCNBEHHDIL BKILAO 8 UMO208YI0 NPOU3BOOUMETbHOCb, NPU IMOM MOOYTb
BHUMAHUA Ha 2paghe 3a8UCUMOCMmel U JIeKCUYeCcKoe pAcuiupenue cOBMeCmHO 00ecnequsarom
yayuulenue Ha 5,8 NYHKmMa no CPpasHeHuro ¢ KOHMeKCMHbIM 6a308bLM NPeOCmasieHueMm.

Ilonyuennvie  pezynrbmamsl  OEMOHCMPUPYIOM, — YMO  SBHOE  UCHONb308AHUE
JIUHSBUCMUYECKOL  CMPYKMYPbL  COXPAHAEMm C8010 YEHHOCMb 0dadce 8 JNOXY KPYNHbIX
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npeosapumenbHo

OOYUEHHBIX — A3bIKOBLIX  MoOelell, O0COOeHHO O/l  MAl0pPecypCHbIX

Moquozzoeuqecmt 002amviX ROAUMUYECKUX MEKCHO8.

Knrwouesvie cnosa: ananuz moHATbHOCMU, NOIUMUYECKUL OUCKYPC, AHAAU3 MHEHU,
00pabomka ecmecmeeHH020 S3blKA, MpaHchopmepHvle Mooenu, 2pagosvie cemu GHUMAHU,
onpeoeneHue NO3UYUU, MalopecypCHvle A3bIKU, KA3AXCKULL SI3bIK, MHO2O0SA3bIYHASL 00pabomka

ecnecmeeHrHHO20 A3blKdA.
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  k =     p  o −   p  e  1 −   p  e


    S  l e x ( d ) =  1  | d |   ∑  i = 1  | d |    𝜔  i 𝜈  (   w  i ) 𝜎  (   w  i )


  t f i d f ( t , d ) = t f ( t , d ) · l o g   N  1 + d f ( t )


  P ( y = c | x ) =     e    z  c    ∑  k = 1  C    e    z  k


    L  C E = −  1  N   ∑  i = 1  N    ∑  c = 1  C    y  i , c l o g  ŷ  i , c


  A t t n  ( Q , K , V ) = s o f t m a x  (   Q   K ⊤     d  k ) V


    𝛼  i j =   e x p ( L e a k y R e L U (   a  T [ W  h  i ‖ W  h  j ] ) )    ∑  k ∈   N  i  e x p ( L e a k y R e L U (   a  T [ W  h  i ‖ W  h  k ] ) )


   h  i ′ = E L U (   ∑  j ∈   N  i    𝛼  i j W  h  j )


  g = 𝜎 (   W  g [  h  c t x ‖  h  l e x ‖  h  d e p ] +   b  g )


   h  f u s = g ⊙  h  c t x +  ( 1 − g ) ⊙  (  h  l e x ⊕  h  d e p )


    L  f o c a l = −  1  N   ∑  i = 1  N    ∑  c = 1  C    y  i , c    ( 1 −  ŷ  i , c )  𝛾 l o g  ŷ  i , c


  L =   L  C E +   𝜆 1   L  s t a n c e +   𝜆 3   L  t a c t i c +   𝜆 2   L  f o c a l + 𝛽   ‖ 𝛩 ‖ 2 2


  P r e c i s i o n =   T P  T P + F P ,         R e c a l l =   T P  T P + F N


    F 1 = 2 ∗   P r e c i s i o n ∗ R e c a l l  P r e c i s i o n + R e c a l l ,             F 1  m a c r o =  (  1  C )   ∑  c = 1  C    F 1  c


  M C C =   T P · T N − F P · F N    ( T P + F P )  ( T P + F N )  ( T N + F P )  ( T N + F N )

